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Abstract

Reinforcement learning has ventured from tabletop simulators to real robots and

open-world games, but today’s agents still learn with prohibitively low sample

efficiency, ignore the priors encoded in foundation models, and forget most of

what they have seen after a few hundred steps. This thesis pursues a unifying

agenda—efficiently training efficient decision-making agents—through three succes-

sive contributions.

Chapter 3 demonstrates that sample efficiency can be substantially improved

by re-weighting experience toward the transitions that are most informative. An

ensemble-based uncertainty criterion selectively upsamples those rare interactions

that clarify causal structure, enabling offline RL to achieve safe, performant policies

with far fewer gradient updates than uniform replay.

Stronger supervision is possible even when no new interaction data are collected,

provided we can import structure learned elsewhere. Chapter 4 investigates this

idea by tapping the internal representations of large generative vision models. Text-

to-image diffusion backbones, although trained for synthesis rather than control,

accumulate multi-scale spatial and semantic cues that are difficult to rediscover

from scratch in a robotics dataset. By freezing these backbones and projecting their

multi-layer activations into a control-friendly embedding—what we term Stable

Control Representations (SCRs)—an agent starts with a rich inductive prior over

object geometry and language grounding. In manipulation and open-vocabulary

navigation tasks, SCRs cut the number of gradient steps needed to reach a given

return by up to an order of magnitude and consistently outperform contrastively

trained encoders, all without generating a single additional pixel. This result

shows that re-using pretrained knowledge can convert computationally expensive

exploration into cheap representation reuse, markedly improving sample efficiency.

While these chapters focus on learning efficiently, deployed agents must also act

efficiently by leveraging context that spans hours or days. Chapter 5 introduces
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Memo, a transformer policy that interleaves periodic summary tokens with streaming

observations so memory capacity grows gently with task length. To measure such

long-term reasoning, Chapter 6 contributes FindingDory, a procedurally extendable

benchmark family whose 60 tasks probe how well embodied agents store and retrieve

experience.

Together, these works chart a coherent path toward agents that learn quickly,

inherit rich priors, and remember what matters, moving a step closer to

truly lifelong, self-improving intelligence.
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1 | Introduction

Recent advancements in deep learning have significantly accelerated progress in

artificial intelligence. Foundation models—large neural networks trained on vast

web-scale datasets, typically containing on the order of 108–1012 samples aggregated

from the web—have demonstrated remarkable capabilities in generalization, enabling

effective adaptation to new tasks such as question-answering, image captioning,

and code generation without additional fine-tuning. Concurrently, embodied

agents, including robots, virtual assistants, and interactive game characters, are

increasingly deployed to perform complex sequential decision-making tasks in

dynamic environments. However, unlike foundation models, these embodied agents

typically require extensive, task-specific interactions to achieve competence, often

struggling to generalize across variations in tasks, instructions, or environmental

conditions.

This difference highlights a critical motivation in the current state of AI research:

developing intelligent agents capable of efficiently and effectively performing useful

tasks in diverse real-world scenarios. Bridging the strengths of foundation mod-

els—namely, generalizability and efficient reuse of knowledge—and the requirements

of embodied agents—robustness in sequential decision-making and long-term mem-

ory—has become an important objective in modern AI. While initial steps have

been made toward transferring large-scale pre-trained foundational knowledge to

embodied settings, substantial challenges remain in efficiently learning from relevant

experiences, leveraging high-quality visual representations for fine-grained tasks,

and maintaining long-term contextual memory in practical real-time settings.

Addressing these challenges requires:

• Efficient sampling of long-tailed behavior logs. Human-generated demon-

strations naturally result in imbalanced datasets, where critical yet infrequent

scenarios—such as unexpected object occlusions or uncommon interactions—form

only a small portion of the total data. Treating all interactions equally can
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lead to inefficient training and fragile policies. While language modeling

research has begun emphasizing curated, higher-quality training data or adaptive

sampling strategies, similar innovations must be translated into embodied

learning pipelines.

• Identifying effective visual representations for control tasks. Despite

continual improvements in self-supervised and multimodal visual representations,

it remains unclear which existing encoders best support spatial precision required

by manipulation and navigation tasks, particularly when tasks involve language-

based instructions. Selecting or adapting visual backbones suitable for precise

embodied tasks is crucial for transferring the representational strength of

foundation models into the domain of control.

• Scalable long-term context modeling in real-time. Transformer mod-

els’ ability to handle longer context windows has improved dramatically, but

efficiently using very large contexts in real-time scenarios remains challenging.

Embodied agents often need to process and reason over extensive interaction

histories, significantly exceeding typical benchmark scales, without incurring

prohibitive computational latency.

These core challenges motivate the central thesis of this dissertation:

Efficiently training efficient decision-making agents.

We pursue this objective through the following research threads:

Focused sampling during learning. Behavioral datasets inherently exhibit

long-tailed distributions, necessitating strategies to prioritize learning from rare

yet highly informative events rather than indiscriminately collecting more data.

Chapter 3 introduces CLeaR, an uncertainty-driven replay method that dynamically

emphasizes experiences crucial for effective policy improvement. Compared to

traditional uniform replay or fixed heuristic methods, CLeaR significantly reduces

training costs while maintaining or improving policy robustness.

14
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Leveraging existing models and data. At the outset of this research, CLIP

representations were widely adopted in robotics, despite concerns regarding their

spatial fidelity for precise tasks. Chapter 4 demonstrates that internal representa-

tions from text-to-image diffusion models contain both detailed spatial and rich

semantic information beneficial for robotic manipulation and navigation. Our

Stable Control Representations enable effective transfer without requiring extensive

task-specific fine-tuning or large-scale new data collection.

Making use of long-term experience. Despite substantial growth in trans-

former context lengths over recent years, embodied agents typically utilize limited

temporal contexts due to computational constraints. Chapter 5 introduces Memo,

a transformer-based policy incorporating periodic summary tokens to achieve sub-

linear memory usage growth over time, making long-term memory feasible for

real-time inference. To benchmark these capabilities, we introduce FindingDory

(Chapter 6), a procedurally extendable dataset featuring 57 scenarios explicitly

designed to test long-duration memory and reasoning.

Organisation. The thesis is structured as follows: following a comprehensive

background chapter, each research thread described above is detailed in a dedicated

chapter. A concluding discussion explores open questions, such as scaling adaptive

sampling to internet-scale behavioral logs, integrating rich 3D representations from

foundation models into embodied control, and enhancing the feedback loop between

memory mechanisms and exploratory behaviors.

Publications and Impact. The research presented in this dissertation is grounded

in a series of both peer-reviewed and under-review publications. These include

works on adaptive experience prioritization in reinforcement learning ("Can Active

Sampling Reduce Causal Confusion in Offline Reinforcement Learning?", CleaR

2025), leveraging diffusion representations for embodied control ("Pre-trained Text-

to-Image Diffusion Models Learn Versatile Representations for Control", NeurIPS

2024 spotlight), scalable memory architectures for long-horizon agents ("Memo:

Training Memory-Efficient Embodied Agents with Reinforcement Learning", NeurIPS
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2025 spotlight), and benchmarks for evaluating memory in embodied settings

("FindingDory: A Benchmark to Evaluate Memory in Embodied Agents", Under

Review). Together, they have appeared at leading venues, reflecting both the novelty

and relevance of the contributions. Several of these papers have already been cited

and extended by subsequent research indicating that the ideas explored here are

beginning to influence the broader embodied AI community.

Collectively, this dissertation advocates for an integrated approach: prioritize

experiences effectively, utilize existing knowledge intelligently, and retain critical

context efficiently. This strategy provides foundational steps toward creating lifelong,

continuously improving agents capable of robust and efficient performance in diverse,

open-world environments.
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This chapter reviews the three pillars that support the thesis: (1) reinforcement

learning (RL), (2) uncertainty quantification, and (3) modern generative modelling.

The treatment is intentionally tutorial in style—first building the core ideas from first

principles, then positioning the specific methods (e.g. PPO, CQL, deep ensembles)

that re-occur in later chapters.

2.1 Reinforcement Learning

2.1.1 Problem Formulation

We model an environment as a Markov Decision Process (MDP)M =
(
S,A,P , r, d0, γ

)
with state space S, action space A, transition kernel P(s′ | s, a), reward function

r : S ×A → R, initial state distribution d0, and discount factor γ ∈ [0, 1). A policy

πθ(a | s), parameterised by θ ∈ Rd, induces a distribution over infinite horizon

trajectories τ = (s0, a0, r0, s1, . . . ), where s0 ∼ d0, at ∼ πθ(· | st), st+1 ∼ P(· | st, at).
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Return and Objective. The return of a trajectory is R(τ) = ∑∞
t=0 γ

tr(st, at),

and the goal of RL is to maximise the expected return

J(θ) = Eτ∼πθ

[
R(τ)

]
, θ⋆ = arg max

θ
J(θ). (2.1)

Value functions and Bellman operators. The state–value and action–value

functions under π are

V π(s) = Eπ,P
[ ∞∑
t=0

γtr(st, at)
∣∣∣∣ s0 = s

]
, Qπ(s, a) = Eπ,P

[ ∞∑
t=0

γtr(st, at)
∣∣∣∣ s0 = s, a0 = a

]
.

For many algorithms it is convenient to express value updates via the Bellman

optimality operator

(BQ)(s, a) = r(s, a) + γ Es′∼P
[
max
a′

Q(s′, a′)
]
.

The optimal action–value function Q∗ is defined as the unique fixed point of

this operator, i.e. Q∗ = BQ∗. In practice, the expectation over next states is

approximated using sampled transitions.

2.1.2 On-policy Learning

On-policy methods improve the very policy that generates the data they consume.

Each gradient step changes the data-generating policy, which limits the reuse of

past samples when learning the policy directly, favouring stability over raw sample

reuse.

Policy gradient. The policy-gradient theorem yields

∇θJ(θ) = Es,a∼πθ

[
∇θ log πθ(a | s)Qπθ(s, a)

]
.
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Replacing Qπθ(s, a) with a Monte Carlo estimate of the return

Q̂(st, at) =
T∑
t′=t

γt
′−trt′

yields the REINFORCE algorithm [? ]. Introducing a baseline and estimating the

resulting advantage estimator defined as Â(s, a) = Q̂(s, a)−b(s) leads to actor–critic

methods, where b(s) is a baseline, commonly chosen as a learned state-value function

Vϕ(s) to reduce gradient variance.

Proximal Policy Optimisation. Proximal Policy Optimisation (PPO) [135]

constrains each update by clipping the importance ratio ρt = πθ(at|st)
πθold (at|st) and

maximising min
(
ρtÂt, clip(ρt, 1−ε, 1+ε)Ât

)
. The clipped surrogate curbs destructive

steps while retaining the simplicity of vanilla policy gradients. PPO serves as the

on-policy baseline throughout this thesis.

2.1.3 Off-policy Learning

Off-policy algorithms learn from trajectories generated by any behaviour policy µ,

making heavy use of replay buffers and logged data. Key ingredients are:

• Value bootstrapping. Temporal-difference (TD) methods update value

estimates by minimising squared TD errors of the form
(
Qϕ(st, at)− yt

)2
, where

the target yt bootstraps from subsequent value estimates. Because the target

depends on the current parameters (or their delayed copies), learning corresponds

to approximate fixed-point iteration rather than optimisation of a single static

objective. Target networks or double estimators are commonly used to stabilise

this process.

• Importance sampling. When explicit corrections for the ratio π/µ are feasible,

they provide unbiased value estimates at the cost of higher variance.

• Actor–critic methods. Actor–critic algorithms maintain both a policy πθ

and a value function Qϕ or Vϕ, using the critic as a low-variance proxy for
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long-horizon returns. While actor–critic methods can be on-policy or off-policy,

many modern off-policy algorithms (e.g. TD3, SAC) fall into this class.

A note on offline RL: Offline (batch) RL is characterised by a fixed dataset

collected a priori, with no further environment interaction. While offline RL

often involves learning a policy different from the behaviour policy (off-policy),

the defining challenge is learning under severe distribution shift rather than only

off-policy evaluation. These issues are the focus of Chapter 3.

2.2 Uncertainty Quantification

In both control and perception systems, acting without an estimate of confidence

can lead to unsafe or sub-optimal behaviour. We distinguish two types:

• Epistemic uncertainty (knowledge uncertainty) stems from limited data and

can, in principle, be reduced.

• Aleatoric uncertainty (intrinsic noise) is irreducible given the input.

2.2.1 Deep Ensembles

Training M independent models {f (m)}Mm=1 with different random initialisations or

data resamplings yields simple yet powerful epistemic uncertainty estimates [83].

The predictive mean f̄(x) = 1
M

∑
m f

(m)(x) is used for inference, while the variance

Var
[
f (m)(x)

]
= 1
M − 1

∑
m

(
f (m)(x)− f̄(x)

)2

serves as an epistemic uncertainty proxy.

2.2.2 Active Learning and Active Sampling

Active learning (supervised setting). Classic active learning assumes a

large pool of unlabelled inputs X = {xi}Ni=1 and a costly labelling oracle. The

learner iteratively selects a query subset Q ⊆ X , receives ground-truth labels
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{yi}xi∈Q, updates its hypothesis fθ, and repeats. The crux is the acquisition

function a(x; θ)—a scalar scoring rule that ranks points by their expected utility.

Throughout this section, θ denotes the parameters of the predictive model being

trained; acquisition functions are deterministic functions of the model’s current

state and do not introduce additional learnable parameters unless stated otherwise.

Popular choices include

• Uncertainty sampling: pick the inputs with largest predictive entropy or

smallest margin [88, 138].

• Query-by-committee: use an ensemble; select points on which committee

members disagree most [139].

• Expected model change / error reduction: estimate how much updating

on a candidate would shift the parameters or reduce the generalisation error [25].

Active sampling (limited-data setting). When labels are already available—as

in offline RL or in fully annotated vision datasets—the budget constraint shifts

from labelling cost to gradient-budget (how many examples can reasonably be

processed per update). Here the goal is to re-weight or sub-sample the fixed set

D = {(xi, yi)} so that learning focuses on the most informative or mis-predicted

instances. Concretely, active sampling instantiates a probability distribution

psample(i | θ) ∝ a
(
(xi, yi); θ

)
,

and draws the next minibatch from that distribution. Unlike pool-based active

learning, no new labels are queried; only the presentation order and frequency of

existing samples change.

RL analogues to active learning and sampling.

• Online RL. Uncertainty-guided exploration chooses state–action pairs that max-

imise epistemic uncertainty (e.g. bootstrapped DQN [112], optimistic posterior

sampling [130]). The acquisition function influences which new transitions are
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collected.

• Offline / replay-buffer RL. Prioritised Experience Replay (PER) [134] is an

early form of active sampling: transitions with large temporal-difference (TD)

errors, defined as

δt = rt + γmax
a

Q(st+1, a)−Q(st, at),

are replayed more often. Recent work extends PER with model-based epistemic

uncertainty, ensemble variance, or information-gain criteria, targeting under-

represented, high-leverage parts of the dataset.

Why distinguish the two? Active learning asks “which new label should I

buy?” ; active sampling asks “which existing labelled example should I study next?”.

Both rely on acquisition functions, but they differ in the resource that is scarce

(labels vs. gradient updates) and in the impact on the data distribution (querying

enlarges D; sampling re-weights it).

2.3 Transformers for Generative Modelling

Generative modelling seeks a parametrised distribution p̂θ(x) or conditional distri-

bution p̂θ(x | c) whose samples are indistinguishable from those drawn from the

true data distribution, given optional conditioning information c (e.g. text prompts,

class labels, or context). Among the many families proposed over the past decade,

the transformer has emerged as the dominant work-horse—remarkably capable of

aligning to diverse modalities once the raw signal is cast into a sequence of discrete

tokens. This section reviews the core mechanics that make transformers a natural

fit for the sequential decision-making problems addressed later in the thesis.

2.3.1 Architecture and Self-Attention

A transformer layer replaces recurrence with a self-attention operation. Given query,

key, and value matrices Q,K, V ∈ RL×dk derived from the input sequence of length
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L, attention computes

Attn(Q,K, V ) = softmax
(
QK⊤/

√
dk

)
V,

so every position aggregates information from all others in a single matrix multi-

plication. Multi-head attention repeats this operation h times with independent

projections, then concatenates the heads; stacking N such blocks with feed-forward

layers yields a depth-N transformer in which each layer can model relationships

across the full context.

Each transformer block contains learnable projection matrices for the query, key,

and value mappings, as well as output projections, followed by a position-wise feed-

forward multilayer perceptron (MLP). Layer normalisation and residual connections

are applied around both the attention and MLP sublayers, yielding the standard

Transformer encoder architecture [159]. All such weights collectively constitute the

model parameters θ.

Tokenisation. Images can be broken into patches [158], audio can be framed

[11], and continuous control states can be vector-quantised [53], all producing a

uniform token interface when the aforementioned quantities are passed through an

embedding layer. The same architecture can therefore serve language, vision, and

robotics once modality-specific front-ends perform the discretisation.

2.3.2 Training and Inference

With causal masking, a transformer is trained by maximum-likelihood estimation to

predict the next token, giving the factorisation

pθ(x1:L) =
L∏
t=1

pθ
(
xt | x<t

)
.

Because all targets are known, gradients can be computed in parallel over sequence

positions, making training throughput limited mainly by hardware. Generation, in

contrast, is autoregressive: tokens are sampled one at a time and fed back into the
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model, so inference latency scales linearly with output length.

2.3.3 Context Processing and Scaling Limits

Each attention layer incurs O(L2) time and memory, constraining the context

length L that fits on present-day accelerators. Sparse kernels, linear attention, and

recurrence relax but do not eliminate the quadratic wall; efficient context handling

therefore remains a key research axis—especially for robotics, where long sensory

histories matter. Despite this cost, scaling depth (N) and width (dk) reliably

improves performance, a phenomenon captured by empirical scaling laws that hold

across modalities [69].

2.3.4 Roles in Sequential Decision Making

Given their expressive sequential modeling abilities, transformers have penetrated

the RL toolkit in three complementary roles:

1. World models that roll out future sensory streams, giving planners a rich

imagination without extra environment queries. While powerful, world models

are not studied further in this thesis and are mentioned here for completeness.

2. Policy networks that map tokenised state sequences to action distributions,

benefiting from the model’s ability to pool information over long horizons.

3. Value critics whose global receptive field over time (long histories) and, where

applicable, observation structure (e.g. spatial or multi-modal inputs) sharpens

credit assignment in delayed-reward tasks.

These roles motivate the memory-efficient transformer architecture introduced later

(Chapter 5) and the long-horizon benchmarks of Chapter 6.
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3.1 Introduction

Offline learning offers opportunities to scale reinforcement learning to domains

where offline data is plentiful but online interaction with the environment is costly.

The central challenge of offline reinforcement learning is that the effects of actions

must be inferred from a fixed dataset, without the ability to perform targeted

interventions or collect counterfactual experience. As a result, learning reliable

action–outcome relationships depends critically on the coverage of the dataset over

relevant states and actions. In the absence of online interactions, our hope is that

the dataset uniformly covers an exhaustive set of plausible scenarios. This is often

not the case in datasets for robotic control, where the state–action distribution

exhibits a long tail of rare but important events that are sparsely represented in

the data.

This work focuses on failure modes that arise when learning from such imperfect

datasets. We distinguish between spurious correlations and causal confusion, terms

often used interchangeably but representing meaningfully different phenomena.

Spurious correlations arise when the agent observes variables that correlate with

reward or success during training, even though these variables have no causal

influence on the outcome. The misuse of these features is an optimisation artifact:

models trained with gradient descent naturally exploit any predictive statistical

pattern available in the data, even when the underlying mechanism does not

support that dependence. This is especially pronounced in models trained on

high-dimensional visual inputs, where it is far easier for neural networks to latch

onto shortcuts—such as background co-occurrence cues—than to extract the true

causal structure of the scene [17, 49].

In contrast, causal confusion refers to cases where the agent lacks access to the

true causal variables or their interactions, typically due to unobserved confounders

or unmodeled aspects of the environment. As clarified by prior work [38], causal

confusion occurs when multiple causal explanations are consistent with the observa-

tions in the offline dataset, making it impossible for a policy to correctly attribute

26



University of Oxford

which variables drive downstream outcomes. For example, if an unobserved variable

influences both a reward and an observed feature, the agent may incorrectly treat

the observed feature as causally relevant.

In practice, offline RL datasets often exhibit both issues: spurious visual features

that correlate with reward, and ambiguous causal structures in regions of poor

dataset coverage. By the above distinction, many of our experimental scenarios

involve spurious correlations; we nevertheless adopt the term causal confusion for

alignment with the established terminology in earlier work.

To illustrate, consider a case where an agent consistently observes variables X and

Y together whenever reward R occurs, and R depends causally on Y but not on X.

If X is observed, the agent may simply exploit the correlation between X and R (a

spurious correlation). If instead a hidden confounder jointly generates X, Y , and

R, the agent has no way to disambiguate the true causal mechanism, leading to

causal confusion. Problematically, when the correlation between X and R breaks

at deployment time, a model that relies on either form of misattribution can suffer

sharp performance degradation.

Although spurious features might not perfectly explain all the input-label pairs in

offline data, optimisation methods such as stochastic gradient descent benefit from

correlations in the data when seeking to reduce the training loss. Therefore spurious

correlations are unwittingly transferred from the data to the mechanisms of learned

models. This phenomenon is especially pronounced in models trained on high-

dimensional visual inputs, since extracting the true causal factors of an environment

(and their interplay) from an image is a particularly difficult problem. On the

other hand, it is noticeably easy for neural networks to find shortcuts for prediction,

for instance, using co-occurrence patterns between objects and backgrounds to

successfully perform object detection, as has been extensively documented in the

computer vision literature [17, 49]. Several works have also reported causal confusion

in control policy learning and used heuristic loss re-weighting or dataset-balancing

schemes based on domain knowledge of the prediction task to reduce the amount
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of causal confusion in the learned models [167, 81]. However, these heuristics

require a practitioner to know the source of causal confusion a priori since they

explicitly upweigh the loss for specific spurious-correlation-breaking samples in the

dataset [166, 165]. While this may be limiting in practice, the success of these

heuristics demonstrates that it is possible to recover less causally-confused models

from a fixed dataset, as long as we have access to an oracle sampling scheme for

the training data.

This insight suggests that causal confusion in learned models may primarily be

an artifact of the optimisation procedure and raises the question of whether

systematically providing data points that expose spurious correlations to the

optimizer may allow alleviating causal confusion. Unfortunately, in practice,

identifying such sets of data points for a given task is challenging. Furthermore,

naive sampling schemes, such as uniform sampling from the dataset for a sufficiently

long training horizon, may eventually be able to resolve causal confusion in a learned

model. For instance, if a model has achieved close-to-zero loss on the dominant

scenarios, high loss from the tail-cases may begin to influence optimisation. However,

even if such naive approaches were successful at partially or fully resolving causal

confusion, for reasons of computational efficiency and predictive performance (e.g.,

early stopping), their practical usefulness would be limited.

In this chapter, we investigate the efficacy of data sampling strategies in mitigating

causal confusion in offline reinforcement learning from datasets exhibiting causal

ambiguity. Our contributions can be summarised as follows:

1. We design three decision-making tasks to study causal confusion in offline RL

from visual inputs: a grid-world simulation of traffic-light navigation; a maze

navigation task with goals correlated to a fixed position in the maze; and a

car-racing game with highly-correlated action sequences across time.

2. We study uncertainty-based and loss-based active sampling techniques and

find that active sampling alleviates causal confusion in offline training and

yields a higher reward at evaluation.
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3. We further show that active sampling is able to alleviate causal confusion at a

significantly higher sample efficiency than naive uniform sampling, and that the

usefulness of active sampling in alleviating causal confusion is highly related

to the quality of predictive uncertainty estimates used in the best-performing,

uncertainty-based acquisition function.

Our work suggests that in many cases we may not have saturated our datasets and

can push the capabilities of offline reinforcement learning agents by optimising on

the long tail of the data. We show that simply showing the same training dataset

according to a better distribution to a model during training could be a viable

strategy to explore before investing efforts in collecting more high-quality data or

exploring larger models.
Our results demonstrate that while dominant spurious correlations in large offline

datasets may lead to poor performance, and hence to harmful decision-making at

deployment, active sampling techniques can significantly reduce the negative effects

of spurious correlations on offline RL agents and that they are able to do so with

high sample efficiency.

The study conducted in this chapter is located at the intersection between the fields

of reinforcement learning and Bayesian active learning, which we will now describe

in Sections 3.2 and 3.4.

3.2 Preliminaries

The study conducted in this chapter is located at the intersection between the

fields of reinforcement learning and Bayesian active learning, which we described in

Chapter 2.

Offline RL algorithms aim to learn a policy by estimating a policy-dependent action-

value function from a static dataset, and iteratively improving the policy under

conservative value estimates. This is learnt from a static dataset of transitions

D = {(s, a, r, s′)} collected by a behaviour policy πβ. Since the agent does not

interact with the environment, naively using online RL techniques in the offline case
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leads to value function overestimation on unseen states and actions. This happens

because bootstrapping on out-of-distribution actions in the bootstrapped target

can propagate erroneously high values from the next state’s value estimate into the

update. Thus, algorithms based on the pessimism principle of underestimating the

Q-values to optimise the worst-case regret bound have been successful at learning

policies from datasets containing either good coverage of the state–action space or

high return trajectories [80, 79, 22, 12].

Prior work categorised pessimistic offline RL algorithms into (1) proximal and (2)

uncertainty-aware algorithms [22]. The former penalises action-value estimates based

on deviations from the actions seen in the dataset, while the latter conservatively

updates the value functions, taking the uncertainty of their targets into account.

Proximal pessimistic algorithms like CQL, BEAR [79, 80] are known to work well

with exactly the kind of narrow and biased data distributions that are most prone

to causal confusion [48]. We, therefore, analyse the proximal class of algorithms in

this work and leave the study of causal confusion in uncertainty-aware pessimistic

offline RL algorithms to future work.

Conservative Q-Learning. We choose CQL [80] as an instantiation of a proximal

pessimistic offline RL algorithm in our experiments, due to its simplicity and strong

performance on offline RL benchmarks.

The CQL critic objective combines a policy-dependent temporal-difference (TD)

term with a conservatism penalty that constrains deviations from the behaviour

policy. Formally, it is written as:

LCQL
critic(θ) = 1

2 E
(s,a,s′)∼D

[(
Qθ(s, a)− BπθQθ̄(s, a)

)2
]

+ α0 E
s∼D

[
log

∑
a

expQθ(s, a)− E
a∼πβ

[Qθ(s, a)]
]
, (3.1)

where:

• α0 controls the degree of conservatism.
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• πθ is the learned policy associated with Qθ.

• θ̄ denotes the parameters of a target network, which is a lagged copy of θ used

to stabilise the bootstrapped TD updates.

• Bπθ is the policy-dependent Bellman backup operator,

(BπθQ)(s, a) = r(s, a) + γ Es′∼P
[
Ea′∼πθ(·|s′)Q(s′, a′)

]
.

This distinguishes it from the classical Bellman optimality operator that defines

Q∗.

The squared term in Equation (3.1) corresponds to a TD error relative to the

policy-dependent target,

δ(s, a, s′) = Qθ(s, a)− BπθQθ̄(s, a),

which measures the inconsistency between the current critic and its conservative

backup.

The second term encourages conservatism by penalising Q-values for out-of-distribution

actions relative to the behaviour policy πβ observed in the dataset D.

3.3 Related Work

Causal Confusion in Supervised Policy Learning. Several works in offline

imitation learning have proposed solutions to mitigate causal confusion. de Haan

et al. [38] demonstrated causal mis-identification in models trained on expert

trajectories collected in the Mountain-Car and CARLA simulators [148, 40] where

inputs were augmented with the previous control command taken by the acting

agent. They proposed to resolve the confusion through a scheme to query an expert

or collect additional rollouts in the environment to refine a learned causal graph that

conditions a learned policy. Wen et al. [165] propose adversarial training to prune

out any known sources of spurious correlations from the policy’s representation,
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for instance, the previous control commands given to a robot; Wen et al. [166]

propose re-weighting the losses of data points based on the loss of a model trained

with just the spurious correlates as the input; OREO [117] regularises the model’s

representation to be invariant to any individual object being dropped out in a scene.

Lee et al. [87] propose training a diversified policy ensemble for imitation learning

in the case when perfect spurious correlations exist in the data and later select from

these hypotheses based on validation data Causal Confusion has also recently been

studied in reward-learning from preferences [155], where spurious correlations can

be drawn between a human evaluator’s preferences and certain actions or parts of

the state space, for tasks in the Assistive gym [44]. For instance, a reward model

trained to classify or rank trajectories for a feeding task can easily learn that higher

force correlates to higher reward since a certain level of force needs to be inserted

in the direction of the mouth in all preferred trajectories.

Active Sampling. The analysis in this work is inspired by the approach presented

in Jesson et al. [66], which considers the problem of treatment effect estimation in

settings where we wish to be sample-efficient in terms of querying for outcomes of

costly experiments. Jesson et al. [66] propose several causality-inspired acquisition

functions that prefer data points that have both high variance in their estimated

outcomes and that correspond to covariates with considerable overlap in the dataset.

In Q-learning-based RL algorithms, Prioritised Experience Replay [133] is a non-

Bayesian loss-based sampling scheme proposed for off-policy learning. It computes

acquisition scores based on the TD-error of transitions and has not been studied in

offline RL.

Ensemble Models in RL. Ensembles have been studied extensively to guide

exploration in online RL [113, 86], and recently to construct adaptive pessimism

constraints in offline RL, to disincentivise uncertain actions from having high

estimated returns. It was recently also shown that significantly increasing the size

and diversity of the ensembled critic in Soft-Actor-Critic [55] performs competitively

with state-of-the-art offline RL algorithms [8]. We are not aware of any prior work
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that has explored how uncertainty about the value function can be used to sample

state transitions in RL.

AI Alignment. AI alignment seeks to align the behavior of agents with the

intentions of their creators by investigating the incentives behind demonstrated

tasks. Recent work on Goal Mis-generalisation [84] explores how online RL agents

in Procgen [33] can get confused about the goal they are pursuing since those goals

co-occur with irrelevant artifacts in the environment most of the time. In this case,

the specification is correct, but the agent still pursues an unintended objective (as

opposed to poor reward definitions that predictably lead to reward hacking).

3.4 Alleviating Causal Confusion in Offline RL via Active

Sampling

In this section, we provide a brief introduction to terminology in the field of causal

inference and discuss how active sampling can be seen as facilitating efficient causal

discovery on offline (observational) data. We follow this with relevant background

on active sampling and describe the active sampling schemes we use in this work in

conjunction with offline RL.

3.4.1 Conditional Average Treatment Effect Estimation

from Causally Ambiguous Data

In this section, we discuss a causal interpretation of our approach which employs

active sampling as a tool for causal discovery. We start by describing quantities

of interest in the field of causal inference and their connection to Q-values (and

derived quantities) used in RL.

Treatment-effect estimation, where the goal is to estimate the effect of a treatment

T ∈ T on the outcome Y ∈ Y for individuals described by covariates X ∈ X , is

a central problem in causal inference. In particular, we may wish to estimate the

expected difference in potential outcomes for individuals when subjected (t = 1)
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or not subjected (t = 0) to a treatment t, measured by the Conditional Average

Treatment Effect (CATE, Abrevaya et al. [1]), defined as

τ(X) ≡ E[Y | x, t = 1]− E[Y | x, t = 0]. (3.2)

Here the treatment t is often considered to be a binary variable, but the definition can

be extended to the multivariate case with continuous or discrete values. Realizations

of the random variables X,T, Y are denoted by x, t, y, respectively. The set of

assumptions needed to ensure identifiability of the CATE estimator are listed

in [128].

To frame the problem of disambiguating the effect of different actions (i.e., treatments

t ∈ T ) in a given state (i.e., a set of covariates x ∈ X ), we frame estimation of the

advantage functions A(s, a) = Q(s, a)− V (s) in reinforcement learning as CATE

estimation [115]. In particular, the outcome Y corresponds to the Q-function

(i.e., the expected return) for a given state–action pair, and we can express the

corresponding CATE estimator as

E
[ ∞∑
t=0

γtr (st, at) | st = s, at = a

]
− E

[ ∞∑
t=0

γtr (st, at) | st = s

]
(3.3)

= Q(s, a)− V (s) = A(s, a), (3.4)

which indicates the advantage of executing an action a at state s as opposed to any

other alternative action. With this connection established, we can now cast active

sampling of data points to estimate a value or advantage function, as a sequential

process of accurately estimating treatment effects.

3.4.2 Active Sampling

Active sampling techniques are used to selectively sample from a given dataset

during training to enable sample-efficient learning or to improve learning from noisy

data [93, 106]. To perform active sampling, data points are scored according on

a given acquisition function, and a small number of points are sampled based on
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these scores using a pre-specified weighting scheme. Similar to active learning, the

acquisition functions are often information-theoretic quantities and seek to reduce

the uncertainty about model parameters by acquiring informative data points. In

this work, we build on Jesson et al. [66] and study whether active sampling can

enable sample-efficient resolution of causal confusion in models trained on long-tailed

datasets.

In particular, the focus of this work is to investigate whether active sampling

techniques can alleviate the negative effects of causal ambiguity in state–action

trajectories used in offline RL—without necessitating any modifications to the

learning objective. Algorithm 1 describes the procedure for CQL, integrated with

our proposed method for active sampling of state transitions. The modifications

from uniform sampling are highlighted in blue. As we noted earlier, causal confusion

in policy learning has been observed to occur due to insufficient exposure of a

model to the rare scenarios that make up the long tail of the dataset it is trained

on. These data points are unknown in advance, and we hypothesise that a good

approach to finding them is to compute the epistemic uncertainty or the loss of the

training model of each point in the dataset. We will thus define a set of loss-based

and uncertainty-based acquisition functions, which we will use to perform active

sampling, next.

Uncertainty-based Sampling. We aim to sample state transitions for which

the learned Q-network is uncertain about the value of either the action observed

in the dataset, aβ ∼ πβ(s), or the greedy action under the current policy, a∗ =

arg maxaQθ(s, a).

To model epistemic uncertainty in the learned Q-function, we construct an ensemble

of M Q-networks {Qθi}Mi=1, each trained independently on the same dataset D and

equipped with its own target network {θ̄i}i, following prior work (e.g., Ghasemipour

et al. [50]). For a given state–action pair (s, a), the TD target for ensemble member

i is

yi = r(s, a) + γ Es′∼P

[
Ea′∼πθi (·|s′)Qθ̄i(s′, a′)

]
,
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so each member bootstraps its own policy-dependent estimate Qπθi .

A naive variance over Q-values can be misleading due to noise introduced by iterative

bootstrapping. Instead, we compute advantage estimates to obtain a policy-relative

measure of uncertainty. For ensemble member i, the advantage is defined as

Aπθi (s, a) = Qθi(s, a)− Vθi(s), Vθi(s) =
∑
a

πθi(a | s)Qθi(s, a),

where Vθi(s) denotes the state-value under member i’s policy. In practice, πθi is

represented by a softmax over Qθi(s, ·), yielding an approximation to the policy-

dependent value function.

The advantage function represents a causal quantity that captures the relative effect

of an action on the expected return at a given state. Our acquisition score for

uncertainty-based sampling is therefore

Vari
[
Aπθi (s, a)

]
,

the variance of the advantage estimates across ensemble members.

We consider two variants:

• Variance-greedy: compute the variance for the greedy action, a = a∗.

• Variance-data: compute the variance for the behaviour policy action, a = aβ.

All ensemble members share the same architecture and ensemble size across all

sampling schemes, including uniform sampling baselines, to ensure a fair comparison.

Loss-based Sampling. We sample transitions based on their Temporal Difference

error similar to Prioritised Experience Replay (PER; Schaul et al. [133]) and refer

to this variant as TD-Error.

We discuss a causal interpretation of our active sampling approach in Section 3.4.1

and explain how it relates to causal discovery of accurate treatment effects from

offline data.
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Algorithm 1 Conservative Q-Learning ( + active sampling)
1: Initialise ensemble Q-function Qθ, nep=epochs, dsz=dataset size, bsz=batch size,

T=steps-per-epoch.
2: for epoch e in {1, . . . , nep} do
3: for step t in {1, . . . , T} do
4: compute scores acqi over Dtrain = [si, ai]dsz

i=1 according to the acquisition
functions in Section 3.4.2

5: acqi = acqi∑dsz
j=1 acqj

(normalise scores)

6: sample batch B = [si, ai, s′
i, ri]bsz

i=1 from Dtrain according to a categorical
distribution with probabilities acq

7: Train the Q-function on Dtrain using objective from Equation (3.1)
8:
9: end for

10: end for

3.4.3 Computing Acquisition Scores

In practice, computing the acquisition scores over all the transitions in the dataset

can be both expensive and redundant since high-error or high-uncertainty points

will likely stay high over a short window of subsequent gradient steps. Thus, we only

recompute all the scores after every n gradient steps and vary n as a hyper-parameter

in our experiments.

Later in Section 3.6.3, we will also explore a scheme where scores are recomputed

only over sampled batches, as done in Prioritised Experience Replay (PER). This is

an approximation where a priority queue is maintained and the priority of every data

point is derived from the TD-Error computed on it. In this case, the priorities are

only updated for a small subset of points at every gradient step, since the acquisition

scores are only recomputed on the data points in the sampled batch, potentially

leading to many points in the replay buffer with stale scores. We adopt the same

implementation as that of PER with the scores for the priorities coming from the

TD-error and Variance estimates. We include further details about this procedure

in the appendix. We refer to the above two cases by appending -dataset and -batch

to the names of the sampling schemes to indicate that scores are recomputed for

the entire data versus just the sampled batch respectively.
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3.5 Experiments

In this section, we first describe the experimental setup and evaluation protocol (in

Section 3.5.1). Next, we introduce the different benchmark domains and present

the results of the corresponding empirical evaluations (in Sections 3.6.1 to 3.6.4).

3.5.1 Experiment Design

We focus on investigating the following questions through our experiments: (1)

Can causal confusion be consistently observed in offline RL agents when training

on a fixed, pre-collected dataset of transitions with long-tailed coverage?

(2) Can active sampling based on a model’s predictive uncertainty, or its loss, help

in alleviating the effects of causal confusion? (3) To what extent does the quality of

predictive uncertainty estimates affect predictive performance and sample efficiency

gains under uncertainty-based active sampling?

To answer these questions, we modify three reinforcement learning environments

(MiniGrid, Atari, and Procgen) to either include a realistic spurious correlate in the

observations or bias the sampling of episodes. The specific modifications ensure that

a demonstration dataset collected in these environments produces causally-confused

agents when trained with an offline RL algorithm with uniform sampling of the data.

The modifications are described and motivated further in the following sections.

Prior work on causal confusion, largely in the domain of imitation learning, has used

a training protocol where training is terminated once a model reaches a sufficiently

low loss [38]. The last checkpoint is then evaluated in the environment to report the

achieved reward. This procedure, however, does not capture the full picture and

disregards certain practical considerations of training neural networks—especially

in the offline RL setting—for the following two reasons:

1. This approach cannot be adopted to offline RL as offline RL training does not

lead to monotonically increasing performance, and the Q-function starts to

excessively optimise the conservatism penalty after a certain point in training.
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Approaches to perform early stopping in offline RL recommend termination

based on statistics independent of the loss curves [80, 3].

2. Scenarios occurring in the long tail of a demonstration dataset for a task will

appear less frequently when episodes are sampled uniformly from the task

environment for model evaluation. In this case, computing the validation loss

over a uniformly sampled test set or average evaluation reward over uniformly

sampled episodes will not accurately reflect the model’s progress in resolving

causal confusion in this environment.

To address these issues, we adopt two measures: First, we evaluate the reward at

the end of every epoch (as commonly done in offline RL) and continue training

until the reward saturates. This allows us to measure both whether active sampling

can recover the rewards achieved by uniform sampling in fewer steps and also

whether it achieves a higher maximum reward. Second, we design the evaluation

environment episodes in a way that allows isolating the causally confused behaviour

and identifying whether causal confusion has been resolved. This amounts to doing

a scenario-driven evaluation for the toy environments in which we know what the

spurious correlate is by constructing all possible scenarios with and without the

spurious correlate present. This process is described in more concrete terms for the

Traffic-World MiniGrid environment in Section 3.6.1.

3.6 Evaluation Metrics

We present the reward curves directly in most of our experimental reporting.

The curves are computed by taking the inter-quartile-mean (IQM) across seeds

as proposed by Agarwal et al. [5]. We report the number of seeds used for all

experiments in Appendix A.4.

Offline RL training performance is known to be non-monotonic, unlike supervised

learning where the accuracy (or loss) increases (decreases) and then saturates.

Often the reward curves start to decrease after a period when overfitting to the

data-action values (through the conservatism penalty) starts to happen. Since we
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define deterministic benchmark environments testing all the tail-scenarios in the

case of Traffic-World and Maze experiments, we can consider any point on the curve

where the model solves the highest number of environments (achieves the highest

reward) as the point of convergence (as opposed to it being a noisy spike due to

stochastic evaluation). This is similar to taking the max-reward checkpoint as done

in [4]. However, to ensure that the solutions learned by any method are recoverable,

we want to be able to get a good checkpoint from the model without needing to

evaluate it too often. Thus we consider a method as having achieved higher reward

than other methods at any point in time if it maintains this gap for at least two

subsequent post-epoch evaluations. This is akin to taking a windowed-max over

the reward curves.

We will now describe each benchmark environment and discuss the performance of

the proposed active sampling schemes in their respective sections.

3.6.1 Illustrative Example: Traffic-World

The autonomous driving literature cites many examples where models trained on

large datasets are very performant but exhibit causal confusion on the tail cases of

their operational domain, for instance: (1) self-driving agents stopping at pedestrian

crossings regardless of whether a pedestrian is present or not since the two often

co-occur; (2) agents that simply try to cruise if they know their current speed

since expert driving datasets contain cruising behaviour in a large fraction of each

trajectory.

We build on the traffic gridworld environment proposed in [95] (shown in the left

panel of Figure 3.1), where an agent (red triangle) starts at the leftmost point

in a row behind randomly initialised leading vehicles (blue circles), and needs to

cross a traffic light to reach a goal location (green square) on the right side of

the grid. We collect data such that the probability of the traffic light turning red

becomes lower as the agent approaches it, and so the data distribution contains: (1)

mostly episodes where the light is green throughout the episode, (2) some episodes
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Figure 3.1: Traffic-World: Left Top: The leading vehicle is static causing the top-left
tile to flash yellow. Left Bottom: The agent is in front of a red light, and the top-left tile
is not yellow since the agent is not blocked by the leading vehicle. Right: Reward curves
for agents trained on data not exhibiting causal ambiguity (green) and data exhibiting
causal ambiguity (others), i.e. data without and with a spurious correlate respectively.

where the traffic light is red and the agent has to wait behind the vehicle in front

(referenced here onward as the leading vehicle) before the light turns green again,

and (3) only a couple of episodes where the light turns red with the agent at the

front of the traffic queue.

In this setup, the agent could simply learn to follow the leading vehicle, instead of

learning traffic light rules. To test causal confusion explicitly here, we introduce a

related spurious correlate: a flashing yellow tile at the top left of the grid (emulating

the brake lights on a leading vehicle), that is yellow whenever the leading vehicle is

stopped or blocked, and grey otherwise. The agent could follow this as an indicator

of whether to stop or go ahead, and this policy’s actions would be optimal for 98%

of the data points.

We now define four instances of this environment that constitute our evaluation set,

and we average the reward over these when reporting the results. The first three

instances cover tail-cases, and the last one covers the majority case of scenarios

that occur in our 7000-episode dataset:

1. simple-green-with-tile: The agent is unobstructed; the traffic light is green;

the tile flashes yellow. This tests whether the agent relies on the tile to decide

when to move.
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2. simple-red-no-tile: The agent is unobstructed; the traffic light is red; the

tile does not flash yellow. This tests whether the agent relies on the tile to

decide when to stop.

3. traffic-light-switches-with-tile: The agent starts behind traffic; the traffic

light switches to red for some time steps when the agent reaches it; the tile

flashes according to the leading vehicle.

4. always-green-with-tile: This is a trivial episode with traffic where the agent

can simply reach the goal without needing to navigate a red light since it is

always green.

Figure 3.1 shows the evaluation curves of CQL agents trained with uniformly-

sampled data, with and without the yellow tile present in images in the dataset.

We see that the performance of the former agent degrades and it takes 4× the

number of gradient steps to converge to the solution of the latter agent which is

trained without the spurious correlate present. Also shown are the active sampling

variants (TD-Error, Variance-greedy and Variance-data) trained with the spurious

yellow tile, which perform very similarly to uniform sampling without the spurious

correlate present. From the plots, we see that for the TD-error variant there is

high variance across seeds; thus the inter-quartile mean of the average rewards

across seeds is lower than the maximum achievable reward, although good solutions

were found for some random seeds very early in training. We also see that the

Variance-based versions recover a good solution quickly.

3.6.2 Assessing Generalization in Offline Reinforcement

Learning: Procgen

The Maze environment in Procgen [33] defines a navigation task where the agent

starts at the bottom left in the maze and receives a reward of +10 upon successfully

reaching the goal which is sampled at any valid location in the maze. Langosco et al.

[84] recently showed that an agent trained on a series of environments with the goal

always at the top-right will be causally confused about the source of the reward
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Figure 3.2: (Maze) Rewards curves of different agents trained on a skewed dataset
containing 6000 episodes with a fixed goal at the top-right and 200 episodes with a
randomly sampled goal in Maze. We see that the agents trained with uniform sampling
and active sampling perform similarly on the fixed goal evaluation environment (right), but
the active sampling variants achieve a higher reward in the environments with randomly
sampled goals (left). This verifies that the model is not just performing well in one of
the two kinds of environments and the reason behind the lower performance of uniform
sampling, in this case, is causal confusion about the location of the goal.

and will still navigate to the top-right even when the goal is sampled elsewhere.

We generate a skewed mixture dataset containing mostly episodes where the goal is

sampled at the top-right, and a few episodes where the goal is sampled randomly.

Further details about the collection are described in the Appendix. Figure 3.2 shows

the evaluation performance of random and active sampling agents trained on this

mixture dataset. The left and right plots show the performance when the goals are

sampled randomly and from the top-right in the evaluation environment, respectively.

We observe that active sampling recovers the maximum performance achieved by

uniform sampling in half the number of training steps. On this benchmarking

task, the gains from active sampling are largely in terms of training efficiency since

both active and uniform sampling variants saturate to similar final rewards in the

environment with randomly sampled goals. We plot the computation time for the

uniform and active sampling variants in Figure 3.5 in the appendix and note that

variance-based sampling reaches the highest-score achieved by uniform sampling in

lesser wall-clock time. Qualitative evaluations show that uniform sampling agents

which achieve a lower reward still successfully navigate to the top-right corner of

hard mazes, and are therefore only confused about the location of the goal.

It is important to note that if the evaluation environments considered here had
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Figure 3.3: Comparison of active and uniform sampling agents on Enduro. On the left
is the comparison in the -dataset case, and on the right is the case with -batch sampling
where scores are incremented and updated based on the sampled batch. We see an increase
in the number of gradient steps it takes the -batch case to reach the highest possible
reward.

followed a distribution of scenarios similar to the training data distribution, then

we would have observed saturation of the evaluation reward somewhere between

10,000–20,000 gradient steps. This is because the evaluation performance on the

environments with the fixed goal, which occurs much more frequently, saturates at

this point. An active sampling model on which early-stopping would be performed

based on the validation loss, would then have fared much better on the tail

case of randomly-sampled-goal episodes (and done similarly well otherwise), as

compared to the model trained with uniform sampling of data. This shows why the

experimental design choices we adopted in this work—scenario-driven evaluation and

termination of training based on rewards—are crucial to appropriately evaluating

causal confusion in offline RL agents.

3.6.3 Causal Confusion in the ALE Benchmark

We are now interested in evaluating our active sampling baselines on a larger pre-

existing dataset with more realistic noise and variations. Prior work in imitation

learning [117, 38] has attempted to simulate causal confusion in specific Atari

game-play datasets by modifying images to display the previous action taken by

the agent. This kind of causal confusion is inspired by robotics datasets that have

trajectories with highly correlated (and thus predictable) sequences of actions,

because embodiment dictates that an agent’s state does not change too drastically
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Figure 3.4: Reward curves of the larger (left) and smaller (right) ensemble training
when sampling on the basis of the uncertainty of either one: of the speed of convergence
depending on the quality of uncertainty estimation.

between subsequent timesteps.

Table 3.1: Sub-sampling experiment on the Enduro dataset.

Fraction of
data

sub-sampled

Reward
(Uniform)

Reward
(Variance-

data)

Reward
(Variance-

greedy)

Reward
(TD-Error)

0.5 470 780 560 560
0.7 570 850 810 820
0.9 660 1000 890 980

However, when we trained uniform sampling CQL agents with and without the

previous action on the images for 20 Atari games, only a select few games actually

exhibited causal confusion of this kind. We pick Enduro since we can consistently

observe both a convergence speed degradation and final reward degradation upon

adding the previous action to the image. Enduro is a car racing game where an

agent needs to overtake cars (receiving a positive reward for each car overtaken)

and drive along a winding road, with a limited number of collisions allowed.

Figure 3.3 shows our proposed active sampling baselines compared to uniform

sampling in the following two cases that we previously discussed in Section 3.4.3: (1)

-dataset case when we recompute the scores across the dataset every few gradient

steps and (2) -batch case when the scores are only recomputed for the sampled

batch and updated in a priority queue.

Also shown is the uniform sampling baseline trained without the previous action
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displayed on the image (data without causal ambiguity). We note that all active

sampling variants perform significantly better than their uniform sampling counter-

part when both are trained with the spurious correlate (i.e., with the previous action

displayed on the image). This discrepancy is observed in terms of convergence time

to their best performance and in terms of the highest reward achieved, which is

approximately 40 percent higher than the reward achieved by uniform sampling.

While both TD-Error and Variance-based variants achieve a similar highest score,

TD-error sampling takes twice the number of forward passes (and thus twice as

long) to compute the acquisition score (i.e., the TD-error) in the -dataset case.

We further observe that when we go from the -dataset to the -batch setting (i.e.,

updating scores only for the sampled batch, Figure 3.3, right), the final reward

achieved by the active variants is only slightly lower than previously. However, in

this setting, all methods require twice the number of gradient steps to obtain this

reward since the acquisition scores in the -batch setting are stale for many data

points. A relevant line of future work will be to investigate how to maintain the

sampling quality without needing to recompute all scores as in the -dataset case.

We also conducted an experiment where we uniformly sub-sample decreasing

fractions of the original dataset and see that even the active sampling variants

trained with 70% of the data outperform the uniform sampling variants trained on

all the data. This suggests that naively acquiring more data is unlikely to resolve

causal confusion if the data distribution remains skewed. We present these results

in Table 3.1.

3.6.4 Effect of Predictive Uncertainty on Active Sampling

and Causal Confusion

To better understand the improvement in convergence speed of active sampling

vis-‘a-vis uniform sampling, we train CQL with a smaller (n = 3) and a larger

(n = 10) ensemble of Q-networks, all else equal, and sample identical transitions

based on the predictive uncertainty of only either the smaller or the larger ensemble.
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Figure 3.5: Timing Comparison for different sampling schemes on the Procgen-Maze
benchmark plotted as reward achieved versus wallclock time in minutes.

This experiment setup allows us to isolate the effect of the predictive variance on

active sampling and therefore on the observed reduction in causal confusion.

Figure 3.4 shows the training curves for both ensembles, and we find that when

transitions are sampled according to the predictive uncertainty of the larger ensemble,

even the smaller ensemble converges faster (albeit to a smaller value than that

achieved by the larger ensemble). Similarly, when points are sampled according to

the predictive uncertainty of the smaller ensemble, the larger ensemble converges

to its highest reward more slowly. This result implies that improved predictive

uncertainty estimation, for which we use the size of the ensemble as a proxy, improves

the ability of active sampling to identify samples that break spurious correlations

in the data and reduce causal confusion. We provide a further discussion of these

observations in Appendix A.2.

3.7 Computational Cost

Figure 3.5 shows a scatter plot for the wall-clock times to achieve highest reward

across different active and uniform baselines (labelled as TD-Best, Variance-Best

and Random-Best) corresponding to the results for the Maze environment. It
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also plots the time needed for active sampling variants to achieve the best reward

that uniform sampling achieves (denoted as Variance-par-Random and TD-par-

Random in Figure 3.5). We note that we use a very simple implementation of

active sampling in our work which can be optimised significantly by paralleling the

computation of acquisition scores over the dataset. This will make the trade-off

between performance and training time even more favourable towards approaches

that do active sampling.

3.8 Conclusion

In this chapter, we studied how to alleviate causal confusion in offline RL. We

designed uncertainty- and loss-based data sampling baselines to selectively sample

transitions for training, and found evidence that active sampling can recover a less

causally-confused model in significantly fewer training steps as compared to uniform

sampling. In future work, we hope to scale the analysis performed in this work to

larger benchmark environments, with sources of noise in the reward and transitions,

to further corroborate our findings. Such an analysis would help further distinguish

the quality of solutions found through loss-based and uncertainty-based active

sampling since noisy transitions can have irreducible loss. Additional promising

avenues for future work include studying the usefulness of active sampling in the

regime of offline-to-online RL-based fine-tuning, as well as extending the analysis

presented in this paper to environments with continuous action spaces.

3.9 Discussion

We summarise the following key take-aways from our experimental results, which

pave the way for follow-up work:

• Long-tail leverage. Variance-based replay surfaces counter-factual transi-

tions sooner, erasing up to 40 % of the causal-confusion performance gap in

TrafficWorld and Enduro while using 4× fewer gradient steps.

• Uncertainty quality matters. A 10-member critic ensemble provides better
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uncertainty, which in turn grants a smaller 3-member learner near-optimal

sampling efficiency.

• Sampling alone is insufficient. If the dataset genuinely lacks counter-

examples (e.g., all pedestrians cross only on green lights), no replay scheme

can fix the policy—fresh or synthetic data are required. Our experiments

purposefully included rare but causal-disambiguating events. In real-world

robotics logs, however, those “tail” cases may be absent: robots seldom

perform risky or failure actions, and human tele-operation traces are both

costly and biased. Two complementary remedies emerge:

1. Collect more data: impractical for every long-tail edge case.

2. Synthesise counter-factual data: feasible if we can control powerful

generative models.

Follow up: Controllable Generation of Useful Transitions Building on this

work, we sought to further study cases where policy learning would benefit from

directed generation of samples that were not present in the dataset and provided

learning signal towards higher generalisation and robustness. We discussed in

the previous section that when sampling is insufficient, one could collect mroe

data or synthesise important counter factual points/tail cases. Our first attempt

pursued the second remedy. We asked: Can a vision-conditional diffusion model

hallucinate minority transitions that “break” spurious correlations in an offline

RL dataset? Preliminary results were mixed: while diffusion models captured

scene diversity, aligning rewards and state transitions proved brittle, especially

for high-dimensional robotics observations. Reward-consistent tuple generation

remained an open challenge.

Using Representations from Visual Generative Models Although our early

attempts to generate minority-case data with diffusion models faltered—reward

consistency proved brittle—the failure analysis revealed a silver lining: the models’

intermediate features encode far richer spatial semantics than CLIP-style contrastive

encoders. This insight drives the pivot in Chapter 4, which repurposes text-to-image
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backbones as control representations rather than data sources, shifting the focus from

how to sample data to how to exploit the knowledge already embedded in large

generative models and thereby enabling policy learning that is both data-efficient

and semantically grounded.

Chapter 4 therefore shifts focus from where data comes from to how to reuse the

vast knowledge already embedded in generative models of vision. Concretely, we

will see how Stable Control Representations re-purpose the encoder backbone

of the Stable Diffusion model for control.

The journey from active sampling to foundation-model representation use exemplifies

a broader thesis theme—efficiency through smarter use of what we already

have, whether that is logged data (Chapter 3), pre-trained weights (Chapter 4), or

long-term agent memories (Chapter 5).
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4.1 Introduction

As general-purpose, pre-trained “foundation” models [7, 20, 29, 92, 111, 126, 156]

are becoming widely available, a central question in the field of embodied AI has

emerged: How can foundation models be used to construct model representations

that improve generalization in challenging robotic control tasks [18, 140, 191]?

Robotic control tasks often employ pixel-based visual inputs paired with a language-

based goal specification, making vision-language model representations particularly

well-suited for this setting. However, while vision-language representations ob-

tained via Contrastive Language-Image Pre-training [CLIP; 121]—a state-of-the-art

method—have been successfully applied to a broad range of computer vision tasks,

the use of CLIP representations has been shown to lead to poor downstream

performance for robotic control. This shortcoming has prompted the development

of alternative, control-specific representations for embodied AI [97, 108] but has left

other sources of general-purpose pre-trained vision-language representations—such

as text-to-image diffusion models—largely unexplored for control applications.

In this chapter, we present Stable Control Representations (SCR): pre-trained

vision-language representations from text-to-image diffusion models that can capture

both high and low-level details of a scene [60, 126]. While diffusion representations

have seen success in downstream vision-language tasks, for example, in semantic

segmentation [14, 154, 162], they have—to date—not been used for control. We

perform a careful empirical analysis in which we deconstruct pre-trained text-to-

image diffusion model representations to understand the impact of different design
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decisions.

In our investigation, we find that diffusion representations can outperform general-

purpose models like CLIP [121] across a wide variety of embodied control tasks

despite not being trained for representation learning. This is the case for purely

vision-based tasks as well as for settings that require task understanding through text

prompts. A highlight of our results is the finding that diffusion model representations

enable better generalization to unseen object categories in a challenging open-

vocabulary navigation benchmark [180] and provide improved interpretability

through attention maps [151].

Our key contributions are as follows:
1. In section 4.4, we introduce a multi-step approach for extracting vision-language

representations for control from text-to-image diffusion models. We show that

these representations are capable of capturing both the abstract high-level and

fundamental low-level details of a scene, offering an alternative to models trained

specifically for representation learning.

2. In section 4.5, we evaluate the representation learning capabilities of diffusion

models on a broad range of embodied control tasks, ranging from purely vision-

based tasks to problems that require an understanding of tasks through text

prompts, thereby showcasing the versatility of diffusion model representations.

3. In section 4.6, we systematically deconstruct the key features of diffusion model

representations for control, elucidating different aspects of the representation

design space, such as the input selection, the aggregation of intermediate features,

and the impact of fine-tuning on performance.

We have demonstrated that diffusion models learn versatile representations for

control and can help drive progress in embodied AI. Figure 4.1 presents a summary

of our approach and results.1

1Code link: https://github.com/ykarmesh/stable-control-representations.
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Figure 4.1: Left: Our paper proposes Stable Control Representations, which uses pre-
trained text-to-image diffusion models as a source of language-guided visual representations
for downstream policy learning. Right: Stable Control Representations enable learning
control policies that achieve all-round competitive performance on a wide range of
embodied control tasks, including in domains that require open-vocabulary generalization.
Empirical results are provided in section 4.5.

4.2 Related Work

We begin with a review of prior work on representation learning and diffusion

models for control.

Representation Learning with Diffusion Models. Diffusion models have

received a lot of recent attention as flexible representation learners for computer

vision tasks of varying granularity—ranging from key point detection and segmenta-

tion [154, 162] to image classification [157, 179]. Wang et al. [162] has shown that

intermediate layers of a text-to-image diffusion model encode semantics and depth

maps that are recoverable by training probes. These approaches similarly extract

representations by considering a moderately noised input, and find that the choice

of timestep can vary based on the granularity of prediction required for the task.

Yang and Wang [179] train a policy to select an optimal diffusion timestep, we

simply used a fixed timestep per class of task. Several works [151, 154, 162] observe

that the cross-attention layers that attend over the text and image embeddings

encode a lot of the spatial layout associated with an image and therefore focus their

method around tuning, post-processing, or extracting information embedded within

these layers.

Visual Representation Learning for Control. Over the past decade, pre-

54



University of Oxford

trained representation learning approaches have been scaled for visual discrimination

tasks first, and control tasks more recently. Contrastively pre-trained CLIP [121]

representations were employed for embodied navigation tasks by EmbCLIP [72].

MAE representations have been used in control tasks by prior works like VC-1 [100],

MVP [172] and OVRL-v2 [177]. R3M [108] and Voltron [70] leverage language

supervision to learn visual representations. In contrast, we investigate if powerful

text-to-image diffusion models trained for image generation can provide effective

representations for control.

Diffusion Models for Control. Diffusion models have seen a wide range of uses in

control aside from learning representations. These can broadly be categorized into

three areas. First, diffusion models have been used as a class of expressive models

for learning action distributions for policies [31, 57, 119]; They can improve model

multimodality and generate richer action distributions than Gaussians. Second, off-

the-shelf diffusion models have been used to augment limited robot demonstration

datasets by specifying randomizations for object categories seen in the data through

inpainting [68, 102, 182]. Third, planning can be cast as sequence modeling through

diffusion models [6, 42, 65].

4.3 Background

This work builds on two threads of prior art: (i) diffusion models for text–conditional

image generation, and (ii) representation learning for visual control. We review

both in turn and close with notation for the policy-learning tasks considered in our

experiments.

4.3.1 Diffusion Models

Denoising objective. Let p(x0) denote the data distribution over images x0 ∈

RH×W×3, and let {σt}Tt=1 be a predefined noise schedule. A diffusion model learns a

55



University of Oxford

denoiser εθ(xt, t) by minimising

LDM(θ) = Ex0∼p, ϵ∼N (0,1), t∼U{1,T}

[ ∥∥∥ϵ− εθ(x0 + σtϵ, t
)∥∥∥2

2

]
. (4.1)

At inference the process is reversed: one samples xT ∼ N (0, σ2
T I) and iteratively

denoises through pθ(xt−1 | xt), obtaining a high-fidelity x0 after T steps.

Conditional generation. To draw from a conditional distribution p(x0 | c) (e.g.

images that match a text prompt c), the denoiser is augmented to εθ(xt, t, c) and

trained jointly on (x0, c) pairs. Classifier-free guidance [59] mixes conditional and

unconditional score estimates during sampling, improving visual fidelity without

retraining.

Latent diffusion. High-resolution diffusion can be accelerated by operating in the

latent space of a pre-trained autoencoder E : x 7→ z, D : z 7→ x [126]. Equation (4.1)

is applied to z0 = E(x0), giving

LLDM(θ) = E
[∥∥∥ϵ− εθ(z0 + σtϵ, t, c

)∥∥∥2

2

]
, (4.2)

after which a single decoder pass x0 = D(z0) recovers the image.

Stable Diffusion (SD) is a prominent example: it couples a U-Net denoiser with a

CLIP text encoder and achieves sub-second 5122 image generation on commodity

GPUs.

4.3.2 Representation Learning for Visual Control

Control agents that perceive the world through raw pixels must compress high-

dimensional observations into task-relevant features before acting. Representation

learning for control therefore seeks an encoder fϕ that maps an image (and, where

applicable, a language task specification) to a compact latent h = fϕ(simage, stext),

such that downstream policy learning becomes data-efficient and robust.

Evaluation proceeds along two axes:
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• Few-shot imitation. A policy head πψ(a | h) is trained by behaviour cloning

on tens to hundreds of expert demonstrations; success is measured by task

completion rate from unseen initial states.

• Reinforcement learning fine-tuning. When demonstrations are absent or

sparse, the same head is trained with an RL algorithm—here, a clipped PPO

variant—and performance is tracked as a function of environment interactions.

Historically, control-oriented encoders were trained from scratch on the task at hand

or pre-trained contrastively (e.g. CLIP). Our work explores an alternative: reuse the

spatially precise representations internal to text-to-image diffusion models, thereby

sidestepping the need to synthesise new images or to rely on purely semantic CLIP

features.

4.3.3 Policy-learning notation

We model each environment as an MDP M = (S,A, P, R, γ) with image-language

states s = [simage, stext]. The control pipeline is

s −→ h = fϕ(simage, stext) −→ a ∼ πψ(a | h),

where the encoder parameters ϕ are frozen (pre-trained) and only the policy head ψ

is task-specific. We train ψ either by supervised behaviour cloning on demonstration

datasets or by PPO on interactive roll-outs, depending on the task.

4.4 Stable Control Representations

In this work, we investigate the use of language-guided visual representations from

the open-source Stable Diffusion model (v1.5) and their application to language-

conditioned visual control tasks. We present background on latent diffusion models

and text-to-image diffusion models, along with the notation we adopt in this work,

in Section 4.3.

To extract representations, we follow a similar protocol as Wang et al. [162], Traub
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[157], and Yang and Wang [179]: Given an image-text prompt, s = {simage, stext},

associated with a particular task, we use the SD VQ-VAE model as the encoder E(·)

and partially noise the encoded latents z0 =̇ E(simage) to some diffusion timestep

t, to obtain the noised latent zt. We then extract a representation composed of

the intermediate layer outputs of the U-Net ϵθ as it produces a denoising estimate

ϵθ(zt, t, stext). This process is illustrated in Figure 4.2. We refer to the extracted

representations as Stable Control Representations (SCR). In Sections 4.4.1,

4.4.2, 4.4.3, and 4.4.4, we describe the design space for extracting SCR, and in

Sections 4.4.5 and 4.4.6, we explain how we use the representations for control.

4.4.1 Layer Selection and Aggregation

We are interested in evaluating the internal representations from the denoiser

network, that is, the U-Net ϵθ(·). The first design choice we consider is which

layers of ϵθ to aggregate intermediate outputs from. The U-Net does not have a

representational bottleneck, and different layers potentially encode different levels

of detail. Trading off size with fidelity, we concatenate the feature maps output

from the mid and down-sampling blocks to construct the representation. This

results in a representation size comparable to that of the other pre-trained models

we study in section 4.5. This is shown at the bottom of Figure 4.2 and we ablate

this choice in Section 4.6.1. Since outputs from different layers may have different

spatial dimensions, we bilinearly interpolate them so that they are of a common

spatial dimension and can be stacked together. We then pass them through

a learnable convolutional layer to reduce the channel dimension before feeding

them to downstream policies. The method used to spatially aggregate pre-trained

representations can significantly affect their efficacy in downstream tasks, as we will

discuss in Section 4.6.4. We use the best-performing spatial aggregation method for

all the baselines that we re-train in section 4.5.
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Figure 4.2: Extraction of Stable Control Representations from Stable Diffusion. Given
an image-text prompt, s = {simage, stext}, we encode and noise the image and feed it into
the U-Net together with the language prompt. We then aggregate feature maps from
multiple layers within the U-Net, as described in section 4.4. Shown here are features
from the mid and downsampling blocks of the U-Net.

4.4.2 Diffusion Timestep Selection

Next, we consider the choice of extraction timestep t for the denoising network

(shown on the left of Figure 4.2). Recall that the images we observe in control tasks

are un-noised (i.e., corresponding to x0), whereas the SD U-Net expects noised

latents, corresponding to zt for t ∈ [0, 1000]. The choice of timestep t influences the

fidelity of the encoded latents since a higher value means more noising of the inputs.

Yang and Wang [179] have observed that there are task-dependent optimal timesteps

and proposed adaptive selection of t during training, while Xu et al. [175] have

used t = 0 to extract representations using un-noised inputs to do open-vocabulary

segmentation. We hypothesize that control tasks that require a detailed spatial

scene understanding would benefit from a lower diffusion timestep, corresponding to

a later stage in the denoising process where the inputs have less noise. We provide

evidence consistent with this hypothesis in Section 4.6.2. To illustrate the effect

of the timestep, we display final denoised images for various t values in different

domains in Figure B.1.
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4.4.3 Prompt Specification

Since text-to-image diffusion models allow conditioning on text, we investigate if

we can influence the representations to be more task-specific via this conditioning

mechanism. For tasks that come with a text specifier, for example, the sentence “go

to object X”, we simply encode this string and pass it to the U-Net. However, some

tasks are purely vision-based and in these settings, we explore whether constructing

reasonable text prompts affects downstream policy learning when using the U-Net’s

language-guided visual representations. We present this analysis in Section 4.6.3.

4.4.4 Intermediate Attention Map Selection

Wang et al. [162] and Tang et al. [151] demonstrate that the Stable Diffusion model

generates localized attention maps aligned with text during the combined processing

of vision and language modalities. Wang et al. [162] leveraged these word-level

attention maps to perform open-domain semantic segmentation. We hypothesize

that these maps can also help downstream control policies to generalize to an open

vocabulary of object categories by providing helpful intermediate outputs that are

category-agnostic. Following Tang et al. [151], we extract the cross-attention maps

between the visual features and the CLIP text embeddings within the U-Net. We

test our hypothesis on an open-domain navigation task in Section 4.5.4, where we

fuse the cross-attention maps with the extracted feature maps from the U-Net. We

refer to this attention-map-augmented representation as SCR-attn.

4.4.5 Using Text-to-Image Diffusion Model Representations

to Learn Control Policies

To solve visual control tasks with states given by s = [simage, stext], where stext may be

used to specify the task, we wish to use pre-trained vision-language representations

capable of encoding the state s as fϕ(simage, stext). This encoded state is then supplied

to a downstream, task-specific policy network, which is trained to predict the action

at. Our evaluation encompasses both supervised learning and reinforcement learning
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regimes for training the downstream policies. We train agents through behavior

cloning on a small set of demonstrations for the few-shot manipulation tasks we

study in Section 4.5.2. For the indoor navigation tasks we study in Sections 4.5.3

and 4.5.4, we use a version of the Proximal Policy Optimization [PPO, 136] algorithm

for reinforcement learning.

4.4.6 Fine-Tuning on General Robotics Datasets

Finally, we consider fine-tuning strategies to better align the base Stable Diffusion

model towards generating representations for control. This serves to bridge the

domain gap between the diffusion model’s training data (e.g., LAION images) and

robotics datasets’ visual inputs (e.g., egocentric tabletop views in manipulation tasks

or indoor settings for navigation). Crucially, we do not require any task-specific

losses for fine-tuning. Instead, we adopt the same text-conditioned generation

objective as that of the base model for the fine-tuning phase. We use a small

subset of the collection of datasets used by prior works on representation learning

for embodied AI [100, 172]: we use subsets of the EpicKitchens [37], Something-

Something-v2 [SS-v2; 52], and Bridge-v2 [160] datasets. As is standard, we fine-tune

the denoiser U-Net ϵθ but not the VAE encoder or decoder. Image-text pairs are

uniformly sampled from the video-text pairs present in these datasets. A possible

limitation of this strategy is that text-video aligned pairs (a sequence of frames

that correspond to a single language instruction) may define a many-to-one relation

for image-text pairs. However, as we see in experiments in which we compare to

the base Stable Diffusion model in section 4.5, this simple approach to robotics

alignment is useful in most cases. Further details related to fine-tuning are provided

in Appendix B.2.1. We refer to the representations from this fine-tuned model as

SCR-ft.

4.5 Empirical Evaluation

In this work, we evaluate Stable Control Representations (SCR) on an extensive suite

of tasks from 6 benchmarks covering few-shot imitation learning for manipulation
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in Section 4.5.2, reinforcement learning-based indoor navigation in Sections 4.5.3

and 4.5.4, and tasks related to fine-grained visual prediction in Sections 4.5.6

and 4.5.7. Together, these tasks allow us to comprehensively evaluate whether our

extracted representations can encode both high and low-level semantic understanding

of a scene to aid downstream policy learning. We describe the common baselines

used across tasks in section 4.5.1, and present the individual task setups and results

in the following subsections.

4.5.1 Baselines

We compare SCR and its variants (i.e., SCR-ft and SCR-ft-attn) to the

following prior work in representation learning for control:

1. R3M [108] pre-trains a ResNet50 encoder on video-language pairs from the

Ego4D dataset using time-contrastive video-language alignment learning.

2. MVP [172] and VC-1 [100] both pre-train ViT-B/L models with the masked

auto-encoding (MAE) objective on egocentric data from Ego4D, Epic-Kitchens,

SS-v2, and ImageNet, with VC-1 additionally pre-training on indoor navigation

videos.

3. CLIP [121] trains text and ViT-based image encoders using contrastive learning

on web-scale data.

4. Voltron [70] is a language-driven representation learning method that involves

pre-training a ViT-B using MAE and video-captioning objectives on aligned

text-video pairs from SS-v2.

5. SD-VAE [126] is the base VAE encoder used by SD to encode images into

latents.

To assess how well the vision-only methods would do on tasks with language

specification, we concatenate their visual representations with the CLIP text

embeddings of the language prompts. While we are limited by the architecture

designs of the released models we are studying, to ensure a more fair comparison we
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Train Val

Figure 4.3: Sample scenes from the Habitat environments for the ImageNav (left) and
OVMM (center) tasks. Instances from training and validation datasets of the OVMM
object set are shown on the right.

try to match parameter counts as much as we can. We use the ViT-Large (307M

parameters) versions of CLIP, MVP, and VC-1 since extracting SCR involves a

forward pass through 400M parameters.

4.5.2 Few-shot Imitation Learning

We start by evaluating SCR on commonly studied representation learning bench-

marks in few-shot imitation learning. Specifically, our investigation incorporates five

commonly studied tasks from Meta-World [181] (same as CortexBench [100]),

which includes bin picking, assembly, pick-place, drawer opening, and hammer usage;

as well as five tasks from the Franka-Kitchen environments included in the RoboHive

suite [82], which entail tasks such as turning a knob or opening a door. We adhere

to the training and evaluation protocols adopted in their respective prior works to

ensure our results are directly comparable (detailed further in Appendix B.1.1).

Results. We report the best results of SCR and baselines in Table 4.1a. On

Meta-World, we see that SCR outperforms most prior works, achieving 94.9%

success rate. In comparison, VC-1, the visual foundation model for embodied AI

and CLIP achieved 92.3 and 90.1% respectively. On Franka-Kitchen, SCR obtains

49.9% success rate, which is much higher than CLIP (36.3%) and again outperforms

all other baselines except for R3M. We note that R3M’s sparse representations excel

in few-shot manipulation with limited demos but struggle to transfer beyond this

setting [100, 70]. We see that while the SD-VAE encoder performs competitively

on Franka-Kitchen, it achieves a low success rate on Meta-World. This observation
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Table 4.1: Average Success Rate and standard error evaluated across different
representations.

(a) Meta-World & Franka-Kitchen.

Model Meta-World Franka-Kitchen
R3M 96.0 ± 1.1 57.6 ± 3.3
CLIP 90.1 ± 3.6 36.3 ± 3.2
VC-1 92.3 ± 2.5 47.5 ± 3.4
Voltron 72.5 ± 5.2 33.5 ± 3.2
SD-VAE 75.5 ± 5.2 43.7 ± 3.1
SCR 94.4 ± 1.9 45.0 ± 3.3
SCR-ft 94.9 ± 2.0 49.9 ± 3.4

(b) ImageNav

Model Success
R3M 30.6
CLIP-B 52.2
VC-1 70.3
MVP 68.1
SD-VAE 46.6
SCR 73.9
SCR-ft 69.5

(c) OVMM

Model Success
Oracle 77.6
Detic 36.7
CLIP 38.7 ± 1.7
VC-1 40.6 ± 2.2
SCR 38.7 ± 1.2
SCR-ft 41.9 ± 1.0
SCR-ft-attn 43.6 ± 2.1

allows us to gauge the improved performance of SCR from the base performance

gain we may get just from operating in the latent space of this VAE. Additionally, we

see that the task-agnostic fine-tuning gives SCR-ft an advantage (4%) over SCR

on Franka-Kitchen while making no difference on Meta-World. Note that the other

high-performing baselines (R3M and Voltron) have been developed for downstream

control usage with training objectives that take temporal information into account,

while VC-1 has been trained on a diverse curation of robotics-relevant data. In this

context, SCR’s comparable performance shows that generative foundation models

hold promise for providing useful representations for control, even with relatively

minimal fine-tuning on non-task-specific data.

4.5.3 Image-Goal Navigation

We now assess SCR in more realistic visual environments, surpassing the simple

table-top scenes in manipulation benchmarks. In these complex settings, the
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representations derived from pre-trained foundational models are particularly

effective, benefiting from their large-scale training. We study Image-Goal Navigation

(ImageNav), an indoor visual navigation task that evaluates an agent’s ability to

navigate to the viewpoint of a provided goal image [190]. The position reached by

the agent must be within a 1-meter distance from the goal image’s camera position.

This requires the ability to differentiate between nearby or similar-looking views

within a home environment. This task, along with the semantic object navigation

task that we study in Section 4.5.4, allows for a comprehensive evaluation of

a representation’s ability to code both semantic and visual appearance-related

features in completely novel evaluation environments. We follow the protocol

for the ImageNav task used by Majumdar et al. [100] and input the pre-trained

representations to an LSTM-based policy trained with DD-PPO [168] for 500 million

steps on 16 A40 GPUs (further details in Appendix B.1.3). Given the large compute

requirements for training, we directly compare SCR and SCR-ft to the results

provided in Majumdar et al. [100].

Results. We evaluate our agent on 4200 episodes in 14 held-out scenes from

the Gibson dataset and report the success rate in Table 4.1b. We find that SCR

outperforms all other representations, while the fine-tuned version SCR-ft is almost

on par with the second-best-performing VC-1 (69.5% vs 70.3%), the SOTA visual

representation from prior work. This can be expected given that it was fine-tuned

on images solely from table-top manipulation datasets. We also see that R3M, the

best model for few-shot manipulation from Table 4.1a performs very poorly (30.6%)

in this domain, showing its limited transferability to navigation tasks.

4.5.4 Open Vocabulary Mobile Manipulation

We now shift our focus to evaluating how Stable Diffusion’s web-scale training

can enhance policy learning in open-ended domains. We consider the Open

Vocabulary Mobile Manipulation (OVMM) benchmark [180] that requires an agent

to find, pick up, and place objects in unfamiliar environments. One of the primary

challenges here is locating previously unseen object categories in novel scenes
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(illustrated in Figure 4.3 (left)). To manage this complex sparse-reward task,

existing solutions [180] divide the problem into sub-tasks and design modular

pipelines that use open-vocabulary object detectors such as Detic [188] to enable

generalization to novel objects. We study a modified version of the Gaze sub-task

(detailed in Appendix B.1.2), which focuses on locating a specified object category

for an abstracted grasping action.

The task’s success is measured by the agent’s ability to precisely focus on the target

object category. This category is provided as an input to the policy through its

CLIP text encoder embedding. The evaluation environments cover both novel

instances of object categories seen during policy learning, as well as entirely unseen

categories. We compare to VC-1, the best model from Section 4.5.3 and CLIP, since

prior work has studied it for open-vocab navigation [72, 99]. We also incorporate a

baseline that trains a policy with access to ground truth object masks, evaluated

using either the ground truth or Detic-generated masks at test time (labeled as

Oracle/Detic).

Results. Table 4.1c shows that SCR-ft surpasses VC-1 by 1.3%, beating CLIP

and SCR by 3.2%. It is surprising that VC-1’s visual representation does better

than CLIP’s image encoder representation, given that the downstream policy has

to use these with the CLIP text encoder’s embedding of the target object category.

Comparing these to SCR-ft-attn, we can see the benefit of providing intermediate

outputs in the form of text-aligned attention maps to the downstream policy (+1.7%).

Samples of attention maps overlaid on images from an evaluation episode can be

found in Appendix B.1. These word-level cross-attention maps simultaneously

improve policy performance and also aid explainability, allowing us to diagnose

successes and failures. Interestingly, the foundation model representations (CLIP,

VC-1, SCR) perform better than Detic. While object detections serve as a category-

agnostic input for downstream pick-and-place policies, noisy detections can often

lead to degraded downstream performance, as we see in this case. Nonetheless,

there is still a sizeable gap to ‘Oracle’ which benefits from ground truth object

masks at test-time.
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4.5.5 Fine-tuning CLIP

Table 4.2: Performance on Franka-
Kitchen after fine-tuning CLIP.

Model Franka-Kitchen

CLIP 36.9 ± 3.2

CLIP (FT) 34.2 ± 2.9

We follow the same experimental constraints

that we took into account while fine-tuning the

diffusion model to get SCR-ft: we trained it on

the same text-image pairs from the same datasets

and used CLIP’s contrastive loss to bring the

visual embedding of the middle frames of a video

closer to the video caption’s text embedding. Specifically, for our experiment, we

use the huggingface CLIP finetuning implementation and train the model with a

batch size of 384 (the maximum number of samples we were able to fit on 8 A40

GPUs) with a learning rate of 5e-5 and a weight decay of 0.001 for 5000 update

steps (same as SR-FT). We present the results in Table 4.2 for Franka-Kitchen, and

note the lack of improvement on the task post-fine-tuning.

4.5.6 Referring Expressions Grounding

In Sections 4.5.2 to 4.5.4, our analysis focused on the performance of various

representations across an array of control tasks. We now turn our attention to two

downstream tasks involving fine-grained visual prediction. The first task, Referring

Expressions Grounding, is detailed within this section, while the second task, Grasp

Affordance Prediction, is discussed in Section 4.5.7. Karamcheti et al. [70] have

previously examined the performance on these tasks as proxy measures to evaluate

the efficacy of representations for control applications.

The Referring Expressions Grounding task requires the identification and

bounding box prediction of an object in an image based on its textual description.

Similar to Karamcheti et al. [70], we use the OCID-Ref Dataset [163] for our

experiments. We show a sample image-text pair from the dataset to showcase the

complexity of the task in Figure 4.4. The frozen visual representation is concatenated

with a text embedding and passed to a 4-layer MLP, which predicts the bounding

box coordinates.
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Results. We report the bounding box accuracy at a 25% Intersection-over-Union

(IoU) threshold across different scene clutter levels for SCR-variants and baselines

in Table 4.3. Firstly, we present the results from [70] for CLIP, R3M and Voltron

and observe that Voltron outperforms the other two baselines. We see that SCR is

tied with Voltron and that VC-1 and SD-VAE perform the best with a 1.5% lead.

The better performance of these vision-encoder-only methods highlights that on this

task, it is not a challenge for the downstream decoder to learn to associate the visual

embeddings with the (CLIP) text encoding of the language specification. Since

the training budget is fixed, we observed that some of the runs could potentially

improve over extended training. However, we were primarily interested in this task

not just to compare the downstream visual prediction performance, but to use it as a

testbed for exploring the following two questions: (1) Do the performance differences

between the representations we evaluated in Sections 4.5.2 to 4.5.4, stem from the

absence of fine-grained spatial information encoded within the representations? We

refute this claim in Section 4.6.4, where we present the impact of the representations’

spatial aggregation method on prediction performance. (2) Additionally, we explore

to what extent language prompting influences the representations from SCR on

language-conditioned tasks in Section 4.6.3.

The lemon on the rear left of the instant_noodles.

Figure 4.4: Sample from the OCID-Ref
dataset used for the Referring Expressions
task.

Model Average Maximum
clutter

Medium
clutter

Minimum
clutter

CLIP 68.1 60.3 76.6 67.0
R3M 63.3 55.3 68.3 63.3
Voltron 92.5 96.9 91.8 90.2
VC-1 94.6 93.7 96.5 93.7
SD-VAE 94.3 93.2 96.3 93.4
SCR 92.9 91.1 95.9 91.8
SCR-ft 91.8 90.1 94.8 90.8

Table 4.3: Referring Expression Grounding
(Accuracy at threshold IoU of 0.25 with
label.).
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4.5.7 Grasp Affordance Prediction

In this section, we present our experiments on a second visual prediction task

continuing from the experiments in Section 4.5.2. The Grasp Affordance

Prediction task requires predicting per-pixel segmentation outputs for certain

areas of objects in an RGB image. These areas correspond to parts of the surface

that would be amenable to grasping by a suction gripper. The evaluation metric

adopted in prior work is the precision of predictions corresponding to positive

graspability at varying confidence levels (90, 95, and 99th percentile of the predicted

per-pixel probabilities, denoted as Top90, Top95, and Top99 in Table 4.4). We refer

the reader to Karamcheti et al. [70] for the complete task setup details.

We re-ran all the methods using the evaluation repository provided with the work,

and obtained different results compared to the reported numbers in Karamcheti

et al. [70], which we attribute to a bug that we fixed related to the computation of

the precision metrics. The evaluation procedure for this task adopted in prior work

involves a 5-fold cross-validation, and we observed a high variability in the results,

with different runs of 5-fold cross-validation yielding different final test metrics.

Our findings highlight that SCR and our adaptation of CLIP (in gray, detailed in

Section 4.6.4) both excel at this task, achieving a Top99 score of 72.9. Interestingly,

we see that fine-tuning did not enhance the performance of SCR on the visual

prediction tasks explored in this section and Section 4.5.2, suggesting a potential

disconnect between visual prediction and control task benchmarks.

4.5.8 Comparison with LIV

We include a comparison with LIV [97] on two tasks that involve manipulation and

navigation. LIV is a vision-language representation learned through contrastive

learning on the EpicKitchens dataset [37]. Similar to R3M results in the main paper,

this representation does well on manipulation tasks but poorly on navigation tasks.
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Table 4.4: Grasp Affordance Prediction: Precision on pixels corresponding to positive
graspability at varying probability threshold levels.

Model Top99 Top95 Top90

CLIP 60.3 45.0 28.6
CLIP (Comp) 72.9 55.9 36.5

Voltron 62.5 42.8 32.1
SD-VAE 55.6 41.3 33.8

SCR 72.8 55.9 54.5
SCR-ft 72.3 54.6 44.4

Table 4.5: Comparing to LIV representations on manipulation and navigation tasks.

Model Franka-Kitchen OVMM

SCR 45.0 38.7
SCR-ft 49.9 41.9

LIV 54.2 8.4

4.5.9 Overall Ranking of Representations

In Table 4.6, we present the consolidated scores across the four control benchmarks

we study in section 4.5, for all the representations we evaluate in this work. This is to

give a higher-level view of the all-round performance of the different representations

on the diverse set of tasks we consider. We see that VC-1, SCR, and SCR-ft emerge

as the top three visual representations overall. While VC-1 is a representation-

learning foundation model trained specifically for robotics tasks, SCR and SCR-ft

are the diffusion model representations that we developed in this work, confirming

the potential of large pre-trained foundation generative models across a wide array

of downstream robotics tasks.

4.6 Deconstructing Stable Control Representations

In this section, we deconstruct Stable Control Representations to explain which

design choices are most determinative of model robustness and downstream perfor-

mance.
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Table 4.6: Representation Performance Comparison: Numbers in the task columns
(OVMM, ImageNav, MetaWorld, Franka Kitchen) indicate relative scores of different
representations (normalized by the highest score on that task), and the average normalized
score column indicates the averaged scores across the task-wise relative scores where
numbers are available.

Method OVMM ImageNav MetaWorld Franka Kitchen Avg. Norm. Score
VAE - 0.629 0.786 0.759 0.725
R3M - 0.414 1.000 1.000 0.805
VC-1 0.969 0.951 0.961 0.825 0.927
CLIP 0.924 0.706 0.939 0.630 0.800
SR 0.924 1.000 0.983 0.781 0.922
SR-FT 1.000 0.942 0.989 0.866 0.949

Table 4.7: Ablations. We analyze the impact of varying the denoising timestep, layer
selection, and input text prompt on SCR performance on the Franka-Kitchen benchmark.
We report the mean and standard error over 3 random seeds.

(a) Denoising timestep.

Timestep Success Rate
0 49.9 ± 3.4
10 48.2 ± 3.1
100 42.0 ± 3.7
110 42.0 ± 3.4
200 35.1 ± 3.2

(b) Layer selection.

Layers Success Rate
Down[1-3] + Mid 49.9 ± 3.4
Down[1-3] 43.0 ± 3.4
Mid 41.6 ± 3.3
Mid + Up[0] 42.1 ± 3.6
Mid + Up[0-1] 48.1 ± 3.6

(c) Input text prompt.

Prompt Type Success Rate
None 49.9 ± 3.4
Relevant 49.2 ± 3.5
Irrelevant 48.7 ± 3.3

4.6.1 Layer Selection

We begin our investigation by examining how the performance of SCR is influenced

by the selection of layers from which we extract feature maps. We previously chose

outputs from the mid and downsampling layers of the U-Net (Figure 4.2), because

their aggregate size closely matches the representation sizes from the ViT-based

models (VC-1, MVP, and CLIP). Appendix B.2.2 details the feature map sizes

obtained for all the models we study. Table 4.7a lists the success rates achieved on

the Franka-Kitchen domain when we use different sets of block outputs in SCR.
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Table 4.8: Layer-selection ablations across different benchmarks.

(a) Ablations for CLIP on Franka-Kitchen.

Model Layers Success
CLIP-L 23 (last layer) 36.3 ± 1.7
CLIP-L 21+23 35.4 ± 2.9
CLIP-L 19+23 38.5 ± 3.2
CLIP-L 12+23 40.8 ± 2.8
CLIP-L 10+23 40.2 ± 3.2
SCR (ours) Down[1-3] + Mid 49.9 ± 3.4

(b) Layer Ablations for SCR on Meta-World.

Layers Noise Success
Mid 200 94.7 ± 2.8
Down[3] + Mid 200 97.3 ± 1.4
Down[1-3] 200 94.1 ± 1.9
Down[1-3] + Mid 200 94.4 ± 1.9
Down[1-3] + Mid 100 94.4 ± 1.9
Down[1-3] + Mid 0 94.1 ± 1.9

We present similar ablations for Meta-World in the top four rows of Table 4.8b.

We observe that utilizing outputs from multiple layers is instrumental to SCR’s high

performance. This finding underscores a broader principle applicable to the design

of representations across different models: Leveraging a richer set of features from

multi-layer outputs should enhance performance on downstream tasks. However, it

is important to acknowledge the practical challenges in applying this strategy to ViT-

based models due to the high dimensionality of each layer’s patch-wise embeddings

(16×16×1024 for ViT-L for images of size 224×224). We present the success rates

achieved on the four benchmarks when aggregating multi-layer embeddings from

CLIP models in Tables 4.8a and 4.9, alongside SCR (the representation size for

which is now half in comparison). In Table 4.8a, we observe that moving towards

middle layers leads to higher performance indicating that CLIP layers 10-14 encode

some details useful to the Franka-Kitchen benchmark. While we see benefits from

including the output of certain additional layers, it still underperforms SCR.

72



University of Oxford

Table 4.9: Comparison of CLIP Layer Ablations on Meta-World, OVMM, and ImageNav

(a) Meta-World and OVMM

Model Layers Meta-World OVMM
CLIP-L 23 (Last Layer) 90.1 ± 3.6 38.7 ± 1.7
CLIP-L 21+23 91.2 ± 2.3 -
CLIP-L 12+23 91.7 ± 2.6 38.6 ± 1.6
SCR Down[1-3] + Mid 94.9 ± 2.0 43.6 ± 2.1

(b) ImageNav

Model Layers ImageNav
CLIP-B 11 (Last Layer) 52.2
CLIP-B 6+11 66.6
SCR Down[1-3] + Mid 73.9

4.6.2 Sensitivity to the Noising Timestep

Next, we characterize the sensitivity of task performance to the denoising step values

chosen during representation extraction. We present results on the Franka-Kitchen

tasks in Table 4.7b, and on the Meta-World tasks in the bottom three rows of

Table 4.8b. We see that the performance across nearby timesteps (0 and 10 or 100

and 110) is similar, and that there is a benefit to doing a coarse grid search up to a

reasonable noising level (0 vs 100 vs 200) to get the best value for a given task.

4.6.3 How is Language Guiding the Representations?

Recall that in the OVMM experiments (Section 4.5.4), we concatenated the target

object’s CLIP text embedding to the visual representations before feeding it to the

policy. For SCR and SCR-ft, we also provided the category as the text prompt

to the U-Net, and additionally extracted the generated cross-attention maps for

SCR-ft-attn. In this subsection, we seek to more closely understand how the

text prompts impact the representations in SCR.

We first consider the Franka-Kitchen setup from Section 4.5.2, which includes

manipulation tasks that do not originally come with a language specification. We

experiment with providing variations of task-relevant and irrelevant prompts during
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the representation extraction in SCR. Table 4.7c shows the downstream policy

success rates for irrelevant (“an elephant in the jungle”) and relevant (“a Franka

robot arm opening a microwave door”) prompts, compared to the default setting of

not providing a text prompt We see that providing a prompt does not help with

downstream policy performance and may even degrade performance as the prompt

gets more irrelevant to the visual context of the input.

We now move to the Referring Expressions Grounding task which requires predicting

a bounding box for an object being referred to in a sentence, within an image

depicting cluttered objects. We defer the main presentation of this task to

Section 4.5.6 and use it to probe the degree of language grounding in SCR in

this section. To study the role of the U-Net in shaping the visual representations

guided by the text, we examine different text integration methods to generate SCR

representations in Table 4.10.

We compared the following approaches for providing the task’s text specification to

the task decoder (also depicted in Figure 4.5):

(a) No text input: Exclude text prompt from both SCR and the task decoder

by passing an empty prompt to the U-Net and using only the resulting SCR

output for the decoder.

(b) Prompt only: Pass text prompt only to the U-Net.

(c) Concat only: Concatenate the CLIP embedding of the text prompt with the

visual representation, feeding an empty prompt to the U-Net.

(d) Prompt + Concat: Combine “Prompt Only” and “Concat Only”.

(e) Only text encoding: Ignore the visual representation and rely only on CLIP

text embeddings.

Investigating the results of (a) and (b) in Table 4.10, it is evident that incorporating

the text prompt into the U-Net significantly enhances accuracy compared to ignoring

the text altogether. The difference in scores between (b) and (c) indicates that

directly providing text embeddings to the decoder improves performance, suggesting
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Figure 4.5: Illustration of different approaches to
providing relevant vision-language inputs to a downstream
task-decoder.

Table 4.10: Ablating text
input to SCR on the refer-
ring expressions grounding
task.

Configuration Score
(a) No text input 14.8
(b) Prompt only 82.7
(c) Concat only 92.2
(d) Prompt + Concat 92.9
(e) Only text encoding 37.5

that certain crucial aspects of object localization are not fully captured by the

representation alone. Comparing (c) to (d), we see that with concatenated text

embeddings, further modulation of the visual representations does not provide

significant benefits. Finally, the significant decrease in the score for (e) reveals the

extent to which the task relies on text-based guesswork.

These findings align with both intuition and recent research on controllable genera-

tion with diffusion models [186] that highlights the challenges associated with using

long-form text guidance. There are ongoing research efforts, focused on training

models with more detailed descriptions or leveraging approaches to encode and

integrate sub-phrases of long texts, that seek to address these challenges.

4.6.4 The Effect of Spatial Aggregation

In this study, we refine the approach for extracting representations by integrating a

convolutional layer that downsamples the spatial grid of pre-trained representations.

This adjustment, referred to as a “compression layer” by Yadav et al. [177], aims

to reduce the high channel dimension of pre-trained model outputs without losing

spatial details, facilitating more effective input processing by downstream task-

specific decoders.

We explore the effect of spatial aggregation methods by comparing the convolutional

downsampling layer method to multi-headed attention pooling (MAP) used for

CLIP embeddings in Karamcheti et al. [70]. We find that using a compression
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layer significantly improves performance on the fine-grained visual prediction tasks

described in Sections 4.5.6 and 4.5.7 as reported in Table 4.11 (columns 3-4). This

result challenges the conjecture made in prior work that CLIP representations are

limited in their ability to provide accurate low-level spatial information [70] and

emphasizes the critical role of appropriate representation aggregation.

Building on this result, we assess whether better spatial aggregation can improve

the performance of CLIP representations on downstream control tasks. We present

these results in Table 4.11 (columns 5-6) for VC-1 and CLIP on the MuJoCo

tasks. We see that the compression layer often outperforms the use of CLS token

embeddings (by 1-2%), but CLIP representations still fail to match the best-

performing models. This result provides evidence that the underperformance of

CLIP representations on control tasks is unlikely due to a lack of sufficiently

fine-grained visual information. Finally, we note that the compression layer

aggregation technique was used for all baselines in Tables 4.1b and 4.1c to ensure

a strong baseline comparison. We recommend that future studies adopt this

methodology to enable a fairer comparison of representations.

4.7 Discussion

In section 4.6, we deconstructed Stable Control Representations and highlighted

techniques used in our approach that could be applied to extract representations

from other foundation models. Our analysis in Sections 4.6.1 and 4.6.4 revealed that

Table 4.11: We ablate the spatial aggregation method for VC-1 and CLIP. On the
fine-grained visual prediction tasks, we compare the average precision between using
multi-head attention pooling (MAP) and the compression layer. On the Meta-World
& Franka-Kitchen tasks, we compare the average success rates (± one standard error)
between the CLS token and compression layer embeddings.

Model Aggregation Refer Exp. Grasp Affordance Meta-World Franka-Kitchen
Method Grounding Prediction

VC-1 MAP/CLS 93.2 24.7 88.8 ± 2.2 52.0 ± 3.4
VC-1 Compression 94.6 83.9 92.3 ± 2.5 47.5 ± 3.4
CLIP MAP/CLS 68.1 60.3 88.8 ± 3.9 35.3 ± 3.4
CLIP Compression 94.3 72.9 90.1 ± 3.6 36.3 ± 3.2
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using multi-layer features and appropriate spatial aggregation significantly affects

performance, and overlooking these factors can lead to misleading conclusions about

the capabilities of previously used representations.

Next, our investigation into how language prompts shape diffusion model represen-

tations uncovered nuanced results and showed that text influence on representations

does not consistently increase downstream utility. This is particularly evident

in tasks where text specification is not required and where training and test

environments are congruent, minimizing the need for semantic generalization.

In contrast, tasks like referring expressions grounding demonstrate the necessity

of direct access to text embeddings for accurate object localization, even when

representations are modulated to considerable success. For the OVMM task, we

identified a scenario where multimodal alignment is essential and proposed a method

to explicitly utilize the latent knowledge of the Stable Diffusion model through

text-aligned attention maps, which is not straightforward to do for other multimodal

models. Future research could design methods to derive precise text-associated

attribution maps for other models.

Finally, we contrasted the simplicity of fine-tuning diffusion models with that of the

contrastive learning objective required to fine-tune CLIP representations. The former

only requires image-text samples for the conditional generation objective, whereas

the latter requires a sophisticated negative label sampling pipeline along with large

batch sizes to prevent the model from collapsing to a degenerate solution [121]. We

demonstrate this phenomenon empirically on the Franka-Kitchen environment by

fine-tuning CLIP similarly to SCR-ft in Section 4.5.5.

4.8 Conclusion

In this chapter, we proposed Stable Control Representations, a method for leveraging

representations of general-purpose, pre-trained diffusion models for control. We

showed that using representations extracted from text-to-image diffusion models for

policy learning can improve generalization across a wide range of tasks including

77



University of Oxford

manipulation, image-goal and object-goal based navigation, grasp point prediction,

and referring expressions grounding. We also demonstrated the interpretability

benefits of incorporating attention maps extracted from pre-trained text-to-image

diffusion models, which we showed can improve performance and help identify

downstream failures of the policy during development. Finally, we discussed ways

in which the insights presented in this chapter, for example, regarding feature

aggregation and fine-tuning, may be applicable to other foundation models used

for control. We hope that Stable Control Representations will help advance data-

efficient control and enable open-vocabulary generalization in challenging control

domains as the capabilities of diffusion models continue to improve.
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Beyond leveraging powerful pretrained representations, efficient agents must also act

efficiently by leveraging relevant context across long timeframes. This is particularly

critical in tasks where delayed rewards necessitate recalling key past events over

extended horizons. Standard transformer architectures struggle with such long-

horizon reasoning due to both computational and memory constraints. To address

this, the following chapter introduces Memo, a memory-augmented transformer

framework that enables agents to summarize and store past experience using
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learned memory tokens. Memo allows agents to maintain compact, scalable memory

representations while retaining the capacity for long-term decision making.

5.1 Introduction

Humans intuitively prioritize and retain memories relevant to their current tasks,

filtering out irrelevant details such as the color of a house’s walls along a route

unless it serves as a crucial navigation landmark. Similarly, reinforcement learning

(RL) agents must learn to selectively retain and access task-specific memories guided

by task objectives rather than predefined rules. This ability is especially critical for

long-horizon tasks, where delayed rewards make credit assignment challenging and

necessitate efficient training and inference over extended timescales to effectively

capture the relationship between past and future events.

Recently, Transformers have become the go-to framework for sequence modeling

due to their flexible and expressive encoding, free from the fixed-size constraints

of recurrent neural networks (RNNs) [32, 61]. However, it assumes access to all

past information at each step rather than selectively retaining relevant memories,

which can lead to inefficiencies and make it harder to extract task-relevant infor-

mation for decision-making. Their quadratic attention complexity further limits

scalability, making it challenging to process long contexts efficiently, especially when

gradients must propagate over large sequences. At test time, Transformers face

another practical challenge: storing an increasingly large key-value (KV) cache is

computationally expensive, and attending over ever-growing contexts requires the

ability to generalize beyond the temporal patterns seen during training.

To address these challenges, we propose Memo, a novel framework that enhances

transformer-based agents by enabling them to summarize and index past experiences

through specialized summary tokens. Memo introduces a simple yet effective training

procedure where transformers learn to compress their experience by periodically

generating summary tokens that encode relevant past information. These summary

tokens are stored in a dedicated memory buffer, allowing the model to attend to
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condensed representations of prior states instead of maintaining a full-context cache.

This enables Memo to maintain a compact memory footprint at inference, reducing

computational costs while preserving long-horizon reasoning capabilities.

Inspired by advancements in extending context lengths in language models, Memo

adapts these principles to reinforcement learning (RL), addressing the unique

challenges presented by RL tasks. Specifically, Memo integrates with both on-policy

and off-policy RL agents, leveraging learned compression mechanisms to enhance

sample efficiency and generalization in sequential decision-making settings. We

demonstrate its effectiveness across diverse tasks, including a grid world and a

3D indoor navigation task in Habitat. Memo matches or outperforms the naive

transformer baseline, which requires storing its entire context, leading to an 8-10×

larger cache. Despite using significantly less memory, Memo achieves better in-

context learning (ICL) behavior, higher success rates, and shorter path lengths

in unseen environments. On large-scale navigation tasks, we show that Memo

also exhibits superior robustness in streaming settings where the cached context is

truncated, demonstrating improved adaptability under limited inference budgets.

Our contributions are summarized as follows:
• We propose Memo, a framework that enables transformers to learn to summarize

and store task-relevant past experiences, reducing computational costs while

maintaining long-horizon reasoning capabilities.

• We evaluate Memo on sequential decision-making tasks, demonstrating its

efficiency and improved in-context learning behavior compared to transformers

that require full-context storage.

• We show that Memo is a general and versatile memory augmentation technique

applicable to both on-policy and off-policy RL agents for long-horizon tasks.

81



University of Oxford

5.2 Related Work

In this section we briefly review research on extending context limits of transformers

in language modeling, as well as the state of the art in long sequence modeling and

decision making in RL.

Extending Transformer Contexts in language: A significant limitation of

current large language models is their restricted input context length, prompting re-

search into methods for scaling and generalizing to larger contexts [184, 107, 58, 142].

Key-value (KV) caching can reduce recomputation at training [36] or inference time

[114], by storing and reusing self-attention outputs during decoding. [122] further

reduce memory by maintaining a compressed cache, though this compression is not

completely task-guided.

Beyond compute efficiency, recent work explores dynamic context extension. Re-

current Memory Transformer (RMT) [23] introduces summarization tokens to

periodically compress and propagate prior context while discarding older tokens.

Autocompressors (AC) [30] extend this by accumulating generated summaries across

context windows, avoiding RMT’s fixed-size memory but still truncating gradient

propagation through summaries. We extend this context summarization approach to

the more involved setting of reinforcement learning (RL), where summarization must

support decision-making and handle credit assignment over long horizons. Unlike

AC, which fine-tunes pretrained models on a supervised token prediction task with

limited gradient propagation—and aims to match but does not surpass full-context

transformer baselines—we train from scratch, integrating summarization directly

into the RL optimization process and propagating gradients across all summaries.

This enables more effective task-driven memory formation, surpassing full-context

transformer baselines in both efficiency and scalability.

Transformers in RL: Transformers, while widely used in self-supervised language

modeling [39, 19], have seen slower adoption in reinforcement learning (RL) due to

challenges like sparse rewards, optimization instability, and limited batch sizes in

on-policy RL. However, as we move to more complex tasks that demand long-horizon
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planning and reasoning over past experiences, transformers have shown promising

initial results, outperforming recurrent models in POMDPs when encoding longer

temporal dependencies [109].
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Figure 5.1: Architecture Diagram of Memo. The frames O1−3lseg depict the input
sensor observations to the agent at timesteps 1− 3lseg. The figure depicts the information
flow between three consecutive segments of a much longer context of inputs provided to a
transformer during training. The summary tokens bottleneck the information passed on
from one chunk of inputs to the next.

To stabilize transformer training in partially observable RL, Parisotto et al. [116]

used KV caching while restricting gradient propagation to a small window of

time steps, limiting the learning of long-term dependencies. More recently, ReLIC

[43] improved convergence of on-policy RL algorithms by unfreezing the historical

context within a rollout and applying frequent updates, while AMAGO [54] adapted

off-policy RL to train with a shared transformer backbone. While these methods

enhance long-horizon learning, ReLIC’s high computational cost and slow training

hinder scalability, and AMAGO is limited to small state-space observations, reducing

its applicability to more complex tasks. Our approach addresses these challenges

by enabling efficient memory utilization and leveraging a more scalable transformer

architecture for extreme long-horizon decision-making.

5.3 Methodology

This section outlines our methodology for memory-augmented in-context reinforce-

ment learning (RL). We first formalize the problem and describe the in-context

RL algorithms and the sequence model we consider, in Section 5.3.1. We then

introduce our context summarization mechanism in section 5.3.2, and describe

key implementation details including the attention masking, positional encoding,

segment randomization and cache management scheme we use.
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5.3.1 Problem Setting

In this work, we study tasks that require a model to perform sequential decision-

making over long executions while leveraging its experience history to improve

efficiency over time. Many diverse reasoning problems fall into this category,

ranging from embodied navigation to language modeling.

We formalize these tasks as partially observable Markov decision processes (POMDPs),

which extend standard Markov decision processes (MDPs) to settings where the

agent cannot directly observe the underlying environment state. A POMDP is

defined by the tuple MPOMDP = (S,A,O,P , r, d0, γ), where S is the set of latent

states, A the action space, O the set of possible observations, P(s′ | s, a) the

transition kernel, r(s, a) the reward function, d0 the initial state distribution, and

γ the discount factor. At each timestep, the agent receives an observation ot ∈ O

generated according to the environment’s observation function, which may only

partially reveal the underlying state st.

We adopt an in-context reinforcement learning perspective, in which models adapt

and improve their behavior based on past inferences rather than relying on pre-

collected supervised datasets. By integrating the history of observations and actions

into the agent’s context, we can transform the POMDP into a fully observable MDP

over historical sequences, enabling the use of standard on-policy and off-policy RL

methods.

Concretely, we employ a sequence encoder to model the agent’s policy. At each

timestep t, the encoder receives the sequence of past observations and actions

Xt = {(o1, a1), . . . , (ot−1, at−1), ot}, and produces a hidden representation ht =

SeqEnc(Xt), which integrates information from the entire history up to time t. The

policy distribution and value estimate are then computed using learnable actor and

critic heads: π(at | ht), V (ht), where at ∈ A is sampled according to the policy

π. This design allows the agent to handle partial observability by conditioning

decisions on the full sequence of past experiences.
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In-Context RL Algorithms: In in-context RL, an agent adapts over time by

conditioning on its entire past within a trial. A trial consists of multiple episodes,

where each episode resets upon termination, but the agent retains memory across

episodes. These episodes share a common underlying context—such as environment

dynamics, task structure, or goal distribution—enabling the model to leverage past

experiences for more efficient adaptation. Sequence models like Transformers encode

history by attending to all previous timesteps within a trial, allowing the agent to

infer temporal dependencies and adjust its behavior accordingly. However, as trial

lengths increase, attending to all past timesteps becomes computationally infeasible.

To address this, we introduce Memo, a method for constructing and accessing

memory representations in Transformers to improve long-term context management

in RL, as described in section 5.3.2. To demonstrate its efficacy and broad

applicability to long-context RL, we integrate Memo with both on-policy and

off-policy RL method:
• On-policy RL: We incorporate our memory mechanism into RELIC [43], an

adaptation of DD-PPO [169], which applies frequent partial updates during

trajectory rollouts to help transformer policies learn more effectively from in-

context experiences.

• Off-policy RL: We extend Memo to AMAGO [54], which trains transformer-based

policy using a shared sequence encoder and unified actor-critic loss to improve

stability and learning efficiency.

5.3.2 Context Summarization in Memo

Following [30], we introduce context summarization as a learned sub-task that

enables the transformer encoder to compress and retain task-relevant information

from long observation histories. This mechanism allows the model to efficiently

process past experiences while optimizing for task rewards in RL. Our approach uses

learnable summary embeddings to prompt the transformer to generate summary

tokens at predefined intervals, ensuring efficient memory utilization in long-horizon

tasks.
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Instead of attending to the full sequence history, the transformer periodically

compresses past context into summary tokens, which are then fed back into the

model in future timesteps. We partition long input sequences into segments of

length lseg, and generate lsum summary tokens at the end of each segment. These

tokens act as compact memory representations, allowing the model to condition

on past experiences without requiring access to raw observations. The encoding

and integration of summary tokens into future segments are illustrated in fig. 5.1,

and the pseudocoe is provided in appendix C.0.4. The summarization mechanism

is trained end-to-end through the RL objective, allowing the model to attend over

and refine all previously generated summary tokens. Gradients propagate through

the attention mechanism, ensuring that memory updates remain task-driven.

Attention Masking: We use causal masking which includes all the previous

summary tokens as well as the previous observations within the segment being

processed at time step t. This excludes any previous observation that contributed

to and that was processed before the most recent summarization. This creates

a bottleneck for the flow of historical information to be solely through summary

tokens.

Positional Encoding: To add positional awareness, we assign indices to an

observation at time step t based on its relative position within a segment. We

use the same positional encoding method (linear or ROPE) used by the baseline

implementation which we will be comparing to. The position labeling scheme in

a naive full-context transformer input has indices which run from 0 to the length

of the context window. In Memo, the input context at time step t in the rollout

consists of n ∗ lsum summary tokens and the latest segment’s observations, where

n = ⌊t/lseg⌋. The position indices thus range from 0 to n∗ lsum - 1 for the summaries

and then start from n ∗ lsum and go to t − n ∗ lseg + n ∗ lsum for the most recent

observations in the latest segment. The summary embeddings at the end of a

segment are assigned indices following those of the last segment observation.

Segment length randomization: Following Chevalier et al. [30], we randomize
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segment lengths during training by sampling uniformly within ±20% of a fixed lseg.

This approach, which previously showed small improvements in perplexity for token

prediction, will be ablated in 5.4.8. A fixed lseg is used during data collection and

evaluation, while training uses randomized segment lengths.

Maintaining the KV Cache: In on-policy RL, the KV cache stored during

action selection can become stale after a model update, as the new weights would

encode different representations for the same past context. This divergence is

problematic since policy decisions depend on context, making consistency crucial.

ReLIC addresses this by refreshing and re-encoding the KV cache with the latest

model weights after every on-policy update. We extend this approach to memory

tokens, ensuring consistency by recomputing the summary vectors alongside the

KV cache refresh. This guarantees that both cached representations and learned

memory remain aligned with the current policy.

5.4 Experiments

In this section, we present experimental results highlighting different aspects of our

proposed method. We first describe the tasks and baselines used in our experiments,

followed by different experimental insights in the following subsections.

5.4.1 Benchmarks

ExtObjNav: The Extended Object Navigation (ExtObjNav) task, first intro-

duced in [43], builds on the ObjectNav task commonly used in embodied AI

research [15, 100]. While ObjectNav requires an agent to navigate to a single

object goal in an episode, ExtObjNav focuses on how performance evolves when

the agent is repeatedly tasked with reaching different object goals within the

same scene. The task evaluates the agent’s ability to leverage memory—utilizing

information from prior exploration during navigation to reach subsequent goals.

The ExtObjNav task uses 37 training and 12 validation scenes from HSSD [75]

and includes 20 object instances from the YCB dataset [26]. These objects can be
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randomly placed on receptacles throughout the scene, with each placement featuring

an average of 30 objects sampled from the 20 instances. We use 11,100 novel

placements during training and 108 during evaluation. A sample scene is shown in

fig. 5.2a.

In ExtObjNav, embodied agents are trained and evaluated over trials, each

consisting of a sequence of episodes with the same object placement in a scene.

Each episode of ExtObjNav mirrors ObjectNav in structure, with the agent

being randomly spawned in the environment and tasked with locating an object

from a sampled object category. Episodes are capped at 500 steps, while trials are

limited to 4096 steps during training (unless specified otherwise) and 32k steps

during evaluation.

The agent is a Fetch robot with a head mounted camera, which outputs 256x256

RGB images, and an odometry sensor that provides relative position and orientation

data w.r.t. the episode’s starting position. It operates in a discrete action space:

Forward (0.25m), TurnLeft (0.3°), TurnRight, and Stop. An episode is successful if

the agent stops within 2m of the goal target with the object in view, occupying at

least 10 pixels in the image.

In the following sections, we report results using the success rate (SR) and success

weighted by path length (SPL) metrics, with SPL measuring the efficiency of the

agent’s navigation relative to the shortest possible path. Results are computed over

32k interaction steps on the validation set and plotted at intervals of 500 steps by

averaging the metrics for the episodes finished within each interval. All experiments

are conducted over 10 random seeds. Further details are provided in appendix C.0.1

Dark-Key-To-Door: Dark-Key-To-Door [85] is a Meta-RL [16] benchmark where

an agent needs to find an invisible key to open an invisible door in a 9x9 2D

gridworld. The agent is given +1 reward for finding the key and door each. The

agent only knows its (x, y) position at every timestep and needs to remember the

key and door position based on the reward received during previous episodes.

Each episode can last for a maximum of 50 timesteps, while the total trial duration
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is fixed at 500 steps. We evaluate the agent’s performance by reporting the average

reward achieved across 960 trials and 3 seeds in validation environments. An agent

that effectively utilizes contextual information to infer the key and door locations

can complete multiple episodes efficiently within a trial, achieving a total reward

greater than 50.

5.4.2 Baselines

Below, we describe the main transformer-based baselines that we compare Memo

to in this work.

• The full context transformer baseline corresponding to ReLIC [43] and

AMAGO [54]. We refer to it as FCT in the following sections for brevity.

• Transformer without Inter-Episode Attention (no-IEA): We modify the

attention masking such that the model can’t attend over previous trials in the

rollout. This sets a lower bound for what the performance would be if the model

didn’t do in-context learning and simply used its current trial’s observations to

explore and find objects.

• Recurrent Memory Transformers (RMT): We also include a recurrent-only

version of Memo that does not accumulate summary tokens. This baseline

represents an implementation of RMT [24] adapted for the RL setting. The

purpose of this comparison is to evaluate the benefits of Memo’s summary

accumulation against a fixed-size memory constraint. To ensure a fair comparison,

we set the fixed memory size in RMT equal to the total number of summary tokens

Memo would accumulate over multiple segments (lsum * number-of-segments).

• Autocompressors (AC): Memo with a pre-trained initialization and highly

truncated backpropagation through time TBTT. This represents an implemen-

tation of AC [30] tailored to the RL setting.

We exclude RL2 and Tr-XL due to their poor performance in our preliminary

experiments and also in the results of [43, 54] - these baselines never managed to

achieve more than a 10% success rate. In the case of Tr-XL, this is likely because
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(a) ExtObjNav (b) Results on ExtObjNav

Figure 5.2: (Left) Overhead view of a training scene in Habitat simulator. The
ExtObjNav task involves placing multiple objects around the house, and then sampling
an object category as the goal each time the previous goal is reached. The figure shows
some sample objects that may be placed around the house, such as Banana, Cracker
Box, etc. (Right) Val success rate and SPL curves over 32k in-context learning steps in
novel scenes, for different methods trained with ReLIC. We compare Memo to the the
full-context transformer (FCT), the FCT variant which does not attend over previous
episodes (no IEA), the recurrent memory transformer (RMT), and the Autocompressors
(AC) variant.

the cached history is frozen and there is no way for the model to learn how to

encode inputs better such that these encodings are useful in the far future, but it is

possible that given a much larger history window size and compute budget it could

start to learn a better policy. In the following subsections, we present experimental

insights examining how Memo’s memory creation mechanism and training recipe

enhance long-horizon reasoning and in-context learning. Each subsection highlights

and focuses on a specific finding and analyzes a subset of baselines drawn from

figures that are shared across multiple sections, allowing us to do a more structured

comparison.

5.4.3 Summarization Outperforms Full In-Context Access

We first show that SCR achieves higher performance and exhibits better ICL-ability

compared to naive full context transformer (FCT) while using significantly less

tokens in-context during evaluation.

In fig. 5.2b, we report the validation SR and SPL on the ExtObjNav task over 32k

environment steps. All methods are trained using on-policy RL technique proposed

by ReLIC. Memo is trained with a segment length of 256, 32 summarization
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tokens, and a trainable rollout length of 4096. We observe that Memo outperforms

FCT achieving 7.5% higher SR and 2.5% higher SPL on average while using 8x

fewer tokens (details in Table C.1). We see that both Memo and FCT show in-

context learning ability and continue to increase their performance up to 10k steps

(∼2.5x of the training context length). Beyond this point, both methods experience

performance degradation due to limitations in context length extrapolation. Notably,

FCT degrades more than Memo in SR, while both show similar degradation in

SPL. The single-episode variant (Transformer - no IEA) performs significantly

worse, highlighting the disadvantage of not leveraging historical context in this

navigation task. We also compare the GPU memory and FLOPs for Memo and

FCT in appendix C.0.5, and their sample-efficiency in appendix C.0.9.

In fig. 5.3a, we present a similar comparison on the Dark-Key-To-Door environment,

reporting the average total return over trials as training progresses. All methods

are trained using the off-policy RL algorithm AMAGO. We see that both Memo

and RMT match the FCT baseline, achieving peak performance on validation

episodes by 40M training steps. Interestingly, FCT shows a notable performance

drop around the 35-40M step mark across all seeds, while Memo remains maintains

stable convergence. This is likely due to training instability commonly observed in

long-context RL [54, 116], highlighting further training challenges with full-context

models.

The consistent performance gains observed across both on-policy (with ReLIC) and

off-policy (with AMAGO) RL setups demonstrates that our proposal to augment

transformer policies with summarization enhances long-context modeling capabilities

while being independent of the specific RL algorithm used.

5.4.4 Advantage of Summary Accumulation Over Fixed

Recurrent Memory

The summary accumulation mechanism in Memo addresses the limitations of both

transformers and recurrent models. While transformers can model full context, they
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(a) Results on Dark-Key-To-
Door

(b) Comparison between Memo and AC variants on
ExtObjNav.

Figure 5.3: (Left) We plot the average return over evaluation trials of 500 steps,
consisting of 10 or more episodes, plotted against the training progress. We compare
Memo, RMT and FCT, when training with the AMAGO RL algorithm over 3 random
seeds. (Right) On ExtObjNav, we find that restricting gradient propagation to a few
consecutive windows (AC (TBTT)) performs much worse than allowing all past segments
to remain trainable (AC (all segments)). While AC (all segments) initially performs
slightly better than Memo, it suffers from severe performance degradation over time,
converging to AC (TBTT) after 16k steps.

suffer from significant memory overhead with long sequences. In contrast, recurrent

models are memory-efficient but struggle to propagate gradients effectively over long

horizons due to vanishing or exploding gradients. Summary accumulation mitigates

context explosion by periodically summarizing experiences and propagating these

summaries forward, allowing earlier memories to directly influence outcomes at

later timesteps. Unlike recurrent models, where gradients must pass through all

intermediate steps, summary accumulation ensures that each summary vector

contributes directly to the loss function at later timesteps without degradation. For

example, at timestep 1000, all prior summaries still provide an undiminished signal

to the optimization process.

We empirically validate this by comparing Memo’s summary accumulation to our

implementation of Recurrent Memory Transformer (RMT) where only summaries

generated at the end of the current segment are propagated to the next segment.

To ensure fairness, we allow the recurrent model a larger summary size. Even with

this adjustment, Memo achieves faster convergence, improving training speed by

over 10M steps on the Dark-Key-To-Door task (fig. 5.3a). We also visualize the

performance of the recurrent variant (RMT) on ExtObjNav in fig. 5.2b, using the

same summary length as Memo. Here, RMT achieves a lower success rate, further
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highlighting the benefits of Memo’s approach.

This analysis demonstrates that summary accumulation not only balances memory

efficiency and expressivity but also enhances optimization by enabling direct gradient

flow to earlier experiences, improving stability over long horizons.

5.4.5 Importance of Long-Horizon Gradient Propagation:

Comparison to Autocompressors

Since Memo’s summarization approach is inspired by the Autocompressors (AC)

method from the language modeling domain, we investigate how following the

exact training setup from AC would perform in our setting.This involves pre-

training a transformer policy on a shorter context length before fine-tuning it with

summarization to extend its effective context length. We first train a baseline

transformer with a context size of 1024 for 350M steps (half of the total training

horizon for other baselines). This model serves as the weight initialization for our

AC model, which is then fine-tuned for 350M steps with segment length lseg = 256,

summary length lsum = 32, and a trainable rollout length of 4096. Following AC,

we employ Truncated Backpropagation Through Time (TBTT) during training,

restricting gradient propagation to summary tokens from only the two preceding

segments; we refer to this variant as AC (TBTT). For a fairer comparison to

other methods, we also train a version of AC where gradients are propagated across

all segments within the rollout, referred to as AC (all segments). This setup

is identical to Memo, except it’s bootstrapped from a pre-trained model with a

shorter context length.

We discover that this limited propagation is insufficient for tasks requiring long-

horizon memory, as AC (TBTT) fail to capture dependencies spanning extended

horizons. As illustrated in fig. 5.3b, AC (TBTT) exhibits poorer in-context

improvement in object-finding tasks compared to AC (all segments). While AC (all

segments) slightly surpasses Memo in SR and matches it in SPL during the first

6-8k steps, its performance degrades significantly over time, eventually converging
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to AC (TBTT) after 16k steps. This suggests that while a short context length pre-

trained checkpoint can offer some initial advantage, it ultimately hinders effective

generalization to longer contexts.

5.4.6 Extrapolation and Experience Subsampling During

Evaluation

Avoiding memory explosion due to KV cache accumulation is a challenge for

transformers at inference time. We evaluate Memo and the FCT baseline in a

streaming setting, where only the most recent T KV cache elements are retained

for inference, enforcing a fixed memory limit. To keep our setup simple, we do

not update the KV cache to account for shifts in token position indices relative

to the retained cache. We set T based on the context length at 6k env steps,

as both Memo and FCT exhibit ICL generalization up to at least 6k steps (see

fig. 5.2b). Thus, on ExtObjNav, we use T = 6k for Streaming Transformer and

T = 1024(= round(6000/256) ∗ 32 + 256) for Streaming Memo, since 6k steps

correspond to 24 sets of summary tokens when lsum = 32 and lseg = 256.

We present the results in fig. 5.4a. Streaming Memo not only maintains performance

through the trial but even outperforms Memo with full memory access in terms

of ICL trend. In contrast, the Streaming Transformer undergoes a significant

performance drop once streaming begins at 6k steps. Although methods like

StreamingLLM [171] address the issues faced by the Streaming Transformer, Memo

achieves strong performance without requiring such modifications. Additionally,

Streaming Memo provides a way to maintain peak ICL performance by identifying

the highest-performing context length during evaluation and initiating streaming

beyond that.

5.4.7 Finetuning

In figs. 5.2b and 5.4a, we see a saturation in Memo’s ICL performance at ∼60%

SR. To investigate whether this limitation stems from suboptimal context length
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(a) Memo and Transformer streaming eval-
uations.

(b) Finetuning for 16k steps on ExtObj-
Nav.

Figure 5.4: (Left) We show a comparison between the accumulating context (default
setting) and the streaming version of Memo and the full-context transformer, where
streaming starts after 6k eval steps. This comparison highlights the robustness of
Streaming Memo, which maintains and even slightly improves performance, whereas
Streaming Transformer suffers a sharp decline. (Right) We see that finetuning over
a longer number of steps during training serves to partially fix the degradation due to
context length extrapolation.
extrapolation, we take Memo’s and FCT’s checkpoints trained until 1B steps and

fine-tune them on a 4× larger context size of 16,384 tokens for 500M steps. As

shown in fig. 5.4b, the ICL performance of both models improves when evaluated

over 32k environment steps. Notably, Memo (16k) outperforms Memo (4k) in SPL,

indicating that training with longer contexts enables the policy to find more efficient

paths. While the 16k full-context transformer (FCT) improves significantly over its

4k variant, it still achieves lower maximum SR and SPL compared to Memo (16k).

Interestingly, Memo (16k) generalizes up to 1.5× its training context length after

which it sees a slight degradation, whereas FCT (16k) maintains performance up

to at least 2×. This necessitates further research into the factors limiting Memo’s

long-context generalization, which we leave for future work.

5.4.8 Ablations.

Summary Length Ablation: There is a trade-off between creating or retaining

more memory and the compute saved when generating fewer tokens at training or

inference time. Additionally, creating more tokens pushes the model further into the

“extrapolation” regime, where its positional encodings stop generalizing effectively.

We vary the summary length between values 16, 32, and 64 (thereby varying the

compression ratio, lseg/lsum, between 16×, 8×, and 4×) on the ExtObjNav task

and plot the resulting performance in fig. 5.5a. We find that Memo is highly sensitive

to the choice of summary length. The main performance gap emerges after 6k
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(a) Summary length ablations (b) Segment length randomization.

Figure 5.5: Memo ablations. (Left) Effect of varying the number of memory tokens
(16/32/64), where 32 outperforms 16, and 16 outperforms 64. (Right) Performance of
Memo on ExtObjNav with and without randomization of the segment lengths at the
end of which summarization is done, showing the latter is significantly less data-efficient.

environment steps, where a summary length of 32 achieves the best generalization

across longer trajectories. In contrast, a summary length of 64 performs the worst,

likely due to summary tokens overfitting to the training context length (see fig. C.4a),

leading to redundant information storage and a lower signal-to-noise ratio.

Segment Randomization: In our main experiments, we adopted the strategy of

randomizing segment lengths as in [30] for Memo, AC, and RMT to make token

generation more robust to specific environment time steps. We randomized segment

lengths between [0.8, 1.2]×256, resulting in a range of [205, 307]. In this ablation, we

disable this randomization and evaluate the impact of using a fixed segment length

of 256, as shown in fig. 5.5b. We observe that this variant performs significantly

worse, not just during evaluation but in also training (see fig. C.4b). We hypothesize

that segment length randomization not only improves generalization by preventing

overfitting to fixed boundaries but also serves as a form of curriculum. By exposing

the model to segments of varying lengths, it naturally encounters both easier

(shorter) and harder (longer) compression tasks, fostering a progressive learning

effect. We present further results and ablations in appendices C.0.6 and C.0.7.

5.5 Discussion

In this work, we proposed a simple yet effective approach for training transformers

with memory in sequential decision-making tasks that require long-horizon reasoning.

By introducing a context summarization mechanism, Memo enables transformers

to retain and retrieve task-relevant information efficiently, significantly reducing
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computational overhead while maintaining long-term dependencies. Our experi-

ments demonstrated Memo’s key advantages over full-context transformer baselines.

In terms of performance vs. efficiency, Memo achieves comparable or superior

performance while attending to sequences over 8× shorter than the full-context

transformer. This improves scalability, enhances extrapolation to longer contexts,

and ensures robust performance in streaming settings, where past context must be

discarded due to inference constraints.

Furthermore, our analysis highlighted two key design choices: propagating gradients

across multiple summarization steps and accumulating summaries rather than

using a fixed memory size. We showed that allowing gradients to flow through

sequential memory updates significantly enhances long-horizon reasoning, while

memory accumulation improves retention of relevant past experiences, leading to

more effective decision-making.

5.6 Limitations

Our experiments focus on object navigation in unseen scenes, where agents locate

a fixed set of randomly placed objects. We do not evaluate semantic generaliza-

tion—i.e., navigating to entirely new object categories—since this would conflate

memorization with general object recognition capability. Future work could explore

leveraging foundation models in a more open-ended setting.

Additionally, while Memo effectively summarizes experience, we do not explore more

flexible memory mechanisms, such as memory consolidation, where past summaries

are progressively compressed. Investigating these strategies could further improve

long-term memory efficiency. We also do not explicitly study length extrapolation.

Our results indicate that compressed memory tokens improve robustness to longer

contexts and enable streaming inference, but extending generalization beyond

training limits remains an open challenge. Lastly, our memory mechanism is

trained end-to-end via the RL objective. Future work could explore self-supervised

objectives, such as future prediction, to enhance data efficiency in training memory
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representations.

While Memo demonstrates promising advances in memory-augmented policy learn-

ing, our evaluations have so far been limited to relatively constrained control tasks in

simulation. Critically, there is a lack of established benchmarks that systematically

test memory and long-horizon reasoning in open-ended, multimodal embodied

settings. This gap makes it challenging to rigorously assess how well memory

mechanisms—like those proposed in Chapter 5—generalize to more complex, realistic

scenarios. To address this, the following chapter introduces a new benchmark

specifically designed to evaluate and stress-test memory in embodied agents. This

benchmark enables us to move beyond simplified settings and provide a principled

framework for measuring progress on long-horizon memory, reasoning, and decision-

making in richly interactive environments.
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6.1 Introduction

Memory is a fundamental capability for intelligent agents that allows them to recall

past experiences, adapt to dynamic environments, and make informed decisions

over extended timescales. In humans and animals, it plays a crucial role in

navigation, reasoning, and goal-directed behavior. As we strive to develop more

capable embodied systems, equipping them with robust memory mechanisms is

essential — particularly in settings where agents must process high-dimensional

multimodal inputs to interact with their surroundings. The ability to store and

retrieve relevant information is the key to unlocking sophisticated behaviors, from

household assistance to autonomous exploration.
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Recent advances in Vision-Language Models (VLMs) have significantly improved

high-level reasoning and planning for embodied tasks. These models leverage large-

scale multimodal training to exhibit strong scene understanding and action-guided

perception. However, most existing VLM applications focus on short-term or static

tasks, such as image captioning or Visual Question Answering (VQA), which do not

require sustained memory usage. Extending these models to long-horizon embodied

control introduces new challenges: unlike VQA, which often involves processing a

single image or short video clip, embodied agents must integrate observations over

time, recall past experiences, and act accordingly within their environment.

While recent efforts have sought to extend long-context understanding in VLMs,

primarily through video-based QA or long-document comprehension [145, 174, 98],

these approaches fail to fully capture the complexities of long-term memory in

decision-making. Many existing QA benchmarks either rely on multiple-choice

formats, which enable guessing, or require extensive human annotation to curate

question-answer pairs that require models to attend to long video sequences. In

contrast, we propose embodied memory tasks—such as “navigating to a soft toy that

you did not rearrange yesterday" or “find the second object picked up earlier"—that

demand fine-grained recall and multi-hop reasoning over past observations. These

tasks provide a more rigorous test of memory capabilities, requiring agents to

track and respond to environmental changes rather than passively perceive static

information.

In this work, we introduce FindingDory, a benchmark designed to evaluate long-

horizon memory in highly photorealistic simulated environments. Our benchmark

consists of 60 diverse navigation tasks, which we categorize along various

axes of memory requirements, that require both long-range temporal and spatial

reasoning while discouraging heuristic shortcuts or random guessing. To ensure that

performance is directly tied to memory utilization rather than simple perception, we

curate scenarios where agents must recall past interactions to succeed. Additionally,

our benchmark features dynamic environments - where agent interactions modify

the scene - making it essential to reason over changing contexts. Furthermore,
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FindingDory is procedurally extensible, allowing tasks to scale in complexity

as vision-language models improve, ensuring continued relevance as embodied AI

progresses.

Unlike standard QA datasets that rely on subjective human annotations—such as

manually selected keyframes or hand-crafted question-answer pairs—our benchmark

leverages photorealistic simulation to enable automatic, objective evaluation of

memory-based navigation. These tasks go beyond static recall since they require

agents to perform complex spatio-temporal reasoning over past interactions. For

instance, tasks such as “navigate to any object that you interacted with yesterday"

demand not only accurate memory retrieval, but also strategic decision-making to

identify and navigate to the nearest valid target from where the agent is currently

positioned. In FindingDory, we introduce metrics that quantify task completion

efficiency and not just successful recall.

Our key contributions are:

1. A benchmark for evaluating long-horizon memory in embodied decision-

making, featuring 60 diverse navigation tasks in highly realistic indoor

environments.

2. A comprehensive evaluation of VLM based high-level policies combined with

low-level navigation policies, analyzing their performance and limitations in

memory-intensive tasks.

3. A systematic and extensible evaluation framework with metrics that enable

future advancements in memory-efficient embodied agents.

6.2 Related Work

Table 6.1: Comparison of FindingDory with popular memory-focused embodied AI
benchmarks.

Benchmark Photorealism Semantic Reasoning Task Specification Template Categories # Resulting Tasks Memory Length (π∗) Isolates Memory
MemoryMaze [118] ✗ ✗ One-hot ✗ 1 500-1000 steps ✗

MemoryGym [120] ✗ ✗ One-hot ✗ 3 128-512 steps (Extensible) ✗

MultiON [164] ✓ ✗ One-hot ✗ 1 500 steps ✗

SIF [105] ✓ ✓ Language 3 240 (val/test) ✗ (Uses semantic map) ✗

OpenEQA (Active) [101] ✓ ✓ Language ✗ 1600 75 steps ✗

GoatBench [76] ✓ ✓ Language + Image ✗ 1800− 3600 (val) 500 steps (Static Env) ✗

Excalibur [189] ✓ ✓ Language 11 21 Requires exploration ✗

Ours ✓ ✓ Language 11 ≈ 6000 (val) 500-3500 steps (Extensible) ✓
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In this section, we review related work on long-video question answering and

embodied AI benchmarks that incorporate historical experience in their problem

formulation. We defer the discussion of different approaches for augmenting policies

with memory-like mechanisms to Appendix D.3.1.

6.2.1 Video QA benchmarks

Recent analyses of video QA benchmarks [103, 21] show that many tasks can be

solved by attending to key frames, not full video sequences, suggesting that current

benchmarks may favor keyframe selection over evaluating long-term memory. Long-

context evaluations for foundation models also focus on “needle-in-a-haystack” tasks,

evaluating retrieval of specific details rather than integrating information across

many segments [185]. While recent video benchmarks feature more challenging

questions [103, 90, 161, 47, 145, 144, 89, 124, 178, 187, 101], they adopt multiple-

choice QA formats which are not suitable for evaluating fine-grained decision-making

over long histories. They may also allow models to succeed through guessing and

are not extensible since they require substantial human annotation effort.

6.2.2 Embodied AI benchmarks

Various benchmarks have been proposed to evaluate multi-modal language models

in embodied settings where agents must leverage their experience in environments to

improve future decision-making [164]. Many focus on embodied question answering

(EQA), such as HM-EQA [125], which requires active exploration, and Open-EQA

[101], which tests VLMs in a passive setting with pre-collected episode histories.

Notably, Open-EQA found that a blind LLM baseline—one that ignores visual

input—still performed well, suggesting that multiple-choice evaluation can introduce

biases and reduce the need for genuine memory recall. Other benchmarks study

the situated instruction following setting where agents must gather information

to interpret ambiguous instructions [131, 96, 105]. However, many allow agents to

sidestep memory challenges by precomputing relevant objects and locations based on

recent history, effectively turning potentially memory-intensive tasks into structured
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instruction-following problems. Memory-Maze and Memory-Gym [118, 120] focus

on partially observable decision-making with history-based state modeling, but their

simplistic visuals and small state spaces limit their relevance to complex real-world

memory settings.

In Table 6.1, we compare our proposed benchmark to the most related benchmarks

within embodied AI and RL research with respect to the following desired properties:

1. Photorealism: Measures the visual complexity of environments, affecting

the meaningful evaluation of foundation models trained on real-world data.

2. Scope of semantic reasoning needed over memory: Distinguishes

between benchmarks that require agents to recall diverse semantic information

versus a narrow set of attributes such as object locations.

3. Task Specification: Evaluates whether tasks are defined using flexible

language-based descriptions, enabling richer memory challenges.

4. Memory horizon length: Adapting the definition from [110], this measures

the temporal scope over which memory must be maintained for optimal

task performance. Unlike static benchmarks requiring localized frame recall,

dynamic environments demand reasoning over events distributed across

extended observation sequences. This metric becomes difficult to quantify

when tasks require substantial exploration phases.

5. Memory isolation: Whether benchmark performance isolates memory

evaluation from confounding factors, particularly exploration requirements,

which represent orthogonal challenges to memory recall and reasoning.

Our benchmark isolates memory evaluation by avoiding confounding related to

exploration and focuses on careful and extensible task curation with automated

metrics, requiring agents to recall and reason over long-horizon environmental

observations.
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6.3 FindingDory

In this section, we describe the design and construction of our embodied memory

benchmark, FindingDory. We first outline the benchmark structure, then detail

the constituent tasks and simulation setup.

6.3.1 Benchmark Overview

The goal of FindingDory is to evaluate an agent’s ability to retain and utilize

past experiences to efficiently complete future tasks. Unlike standard navigation or

perception-based evaluations, our benchmark explicitly tests memory by structuring

tasks around past interactions rather than only immediate observations. To achieve

this, we design a two-phase setup consisting of an experience collection phase,

where scripted oracle agents autonomously gather experiences in the environment,

followed by an interaction phase, where they are evaluated on their ability to

recall and act upon that history. This decomposition allows for a controlled and

standardized evaluation of memory, ensuring that the agent’s ability to remember

past interactions is isolated from its ability to explore effectively.

The experience collection phase introduces dynamism into the environment by

having the agent interact with and rearrange different objects. This ensures that

the history contains meaningful state changes, allowing us to construct tasks that

require spatio-temporal reasoning. Using oracle information from the simulator,

the agent picks up objects from one location and places them onto designated

receptacles (e.g., a table, chair, or bed). Episodes vary in length, spanning 400

to 3500 frames, with 2 to 11 object pick-and-place interactions (further details in

appendix D.2.2).

Once the experience collection phase ends, the interaction phase begins. Here, a

task is sampled from a predefined set of templated instructions, requiring the agent

to recall and act upon the state of the environment from the previous phase. The

agent is provided with access to its full history, including recorded images, pose,

and past actions, and is tested on its ability to integrate long-term memory into
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decision-making.

Due to the photorealistic visuals and object diversity of the Habitat simulator,

FindingDory provides a practical and transferable setting for evaluating large-

scale vision-language models. Since many VLMs are pretrained on real-world images,

they can readily interpret frames from this environment—enabling realistic memory

evaluations in simulation, where long-horizon, multimodal interaction data can be

collected at scale. This makes FindingDory especially suitable for studying how

current foundation models integrate memory into decision-making.

Table 6.2: Task Categories with Example Prompts and their Challenges. See
appendix D.6 for detailed examples.

Task
Category Example Instructions Memory Requirement

Sp
at

ia
l

Object
Recall Navigate to a {category}. Object was previously seen or

needs exploration.

Interaction Navigate to any object that you did not
interact with yesterday.

Differentiate between
interacted & uninteracted
objects.

Conditional
Interaction

Navigate to a {receptacle_category} you
picked an object from.

Object categories,
object-receptacle
relationships.

Object
Attribute

Navigate back to a {target_color} colored
object that you interacted with yesterday.

Object attributes other than
category.

Spatial
Relationship

Navigate to the object which you
interacted with which is the farthest from
your current location.

Spatial relationships to
objects.

Room
Visitation

Navigate to a room that you did not visit
yesterday.

Room boundaries and past
interactions.

Te
m

po
ra

l

Interaction
Order

Navigate to the object you interacted with
immediately after {object_category}.

Sequence of objects
interactions.

Time-Based Navigate to the object that you interacted
with at {HH:MM} yesterday.

Time of interaction & final
position of objects.

Duration
Tracking

Navigate to the object which took the
longest time to rearrange. Duration of interactions.

M
ul

ti-
G

oa
l Unordered

Revisitation
Revisit all the receptacles you picked
objects from yesterday.

Past locations of multiple
objects and best visitation
order.

Ordered
Revisitation

Revisit all the objects you interacted with
yesterday in specific order.

Similar to unordered
revisitation but with strict
sequencing.
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6.3.2 Tasks

Our benchmark is designed to evaluate a broad spectrum of memory challenges faced

by embodied agents, moving beyond narrow tasks that could be solved using simple

heuristics or non-generalizable strategies. We define several templated tasks

that evaluate an agent’s ability to integrate and recall different forms of memory

across spatial, temporal, and semantic dimensions. Some tasks require recalling

specific objects or receptacles, tracking when (e.g., temporal ordering) and how

(e.g., interaction type: picked vs. placed). Others demand awareness of room-level

context (e.g., rooms visited, farthest location) or semantic attributes (e.g., shape,

color, material, functionality). We also introduce time-usage memory tasks, such

as identifying the room that took the longest to explore or the object with the longest

rearrangement duration. Task instructions are generated by randomly sampling

scene-specific entities, and the full list of 60 templates is shown in Table D.1.

A smaller subset of attribute-based evaluations is also included to assess

whether agents can flexibly reason over visual and semantic memory. These tasks

involve prompts that refer to objects indirectly via properties observed during prior

interaction (e.g., “go to the striped object you interacted with previously”). This

setup helps differentiate methods capable of recalling fine-grained visual details from

those relying solely on static representations, such as semantic maps [27] or textual

summaries [67], which often struggle to flexibly reconstruct such information.

Single vs. Multiple Goals. The majority of tasks in FindingDory involve

single-goal instructions, where the agent must reason over its experience to identify

a target and navigate to it. A smaller subset contains multi-goal tasks that require

reaching multiple destinations, sometimes in a specific order. Single-goal tasks can

be equally challenging, often requiring agents to recall what was not interacted with

or to trace specific object movements through rearrangement states—demanding

more than simple recall from static frames.

Extensibility through Procedural Generation. Our task suite is procedurally

extensible, allowing difficulty to scale with changes in the experience collection
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phase. Increasing the number of pick-and-place interactions, for instance, expands

the temporal reasoning space and creates more challenging memory dependencies.

Task Categorization. We group tasks into interpretable categories to analyze

performance trends. Table 6.2 presents these categories along with representative

instructions and the memory challenges they embody. To our knowledge, Finding-

Dory offers the most visually complex and extensible suite of embodied memory

tasks to date, covering a wide range of interaction-driven and long-horizon reasoning

scenarios.

6.3.3 Implementation details

Simulation Setup and Dataset Composition. We build FindingDory using

the Habitat simulator [132, 149] and scenes from the Habitat Synthetic Scenes

Dataset (HSSD)[73]. Our benchmark uses 107 scenes from the training split

and 30 from the validation split, resulting in 1,478 training and 100 validation

episodes. We populate these scenes with the same object sets used in OVMM[180],

combining assets from AI2Thor [78], Amazon-Berkeley Objects [35], Google Scanned

Objects [41], and HSSD [73].

Across these episodes, we include 839/247 object instances spanning 84/72 distinct

categories in the train/val splits, respectively. Objects are rearranged during the

experience collection phase to induce temporally grounded memory challenges. Ad-

ditionally, agents interact with 17/16 distinct receptacle categories in the train/val

splits (e.g., tables, chairs, beds). To support attribute-based tasks (see Table 6.2),

we generate semantic descriptions of object instances using GPT-4o. We prompt

the model with multi-view images of each object to extract attributes such as shape,

color, material, and functionality. These descriptions are used to populate the

object attribute task templates (5 total), which are limited to the validation set

and undergo manual quality review.

In total, our benchmark includes 82,174 training and 5,876 validation task instances.

Details on the procedural generation pipeline for episodes and instructions are
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provided in Appendix D.2.

Agent Setup. We adopt the Hello Robot Stretch embodiment [71] in our simulation.

The agent is equipped with RGB and depth sensors (resolution 640 × 480) and

a GPS+Compass sensor. The agent can execute one of four discrete navigation

actions: MOVE_FORWARD (0.25m), TURN_LEFT / TURN_RIGHT (by 10◦) and a STOP

action. During the experience collection phase, the agent can also manipulate its

arm joints (extension, lift, yaw, pitch, roll) and activate a manipulation_mode for

pick-and-place actions, which rotates the base (90◦) and directs the head camera

toward the gripper.

PDDL-based Task Verification. Since we operate with a large and diverse set of

instruction templates (see Table 6.2), we leverage the PDDL [2] specification system

as instantiated in [150]. For each instruction template, we create a template goal

condition that uses various predicate expressions such as is_robot_at_object(x,

"OBJECT" or is_robot_at_receptacle(x, "RECEPTACLE" where x is some place-

holder variable. These placeholder variables are sampled based on various constraints

such as target_color or interaction_order that are defined through the template.

Together, the placeholder constraints and goal conditions enable us to create scalable,

automated verification routines for each task in FindingDory.

6.4 Experiments

We evaluate several baseline approaches on FindingDory and assess their ability to

complete memory-intensive tasks using a combination of vision-language reasoning

and navigation. Below, we describe the baseline architecture, implementation

variants, and evaluation metrics.

6.4.1 Evaluated Approaches

To establish strong baselines, we adopt a hierarchical architecture (fig. D.7) com-

prising two modules:

(1) a high-level goal selection module, which processes the interaction history to
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Figure 6.1: FindingDory Task Performance: Proprietary VLMs such as
Gemini-2.0-flash and GPT-4o fail to perform appreciably across most FindingDory
task categories. Agents struggle significantly on multi-goal tasks where multiple subgoals
are to be achieved sequentially based on the interaction videos collected during Phase 1
of the task (sometimes in a specific order). The Qwen-SFT baseline (see appendix D.4.5)
which is trained to predict ground-truth frame indices performs best but still reaches only
≈ 50% on the high-level tasks. This highlights a considerable gap in the spatio-temporal
reasoning capabilities of frontier models.

select goal frames, and

(2) a low-level navigation policy, which executes actions to reach the selected frame.

This architecture enables reasoning over long-horizon multimodal experience while

delegating fine-grained control to a learned policy. Inspired by prior work [176],

we avoid directly predicting actions using VLMs due to their poor performance in

continuous control, and instead restrict them to high-level goal prediction.

High-Level Goal Selection

Video LM Agent. This agent receives the full interaction video along with a

task instruction. Each frame in the video is annotated with its index and the time

of day at which it was captured. The agent is tasked with predicting the index

of a frame from the video that corresponds to a viable goal state. Specifically,

the predicted frame should represent a viewpoint from which, if the agent were

to navigate back to the same camera position, it could successfully complete the

task. Although the model outputs a single frame index, selecting the correct one

often requires reasoning over multiple temporally scattered observations, including

frames where the agent may not be actively interacting. Since different VLMs are

capable of handling different numbers of frames in context, we subsample the frames

passed to each model based on what empirically performs best. We evaluate both
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proprietary (Gemini-2.0-Flash [152], GPT-4o) and open-source (Qwen2.5-VL [13],

Gemma-3 [153]) vision-language models capable of processing long video contexts.

See appendices D.4.1 to D.4.3 for more details.

Textual Memory Agent. Similar to [105, 10], we also consider an explicit,

memory-building baseline which breaks down the video frames into chunks and uses

a VLM to generate textual summaries for each video chunk. After “captioning"

the entire video sequence, the VLM selects frame indices by reasoning over the

generated textual descriptions. See appendix D.4.4 for more details.

Supervised Fine-Tuning (SFT). We additionally explore a supervised fine-

tuning approach where the high-level VLM is trained to predict goal frame indices,

given the task prompt and interaction history. Since multiple frames may validly

represent the goal (e.g., several consecutive frames showing an object being placed),

we supervise the model on the full list of acceptable target frames. At test time,

a single frame is sampled from the list of predictions and is considered correct

if it matches any of these valid frames. This setup enables the model to learn

task-specific cues from examples and serves as a stronger baseline than zero-shot

prompting, particularly for tasks requiring subtle temporal grounding. We provide

additional details in appendix D.4.5.

Low-Level Navigation

To execute the high-level plan, we use a low-level policy that takes the selected goal

frame and outputs discrete actions: MOVE-FORWARD, TURN-RIGHT, TURN-LEFT, and

STOP. Our primary policy is the LSTM-based controller from OVRLv2 [177], trained

to reach image goals from egocentric RGB-D observations (see Appendix D.5.1).

We also evaluate a mapping-based policy that deterministically navigates to the

location corresponding to the goal frame using a global map, without relying on

learned visual features (Appendix D.5.2).

Solvability. Since the action space of our high-level baseline is constrained to

frames observed during the experience collection phase, there are tasks for which
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this is insufficient. For example, in the task “Navigate to a room that you did not

visit yesterday,” all available waypoints correspond to previously visited locations,

making it impossible to satisfy the instruction regardless of the selected frame. To

establish an upper bound on task difficulty, we quantify the percentage of episodes

that could theoretically be solved through optimal goal selection from interaction

history, assuming perfect navigation (teleportation) to the selected waypoint. This

upper bound is the dashed line (Oracle) in fig. 6.1.
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Figure 6.2: (a, b) Relaxed metrics for objects and receptacles tasks. We find that
the models significantly improve in relaxed metrics for tasks involving receptacles while
tasks targeting smaller objects do not exhibit similar improvements. (c) Success Rate vs
SPL performance On tasks in which the VLM has the option to choose between multiple
correct frames, we find that all models choose suboptimal frames sometimes resulting in
the reduced HL-SPL metric. (d) Hierarchical policy results on FindingDory When
Qwen is combined with an ImageNav or Mapping agent, the overall SR and SPL reduces
significantly (seen in the LL-SR/LL-SPL metrics).

6.4.2 Evaluation Metrics

We benchmark agent performance on the FindingDory tasks using Low Level

Success Rate (LL-SR), assessing whether the agent finds the right target entities,

and Low Level Success-weighted-by-Path-Length (LL-SPL), evaluating if

the agent selects and navigates to the optimal entity using the shortest possible

path. Since we use a hierarchical baseline, we additionally introduce a High-Level

Policy Success Rate (HL-SR), and High-Level Policy SPL (HL-SPL) which

measures the accuracy and efficiency of the high-level policy in selecting the correct

and closest goal frames for navigation. To further analyze failure modes, we also

report two relaxed variants: Distance-to-Goal-Only SR (DTG-SR), which relaxes

the requirement that the target object must be visible in the selected frame, and
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Semantic Coverage SR (SC-SR), which ignores spatial proximity. Additional

metrics, success criteria, and threshold specifics are provided in appendix D.2.3.

6.5 Results

In this section, we analyze the performance of the outlined baselines on Finding-

Dory, presenting results grouped according to the categories described in Sec-

tion 6.3.2.

State-of-the-Art VLMs struggle on the FindingDory benchmark. From

fig. 6.1, we observe consistently low success rates on all task subsets across baselines,

with GPT-4o achieving the highest performance at 27.3%, Gemini-2.0-Flash reaching

25.7%, while Qwen2.5-VL and Gemma-3 score in the 13–16% range. The text-based

agent performs the worst overall, underscoring that textual memory representations

alone are insufficient for disambiguating visual goals or reasoning over complex

visual histories. Notably, the supervised fine-tuned (SFT) variant outperforms

all frozen VLMs, achieving an average improvement of 25% across tasks, with

considerable improvement on temporal and multi-goal tasks.

In single-goal tasks, all methods struggle particularly with the spatial relationship

subset, with even GPT-4o achieving only 14.5% success. These tasks require

reasoning about relative distances between entities and the agent—an ongoing

challenge noted in prior work [178]. In contrast, room identification tasks yield

the highest performance, likely due to the small number of distinct rooms and the

lenient goal condition of reaching any location within the correct room. Performance

on conditional interaction and object attribute tasks is comparable, suggesting that

current VLMs handle both category-based queries (e.g., “apple") and attribute-based

descriptions (e.g., “red food") with similar effectiveness.

Temporal tasks pose additional challenges to the existing VLMs, with models

consistently failing to identify the correct order of interactions—requiring multi-hop

reasoning. Duration tracking is similarly difficult as it requires inferring elapsed

duration based on specific points in the video. In contrast, for the time-based tasks
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we observe that baselines perform better as these tasks only require single frame

retrieval without additional reasoning.
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Poor performance on multi-goal tasks. From fig. 6.1, we observe that

performance of each VLM baseline that we consider is close to zero on most

multi-goal tasks. This suggests that VLMs find it hard to track and remember

multiple object-receptacle interactions. For the multi-goal evaluations, we use a

single-shot prompt and require the high level VLM agent to predict all target frame

indices in one single response - primarily to avoid multiple inferences with long

sequence lengths due to large number of frames. Qualitatively, we observe that the

VLM generally fails to even predict the correct number of targets required to solve

the multi-goal task. Our trained Qwen model performs slightly better, achieving

close to 20% accuracy, but still falls significantly short of the achievable result of

99%.

VLMs can identify target receptacles but not precisely locate them

spatially. We conduct an experiment to analyze the performance differences of

VLMs between tasks involving objects versus receptacle entities. We extract a

subset of FindingDory tasks, categorizing them based on whether the valid entities

are objects or receptacles. From fig. 6.2b, we observe that the relaxed Semantic

Coverage-SR (SC-SR) metrics (see Appendix D.2.3 for details) significantly in-

creases for tasks involving receptacle entities. The marked increase in high-level

success rates with relaxed distance threshold (DTG-SR) suggests that VLMs are

generally able to identify frames from which large entities (receptacles) can be viewed

in the image but cannot accurately identify specific frames which are spatially closest
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to the target entity. In contrast, tasks targeting smaller objects do not exhibit

the same improvement (see fig. 6.2a), as fewer number of frames clearly show

these small objects from farther distances. This highlights a significant limitation

of current VLMs in constructing effective spatial representations to accurately

localize target entities from the provided observation stream. We explicitly prompt

high-level VLM agents to identify frames spatially closest to target entities, essential

for task success (see figs. D.2 and D.4 for example prompts).

VLMs struggle with identifying the closest entity that solves the task. In

Fig. 6.2c we report the HL-SPL metric (Section 6.4.2) which captures the efficiency

with which the high level VLM-based modules select goal frames. During the

experience collection phase, the agent can interact with multiple object instances

of the same category due to which a task such as “Navigate to a squeezer you

interacted with" could have multiple valid entities that the agent can navigate to.

We observe that for such tasks there is a wide gap between HL-SR and HL-SPL (upto

50% in case of interaction-based tasks) for all model variants. This suggests that

although the VLMs can correctly recognize a valid entity to solve the task, they

still fail to perform a fine-grained spatial analysis of the multiple valid entities being

rearranged dynamically in the video. Thus, they cannot spatially locate the valid

entity nearest to its current position.

Policy decomposition causes performance degradation. To benchmark the

hierarchical agent proposed in section 6.4.1, we experiment using Qwen2.5-VL-7B

as the high-level VLM module and image-goal navigation policy and mapping policy

as the low-level agents. The low-level policy activates only when the high-level

VLM correctly selects the subgoal. As depicted in fig. 6.2d, the Low-Level-SR

(LL-SR) metric significantly drops across all FindingDory tasks for the image-goal

navigation policy. We attribute this decline to a distribution shift in the visual goals

provided to the navigation policy. During training, the policy encounters randomly

sampled start and end goal poses, differing substantially from those selected by

VLMs during evaluation. Successful VLM-selected frames typically correspond

closely to pick place interaction routines, resulting in image goals predominantly
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containing background walls and partial views of receptacle surfaces. Consequently,

this limited visual context hinders effective navigation. In comparison, the mapping

based navigation policy performs better, having only a 25% relative drop in SR.

The SPL of both the methods remain in the single digits. This emphasizes the

importance of the FindingDory benchmark in revealing these gaps which motivates

the development of more reliable memory and navigation strategies

Frame Subsampling. We analyze how the number of input frames affects

high-level performance by evaluating agents on subsampled interaction videos

of varying lengths (fig. 6.3a). This helps assess whether models benefit from longer

histories or simply overfit to sparse visual cues. Interestingly, we observe that frozen

VLMs—despite being capable of accepting long contexts—do not improve with more

frames. In fact, their performance often degrades at higher frame counts (minimal

subsampling), suggesting that they struggle to extract relevant information from

densely packed, unfiltered input. This highlights a key limitation: naïvely increasing

context length does not help unless the model can effectively attend to localized

events.

In contrast, the fine-tuned model (Qwen SFT) demonstrates clear gains when

trained with longer videos, leveraging additional context to improve reasoning.

This indicates that with appropriate supervision, models can move beyond shallow

matching and utilize richer temporal signals from the interaction history.

Sanity checks. We investigate how a VLM would perform at short-horizon visual

comprehension on images from the same episodes used for long-horizon evaluation

in our benchmark. This tests if poor performance of the evaluated models on our

long-horizon reasoning tasks is due to a domain or sim2real gap. We assess this by

sampling frames around object interactions, asking models to list out detected ob-

jects, and check accuracy compared to the ground truth category via string matching

– a conservative metric that misses correct predictions using synonyms or alternative

phrasings. This still results in image sequences of length 50-150, but Gemini achieves

an accuracy of 67% which is significantly higher than it’s average high level success
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rate across tasks in fig. 6.1. This shows that despite clear, close-up views, models

struggle to reason over them when temporal sequence comprehension is required.

Low level navigation policy failures. From fig. 6.3b, we observe that the

low-level image-goal navigation policy can fail due to invoking the termination

(stop) action incorrectly or a navigation routine timeout (max budget of 1000 steps

including the data collection phase). To further understand this behavior, we

analyze if the navigation policy actually looks at the target entity when the stop

action is invoked. Interestingly, we find that in several instances the target entity is

visible from a slightly larger distance threshold (2.0m) from the chosen task success

threshold (1.0 m, in case of receptacles). This often happens when VLMs select

goal frames in which the target entity is visible in the 2D image but not necessarily

closest in 3D space, and thus the goal frame coordinates are slightly further away

than the threshold distance.

6.6 Conclusion

We introduced FindingDory, a benchmark for evaluating long-horizon memory

in embodied agents within a highly photorealistic indoor simulation. Our findings

reveal limitations in VLM context scaling, particularly in handling long observation

sequences required for memory-intensive tasks. FindingDory provides informative

metrics that disentangle different aspects of memory reasoning, allows for procedural

task generation of increasing difficulty, and fine-grained, efficiency-focused failure

analysis across high-level semantic retrieval and low-level spatial reasoning. Its

extensibility allows for longer temporal dependencies, supporting research on context

scaling and memory efficiency in multimodal models. In our results, we observe

that the supervised fine-tuning baseline performance improves consistently when

trained with longer videos which suggests future work should explore finetuning

VLMs with effective memory compression techniques for enhanced spatio-temporal

reasoning.

Our experiments also highlight challenges with hierarchical policies that integrate
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long-context VLMs with low-level control. While high-level policies specify abstract

goals—such as referencing a past frame in the interaction history—low-level nav-

igation policies often struggle to reach the intended object precisely, exposing a

gap between goal specification and reachability. Addressing this limitation requires

better integration between high-level reasoning and low-level execution, either by

improving hierarchical policies to leverage VLM guidance more effectively or by

training end-to-end models that jointly learn memory retrieval and control.

Beyond evaluation, FindingDory can serve as a training platform for memory-

dependent tasks, enabling long-context-aware models and enabling dataset extrac-

tion for supervised learning tasks such as VQA over long videos. By bridging the

gap between VLM advancements and real-world memory demands, FindingDory

facilitates systematic study of memory-augmented policy learning and long-term

reasoning, driving progress in multimodal embodied AI.
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7 | Discussion and Future Directions

This thesis explored three leverage points for building data–, compute–, and

memory–efficient decision-making agents: active sampling, representation reuse, and

memory–guided control. We close by situating these contributions within the rapidly

evolving landscape of foundation models and outline open questions necessary for

transitioning these proofs-of-concept into robust, real-world systems.

7.1 Active Sampling in the Scaling Era

From scaling to curation. Historically, uniformly sampling ever-larger datasets

seemed like a straightforward method to enhance model performance. However,

recent research has revealed diminishing returns from naive scaling and shown

that intelligently curating training examples significantly improves efficiency [146,

46]. Our uncertainty-based active sampling approach (Chapter 3) embodies this

perspective in control domains, replaying transitions based on ensemble uncertainty

to pinpoint causally informative samples.

Looking forward. Large-scale pre-training methods are increasingly incorpo-

rating data curation—either by carefully selecting high-quality subsets [45] or by

dynamically re-weighting training data to mitigate biases [46]. As foundation models

are increasingly fine-tuned on specialized behavior datasets, which often exhibit

long-tailed distributions and spurious correlations, adaptive sampling and data

curation become critical. In reinforcement learning from human feedback (RLHF),

models receive targeted feedback on their own outputs, allowing selective curation of

experiences to address biases and enhance generalization. Similarly, adaptive data

curation in fine-tuning leverages selective sampling to manage biases and improve

model performance on specialized datasets. Key open questions include:

• Designing acquisition functions suitable for datasets with long-horizon interac-

tions, emphasizing samples with meaningful long-range dependencies.
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• Integrating active sampling with fine-tuning workflows for foundation models,

particularly to handle spurious correlations effectively.

7.2 Representation Reuse in Embodied Control

Feature aggregation for embodied tasks. Our findings with Stable Control

Representations (SCR, Chapter 4) highlight the critical role of how visual features

from multi-layer encoders are combined. Proper feature aggregation significantly

enhances spatial precision crucial for manipulation and navigation tasks. Similar

insights have emerged from vision–language models (VLMs), where fusion modules

that incorporate multiple encoder layers, such as cross-attention streams in Flamingo,

have proven beneficial for tasks requiring spatial reasoning [56, 91].

Open problems. Future research must determine effective strategies for fine-

tuning entire multimodal encoders, not just selecting subsets of frozen features.

Critical open questions include:

• How can we effectively and efficiently fine-tune large encoders end-to-end within

realistic GPU constraints?

• What approaches to multi-layer projection and fusion optimally balance perfor-

mance gains with computational feasibility?

7.3 Memory and Long-Context Reasoning

Transformer context windows have dramatically expanded, but applying such

extensive contexts at real-time inference speeds remains challenging for embodied

agents. Memo (Chapter 5) demonstrated a practical approach using periodic

summarization tokens to achieve sub-linear growth in memory usage, complementing

efforts with state-space models, recurrent memory transformers, and retrieval-

augmented networks [28, 63].

Future steps. Future research should address:
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• Long-horizon memory optimization. Determining what information to

retain or summarize when the usefulness of data only becomes apparent after

extensive sequences of actions.

• Retrieval integration. Assessing the necessity and efficiency of retrieval-based

components as interaction histories grow.

• Realistic benchmarking. Expanding datasets like FindingDory (Chapter 6) to

include large-scale, open-world scenarios with realistic long-range dependencies.

7.4 The Road Ahead

This thesis advocates for integrated approaches that efficiently select relevant

experiences, leverage pre-existing knowledge, and effectively retain critical contextual

information. Extending these principles suggests several future research directions:

• Closed-loop data curation. Integrating active sampling into fine-tuning

processes for foundation models, allowing continuous refinement based on task-

specific data distributions.

• Foundation model representations for embodied control. Leveraging

representations from foundation visual models, particularly those derived from

self-supervised learning (SSL), to enhance spatial reasoning and task performance

in embodied agents.

• World modeling and representation learning. Clarifying the role of world

models in embodied control. Given the limitations of current world models like

diffusion models in reliably simulating long-horizon agent interactions, future

work could instead focus on exploiting these models primarily for their rich

learned representations, as demonstrated by our proof-of-concept with diffusion-

derived features.

• Scalable memory architectures. Developing memory management strate-

gies that scale sub-linearly with the length of interaction history, utilizing
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consolidation, summarization, and selective retrieval to manage lifelong agent

deployments.

Advancements along these lines will move us closer to practical, lifelong learning

agents capable of robust, efficient, and reliable operation in diverse, real-world

environments.
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A | Leveraging Uncertainty for Sample-Efficient

Policy Learning

A.1 Implementation

All our environments use a discrete action space. Therefore we build our method

on top of the double-DQN implementation similar to the original CQL paper. As

stated in Equation (3.1), we use ensembles of Q-networks, and at evaluation time,

we average the Q-value outputs of the ensemble, and select the action with the

maximum Q-value. In other places where we need to do inference (for instance: to

compute Q-values for the conservative loss) we take the mean across the ensemble.

A design choice we make is the network initialisation when we start to do active

sampling: the uncertainty encoded by a random network at the start of training

can be very inaccurate and biased towards some subset of the data. We instead

train with uniform sampling for an epoch and then start active sampling second

epoch onwards. As expected, we see that a partially trained ensemble encodes

better uncertainty compared to a randomly initialised one and that bigger ensembles

encode better uncertainty than smaller ones when the network is not trained enough

with uniform sampling at the start, as seen in Figure A.3.

A.2 Further Analysis

Uncertainty Histogram: In Figure A.1, we plot a histogram for the computed

Variance-data scores after one epoch of training with uniform sampling on the

Traffic-World benchmark. We overlay the scores for a specific tail case over the

scores for the entire dataset. We can verify that samples from the tail-case fall in

the higher percentile of variance scores.

Ensemble Uncertainty over a longer period of training: In addition to the

figure in the main paper analysing the quality of uncertainty estimation on the Atari
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Figure A.1: (Traffic-World) Histogram of the advantage function variance estimates
for the data action plotted for all transitions, overlayed by the scores for one tail case’s
samples. The tail case we consider here comprises state-action pairs where the top-left
tile flashes yellow but the data-collecting policy still moves one step ahead ignoring the
tile, since there is space to move towards the goal without getting a negative penalty or
triggering an episode termination. We can see that these samples fall in the 98th percentile
of all points.

Figure A.2: (Traffic-World) Two agents trained with and without episodic scores for
TD-Error-based active sampling of causally ambigous data.

benchmark, we plot in Figure A.3 the training curves of two ensembles when they’ve

been initialised with a longer period of uniform sampling at the start. We see that

the gap between the informative-ness of samples fetched based on their uncertainties

reduces (as compared to Figure 3.4). The larger ensemble’s uncertainty still leads

to quicker convergence, however, than when both ensembles are trained using the

smaller ensemble’s uncertainty for data-sampling.

Q-value divergence and Episodic Sampling to ensure better propagation

of TD-Error: Another observation we made was related to active sampling results

in the case of benchmarks with short episodes (nsteps ∼ 20− 30) and sparse rewards,
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in our case Traffic-World and Maze. Q-learning is trained through bootstrapping

where we minimise the TD-error which involves estimating the Q-values at successive

states across transitions in a trajectory. Additionally, the CQL objective has the

gap-expanding property because the conservatism penalty tries to push Q-values of

different actions at a state apart (pushing up the data-action value and pushing

down others to some extent). Sometimes in the case of repeated sampling of a

particular transition tuple, there is a potential divergence of Q-values of the nearby

(preceding and following) state-action pairs. This can be seen as an explosion of

Q-values in the training metrics and can be partially resolved by gradient clipping.

We only observed this in the case of TD − Error and V ariance− data variants.

One experiment we tried to address the above concern (with some success) was that

of episodic sampling, where we use a heuristic to convert individual transition-wise

acquisition scores to scores over entire episodes (for example taking the maximum

acquisition score over transitions in an episode). This kind of episodic sampling turns

out to give much more stable training curves but involves additional hyperparameters

and heuristics. The reasoning for it’s success is likely related to the motivation

of algorithms like emphatic-TD [129], Reverse Experience Replay (RER) [127].

In these works, they propose not just prioritising transitions with high TD-error,

but also increasing the priority of transitions preceding these ones in the priority

queue, since these transitions will have informative TD-updates in the subsequent

time-steps. We show the reward curves with episodic and without episodic active

sampling of data corresponding to the experiment in Traffic-World with the spurious

correlate present, in Figure A.2.

A.3 Data Collection

Traffic-World. To collect data for Offline RL, we trained a PPO agent on a

slightly modified version of the Traffic-world environment, with reward shaping on

the environment [95], to incentivise the agent to reach the goal since this is a hard

exploration environment (there is the potential to receive many negative rewards
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Figure A.3: Reward curves of the larger (left) and smaller (right) ensemble training
when sampling on the basis of the uncertainty of either one: of the speed of convergence
depending on the quality of uncertainty estimation. Here, the difference is that both
ensembles start active sampling from an initialisation that is trained for longer with
uniform sampling. We see a less drastic gap in convergence between the two samplers, as
compared to the main paper’s Figure 3.4. This is expected since the uncertainties should
get more informative (up to a point) as we train for longer with random sampling.

before receiving a positive reward, and without reward shaping the PPO agent just

learns to toggle in-place till the episode ends to avoid negative penalties). Maze.

We use the Impala-based PPO agent trained in [84] for 200M steps to collect the

expert trajectories on 6000 episodes of episodes with randomised goals and 200

episodes of episodes with fixed goals.

A.4 Hyperparameters

For all benchmarks, we performed a grid-search around the hyperparameters from

CQL [80]. We found the combination of parameters that matches previously reported

scores for the Procgen and Atari benchmarks and achieves the highest score on

the Traffic-World benchmark, when using uniform sampling with CQL. For active

sampling, we used the same hyperparameters as for uniform sampling (batch size,

learning rate, α). Additional parameters related to active sampling are: (1) n: the

number of gradient steps we take before we recompute acquisition scores on the

data. Thus, n− 1 is the number of gradient steps for which the scores remain stale.

(2) the ensemble size which we keep constant across the active and active sampling

variants for a fair comparison.
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For the -batch case of incrementally computed scores, the hyper-parameters involved

are temperature and increment coefficients for importance weighting of gradients (β

and inc), the temperature α for the acquisition scores and epsilon ϵ (the additive

constant for the scores to ensure no data-point’s priority is equal to zero and

thus never sampled). We used the same values as those used in the original PER

implementation [133], and set β and inc to zero, as we found training to work better

without importance weighting of gradients. Tables A.1 to A.3 list out the final

values chosen for reporting results across the three benchmarks, along with the

values used for the grid search.
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Table A.1: Traffic-World experiments.

Hyperparameter Value Search
α (CQL) 1 1, 4
learning rate 5× 10−3 5× 10−4 , 1× 10−3 , 5× 10−3

batch-size 512 256, 512, 1024
n (steps before score recomp.) 4 2,4,8,16
gradient clipping norm 5 1,3,5,7
target update interval 4 1, 4, 16, 32
ensemble size 3 3,6
seeds 7

Table A.2: Maze experiments.

Hyperparameter Value Search
α (CQL) 1 1, 4
learning rate 1× 10−3 5× 10−4 , 1× 10−3 , 5× 10−3

batch-size 2048 1024, 2048
n (steps before score recomp.) 8 4, 8, 16
gradient clipping norm 5 1,3,5,7
target update interval 50 20, 50, 100
ensemble size 5 3, 5
seeds 9

Table A.3: Enduro experiments.

Hyperparameter Value Search
α (CQL) 1 1, 4
learning rate 5× 10−3 5× 10−4 , 1× 10−3 , 5× 10−3

batch-size 2048 1024, 2048
n (steps before score recomp.) 8 8, 16
gradient clipping norm 7 1,3,5,7
target update interval 100 10, 50, 100, 1000
ensemble size 5 3, 5, 10
seeds 9
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B | Leveraging Existing Knowledge for Sample-

Efficient Policy Learning

B.1 Task Descriptions

B.1.1 Few-Shot Imitation Learning

For all baselines, we freeze the pre-trained vision model and train a policy using

imitation learning on the provided set of 25 expert demonstrations. The results are

then reported as the average of the best evaluation performance for 25 evaluation

runs over 3 seeds. All experiments are conducted on a single A100 GPU with 24

CPUs and 188 GBs of RAM.

Meta-World. We follow Majumdar et al. [100] and use the hammer-v2, drawer-

open-v2, bin-picking-v2, button-press-topdown-v2, assembly-v2 tasks from the

Meta-World benchmark suite [181]. Each task provides the model with the last

three 256× 256 RGB images, alongside a 4-dimensional gripper pose. The model

consists of a 3-layer MLP with a hidden dimension of 256, utilizing ReLU as the

activation function. It undergoes training for 100 epochs, with evaluations conducted

every 10 epochs, following the approach of Majumdar et al. (2023). The training

uses a mini-batch size of 256 and a learning rate of 10−3.

Franka-Kitchen. The tasks involved here include Knob On, Knob Off, Microwave

Door Open, Sliding Door Open, and L Door Open, each observed from three distinct

camera angles. For each task, the model receives a 256 × 256 RGB image and a

24-dimensional vector representing the manipulator’s proprioceptive state. For our

experiments, we use the the RoboHive Kumar et al. [82] GitHub repository1 and

use a 2-layer MLP with a hidden dimension of 256 and train for 500 epochs. The

mini-batch size is set at 128, with a learning rate of 10−4. We additionally correct

a bug in the RoboHive implementation of the VC-1 baseline, specifically on input
1https://github.com/vikashplus/robohive
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image normalization. Adjusting the image normalization to a 0-1 range resulted in

a significant improvement in its performance.

B.1.2 Open Vocabulary Mobile Manipulation

Open-Vocabulary Mobile Manipulation [OVMM; 180] is a recently proposed embod-

ied AI benchmark that evaluates an agent’s ability to find and manipulate objects

of novel categories in unseen indoor environments. Specifically, the task requires

an agent to “Find and pick an object on the start_receptacle and place it on

the goal_recetacle”, where object, start_receptacle and goal_recetacle are

the object category names. Given the long-horizon and sparse-reward nature of

this task, current baselines [180] divide the problem into sub-tasks, which include

navigation to the start receptacle, precise camera re-orientation to focus on the

object (an abstracted form of grasping), navigating to the goal receptacle, and

object placement.

Since our aim is to investigate the open-vocabulary capabilities of pre-trained

representations, we choose to evaluate the models on only the precise camera re-

orientation task (more commonly known as the Gaze task). In the original Gaze

task, the agent is initialized within a distance of 1.5m and angle of 15◦ from the

object which is lying on top of the start_receptacle. The episode is deemed

successful when the agent calls the Pick action with the camera’s center pixel

occupied by the target object and the robot’s gripper less than 0.8m from the object

center. In our initial experiments, we found the current initialization scheme would

lead the agent to learn a biased policy. This policy would call the Pick action after

orienting towards the closest object in the field of view. Therefore, we chose to

instantiate a harder version of the gaze task, where the episode starts with the

agent spawned facing any random direction within 2.0m of the object.

We carry out our experiments using the HomeRobot GitHub repository2. HomeR-

obot uses the Habitat simulator [149] with the episode dataset provided by Yena-
2https://github.com/facebookresearch/home-robot
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mandra et al. [180]. This dataset uses 38 scenes for training and 12 scenes for

validation, all originating from the Habitat Synthetic Scenes Dataset [HSSD; 74].

The episode dataset populates the scenes with extra objects from other datasets

including Amazon Berkeley Objects [ABO; 34], Google Scanned Objects [ABO;

41] and Alfred [143]. The validation scenes are populated with objects not seen

during training, spanning 106 seen and 22 unseen categories. The validation set

consists of a total of 1199 episodes.

Our agent is designed to resemble the Stretch robot, characterized by a height of

1.41 meters and a radius of 0.3 meters. At a height of 1.31 meters from the base,

a 640x480 resolution RGBD camera is mounted. This camera is equipped with

motorized pan and tilt capabilities. The agent’s action space is continuous, allowing

it to move forward distances ranging from 5 to 25 centimeters and to turn left or

right within angles ranging from 5 to 30 degrees. Additionally, the agent can adjust

the head’s pan and tilt by increments ranging from 0.02 to 1 radian in a single step.

In our experiments, we use a 2 layer LSTM policy and pass in the visual encoder

representations after passing them through the compression layer. We initialize the

LSTM weights with the LSTM weights of the Oracle model to get a slight boost

in performance. We train our agents using the distributed version of PPO [168]

with 152 environments spread across 4 80GB Nvidia A100 GPUs. Each run also

has access to 96 CPUs and 754 GBs of RAM. We train for 100M environment steps

while evaluating the agent every 5M steps and report the metrics based on the

highest success rate observed on the validation set.

B.1.3 ImageNav

We conduct our ImageNav experiments in the Habitat simulator [132], using the

episode dataset from Mezghani et al. [104]. These experiments are conducted using

the VC-1 codebase3 [100]. The dataset uses 72 training and 14 validation scenes

from the Gibson [170] scene dataset with evaluation conducted on a total of 4200
3https://github.com/facebookresearch/eai-vc
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episodes. The agent is assumed to be in the shape of a cylinder of height 1.5m and

radius 0.1m, with an RGB camera mounted at a height of 1.25m from the base.

The RGB camera has a resolution of 128×128 and a 90◦ field-of-view.

At the start of each training episode, an agent is randomly initialized in a scene

and is tasked to find the position from where the goal image was taken within

1000 simulation steps. At each step, the agent receives a new observation and

is allowed to take one of the four discrete actions including MOVE_FORWARD

(25cm), TURN_LEFT (30◦), TURN_RIGHT (30◦) and STOP. The episode is a

success if the agent calls the STOP action within 1m of the goal viewpoint. Similar

to [177, 100] we train our agents using a distributed version of DD-PPO [168]

with 320 environments for 500M timesteps (25k updates). Our experiments are

conducted using 2 nodes containing 8 A40 GPUs each with a total of 128 CPUs and

504 GBs of RAM. Each environment accumulates experience across up to 64 frames,

succeeded by two PPO epochs using two mini-batches. While the pre-trained model

is frozen, the policy is trained using the AdamW optimizer, with a learning rate of

2.5× 10−4 and weight decay of 10−6. We use the reward function proposed by [177].

Performance is assessed every 25M training steps, with reporting metrics based on

the highest success rate observed on the validation set.

B.2 Implementation Details

B.2.1 Fine-tuning Stable Diffusion

We used the runwayml/stable-diffusion-v1-5 model weights provided by Hug-

gingface to initialize our models and fine-tuned them using the diffusers library4.

As noted in Section 4.4.6, we used a subset of the frames from the EpicKitchens,

Something-Something-v2, and Bridge-v2 datasets. We extracted the middle-third

of the video clips and sampled four frames randomly from this chunk to increase

the chances of sampling frames where the text prompt associated with the video

clip is most relevant for describing the scene. Since the Something-Something-v2
4https://huggingface.co/docs/diffusers/v0.13.0/en/training/text2image
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Figure B.1: Noised and denoised images from our tasks using the fine-tuned Stable
Diffusion model. For each image, noise is added up to timestep t ∈ 100, 200, 300 and
subsequently removed by denoising back to t = 0. The sensitivity to noising varies across
tasks: Meta-World images remain accurately reconstructed up to t = 200, whereas referring
expression images exhibit noticeable degradation as early as t = 100, particularly affecting
small object details. In practice, using un-noised inputs (t = 0) yielded consistently
reliable representations, rendering this hyperparameter unnecessary to tune.
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Figure B.2: The Stable Diffusion model allows us to extract word-level cross-attention
maps for any given text prompt. We visualize these maps in a robotic manipulation
environment and observe that they are accurate at localizing objects in a scene. Since
these maps are category agnostic, downstream policies should become robust to unseen
objects at test time.

(1) Find Tomato

(4) Find Spray Bottle (5) Find Plant Container

(2) Find Gaming Console (3) Find Plant Container

(6) Find Candle Holder

Figure B.3: Images from OVMM benchmark with their corresponding attention maps
obtained from the fine-tuned Stable Diffusion (SD) model. The first 5 pairs of images
correspond to failed episodes, with the bottom right pair corresponding to a successful
episode. The attention maps help us interpret the cause of failure: (1) Tomato - SD
wrongly attends strongly to an apple. (2) Gaming Console - visible at the top of the
image; however, SD attends to multiple objects due to low visual quality. (3) Plant
Container - SD instead focuses on the two glasses it sees in the image. (4) Spray Bottle -
SD completely misses the spray bottles in the image and attends to the lava lamp. (5)
Plant Container - SD wrongly attends to the apple. (6) Candle Holder - SD correctly
attends.
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(SS-v2) dataset includes a human hand manipulating table-top objects while the

Bridge-V2 dataset includes a robot gripper, we append the text "human hand" and

"robot hand" respectively to the text caption associated eith the respective frames

to reduce ambiguity in the image-text pairing. Using this procedure, we generated a

paired image-language dataset with 1.3 million samples. Figure B.4 shows samples

of the images from the fine-tuning datasets. Since different embodiments (human

and robot) are visible in the training images, we prepended the corresponding

embodiment name to the text prompt for the associated image during training.

We fine-tuned for only a single epoch (∼5,000 gradient steps) parallely on 2 Nvidia

A100 GPUs with a mini-batch size of 512 and a learning rate of 1e−4. Although

the original Stable Diffusion model is trained on images of resolution 512× 512, we

fine-tuned the model on images downscaled to 256× 256 since it aligned with the

resolution requirements of the downstream application. We show sample generations

from the diffusion model after fine-tuning in Figure B.5. We found that the model

learns to associate the prompt with not just the human or robot hand but also with

the style of the background and objects of the training datasets.

Bridge v2Epic-Kitchens Something-Something v2

Figure B.4: Snapshots from the datasets we use for fine-tuning the Stable Diffusion
model.

B.2.2 Representation Extraction Details

Here, we describe the representation extraction details for all our baselines assuming

a 224× 224 input image.:

1. Stable Control Representations: The Stable Diffusion model downsamples

the input images by a factor of 64. Therefore, we need to first resize the input

image to a size of 256× 256. We pass the image to the VAE, which converts it

into a latent vector of size 32× 32× 4 and passes it to the U-Net. We use the

161



University of Oxford

Human hand

opening a drawer

slicing a cucumber with a knife

tossing a box in the trash

wiping the kitchen counter

Robot hand

wiping the kitchen counterslicing a cucumber with a knife

tossing a box in the trash opening a drawer

Figure B.5: Image generations from the fine-tuned Stable Diffusion model. We provided
four different prompts, each prefixed with either “Human hand” or “Robot hand”.

last three downsampling blocks’ and the mid block’s output feature map of sizes

8× 8× 640, 4× 4× 1, 280, 4× 4× 1, 280, and 4× 4× 1, 280, respectively. The

total size is, therefore, 102, 400, and we linearly interpolated them to the same

spatial dimension (8× 8) before concatenating them channel-wise.

2. R3M [108]: For most of our experiments we use the original ResNet50 model,

which outputs a 2048 dimensional vector. For the referring expressions and grasp

affordance prediction tasks from the Voltron evaluation suite [70], a VIT-S is

used, which outputs an embedding of size 14× 14× 384 = 75, 264

3. MVP [172] and VC-1 [100]: The last layer (24th) outputs an embedding of size

16× 16× 1, 024 = 262, 144.

4. CLIP [121]: For ViT-B, the last layer (12th) outputs an embedding of size

14× 14× 768 = 150, 528. For ViT-L, the last layer (24th) outputs an embedding

of size 16× 16× 1024 = 262, 144.

5. Voltron [70]: We use the VCond-Base model which outputs a representation of

size 14× 14× 768 = 150, 528.

6. SD-VAE [126]: Outputs a latent vector of size 32× 32× 4 = 4, 096.
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Table B.1: Runtimes for SCR and VC-1.

SCR VC-1
Time per forward pass (1,000 passes) 0.021 secs. 0.014 secs.

B.3 Runtime Analysis

We include a runtime analysis for SCR versus VC-1 in Table B.1 by reporting the

time taken for a forward pass through both models over a single input image of size

256×256. We use an A100 GPU for our experiment, and use both the models at

half precision. We see that SCR takes 0.021 seconds per inference step, being 1.5x

slower than the forward pass through VC-1 Large.

B.3.1 Hyperparameters

We provide the hyperparameters used in section 4.5 for Stable Control Representa-

tions in Table B.2.

Table B.2: Hyperparameters and configuration settings used across tasks and methods.

Benchmark Timestep Prompt Attn Layers Post Compress. Dim
Meta-World 0/100/200 No No Mid + Down [1-3] 3072
Franka-Kitchen 0 No No Mid + Down [1-3] 2048
ImageNav 0 No No Mid + Down [1-3] 2048
OVMM 100 Yes Yes Mid + Down [1-3] 2048
Referring Expression 0 Yes No Mid + Down [1-3] 8192
Grasp Prediction 0 No No Mid + Down [1-3] 8192
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C | Learning Policies to Leverage Experience

C.0.1 Task Setting and Model architecture: ExtObjNav

Our policy takes as input an RGB image, the agent’s relative position, the previous

action, and the current goal object category. The RGB image is encoded using a

ViT-B-sized VC-1 [100] visual encoder, finetuned by ReLIC to improve small object

detection, a limitation of the original VC-1 model. The finetuned encoder remains

frozen in all experiments, and we use VC-1’s CLS token downstream, applying an

MLP for dimension reduction to size 256. The goal category one-hot vector and

previous action are also embedded into 256 dimensions, while the agent’s position is

converted into a 32-dimensional embedding. All these embeddings are concatenated

together and passed to the sequence encoder.

All our sequence encoders (Memo, AC, etc) are based on a much smaller version

of the causal auto-regressive transformer architecture used in LLaMA [156] (see

details in table C.2). The weights of the model are trained from scratch unless

specified otherwise. To accelerate data collection, the transformer’s KV cache is

maintained between rollout steps. Following ReLIC, we shuffle older episodes within

each sequence and update the KV cache after each policy update, ensuring efficient

memory reuse.

We use the same reward function for the navigation task as defined in Elawady

et al. [43]. The reward consists of three components: (1) Geodesic distance reward:

The agent receives a reward

rd = −∆d

where d is the geodesic distance to the closest object, which can change throughout

the episode. (2) Slack penalty: A constant penalty of −0.003 per step encourages

efficient navigation. (3) Success reward: The agent receives a reward of 2 upon

successfully reaching the target.

The SPL (Success weighted by Path Length) metric is computed as:
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SPL = 1
N

∑N
i=1 Si ·

L∗
i

max(Li,L∗
i )

where N is the number of episodes, Si is a binary indicator of success in episode i,

Li is the length of the path taken by the agent, L∗
i is the length of the shortest path

to the goal (computed using privileged simulator information). The SPL values

reported in the main graphs are computed at intervals of 500 environment steps.

Specifically, the SPL at step t is calculated by averaging the SPL of all episodes

that completed between steps t− 499 and t. So the SPL at step 5000 reflects the

performance of all episodes that finished between step 4501 and 5000.

C.0.2 Task Setting and Model architecture: Dark-Key-To-

Door

We refer the reader to the AMAGO implementation [54] (https://github.com/UT-

Austin-RPL/amago) for details on the policy architecture used on the Dark-Key-

To-Door task. We keep all implementation and training details fixed.

Figure C.1: Distribution of Objects in the training episodes: We visualize the
changed distribution of objects sampled (and placed) randomly in the scenes corresponding
to our dataset versus the original training dataset used in [43]. In our training scenes,
avoid sampling more than 30 objects per scene to avoid cluttered rooms where multiple
target objects could be placed together, to reduce the risk of models overfitting during
training.

C.0.3 Training Scenes Dataset: ExtObjNav

Since the training dataset used in ReLIC only consisted of 333 episodes, we create

our own training dataset while using the same validation dataset as them. We use
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the same 37 train scenes as [43, 180]. However we generate 300 episodes per scene

each having a different object placement. This leads to a total of 11100 training

episode. In each episode we reduce the number of sampled objects to make the

navigation task harder since the agent has to traverse longer, more targeted paths

to reach objects instead of getting away by guessing (i.e. navigating to rooms with

more clutter and many receptacles since the likelihood of finding an object would

be higher there). We visualize the difference in sampled object distributions over

episode, between the old [43] and new datasets in fig. C.1.

C.0.4 Pseudocode for Memo

We present the algorithmic pseudocode for Memo in algorithms 2 and 3. The

modifications with respect to a distributed PPO implementation (corresponding to

ReLIC) are highlighted in blue. We plan to fully open-source our implementation

upon publication and include an early release version at https://github.com/

Memory-icrl/memo.

C.0.5 Extended Result: FLOPs Comparison

Here, we include memory, FLOPs and latency comparison between Memo and

Full-Context Transformer during evaluation on ExtObjNav at 32k env steps.

Memo requires 10x lesser memory and 4.2x lesser floating point operation, being 2x

faster than the Full-Context Transformer

Table C.1: GPU memory usage comparison: Memo versus the Full-Context
Transformer (FCT) at the end of 32k steps of evaluation on the ExtObjNav task. We
observe a 10× higher memory requirement for the KV cache of FCT, in line with the
context compression ratio (∼ 8) of Memo.

Memo Full-Context Transformer
GPU Memory 51.8 MB 546.5 MB
Model FLOPs 17.61 MFLOPs 74.49 MFLOPs
Latency 5.3 ms 10.1 ms
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Algorithm 2 Memo
1: Initialize θ, ϕ, buffer B ← ∅, summary tokens S ← ∅
2: o1 ← reset()
3: i← 0
4: for t = 1 to N do
5: Ci:t−1 ← context from B
6: ht ← SeqEncϕ(S, Ci:t−1, ot)
7: a ∼ πθ(a | ht)
8: (r, ot+1, done)← step(a)
9: if done then

10: ot+1 ← reset()
11: end if
12: if t % lseg = 0 then ▷ lseg is segment length
13: S ← SeqEncϕ(S, Ci:t−1, ot)
14: i← t
15: end if
16: Append (ot, a, r, ot+1, done) to B
17: if t % num_steps = 0 then
18: Train(B, t)
19: end if
20: ot ← ot+1
21: end for

Algorithm 3 Train Memo
1: procedure Train(B, t)
2: Initialize summary tokens Strain ← ∅
3: n ←

⌊
t
lseg

⌋
▷ n is num segments

4: for j = 0 to n do
5: Cjlseg :(j+1)lseg ← context from B
6: Strain ← SeqEncϕ(Strain, Cjlseg :(j+1)lseg)
7: end for
8: Cnlseg :t ← context from B
9: L ← PPOloss(Strain, Cnlseg :t)

10: θ ← θ − η∇θL
11: end procedure
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C.0.6 Extended Result: Memory-Maze

To further evaluate our method on long-horizon memory-intensive tasks, we include

preliminary results on the Memory Maze benchmark. This environment poses a

challenging multi-goal navigation task in a procedurally generated Mujoco-based

maze. At the start of each episode, up to six colored goal objects are randomly placed

in the maze, and the agent is given a randomly sampled sequence of goals to reach

in order. Upon reaching the current goal, the next target is revealed, continuing

until the episode ends. We evaluate Memo and the Full-Context Transformer (FCT)

on the 9×9 version of the task, which includes two obstacles and has an episode

length of 1000 steps. This setting demands both exploration and the ability to

recall spatial information about previously encountered goals and maze structure.

fig. C.2 show that Memo matches the performance of FCT on this task.

Figure C.2: Returns of FCT vs AC on Memory Maze 9x9.

C.0.7 Extended Ablation: Direct KV Cache Construction

from Summary Embeddings

To assess whether the improved performance of Memo stems from the additional

computation it uses (due to summary embeddings being processed through the

transformer twice), we perform an ablation that removes the re-encoding step.

In this variant, instead of generating summary tokens and re-encoding them

through the transformer, we directly construct the memory (KV cache) from the
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internal embeddings produced at each layer while encoding the learnable summary

embeddings. As in Memo, these summary embeddings are inserted at regular

intervals between segments of tokens. However, unlike Memo, their layer-wise

representations are extracted directly to serve as the KV cache, without further

processing.

Figure C.3: Ablating the summary generation process in Memo.

This approach is more compute-efficient, as each token—including summaries—is

passed through the transformer only once. However, as shown in fig. C.3, this

variant performs poorly and quickly degrades beyond the training context length.

We hypothesize that this is not only due to the lack of deeper summarization

capacity, but also due to positional embedding generalization issues. Since summary

embeddings are appended at the end of each segment, their positional indices lie in

the range [lseg, lseg+ lsum] , with offsets accumulating across segments. Consequently,

these summary positions - and those of all future tokens - progressively reach larger

values, potentially leading to distribution shifts in the positional encodings that the

model is unable to generalize over.

This result suggests that Memo’s re-encoding step not only adds depth for more

expressive summarization but also resets the positional index range for the summary

tokens, both of which appear beneficial for stability and generalization.
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(a) Summary length ablations. (b) Segment length randomization.

Figure C.4: Training-validation gap for Memo ablations on ExtObjNav. (Left)
All summary tokens sizes (16/32/64) perform equally well on the training set for ∼ 7.5k
environment steps after which 16 and 64 summary token policies start degrading faster.
(Right) Fixed segment length’s training performance is worse than the val performance
of random segment length.

C.0.8 Training-Validation Gap

In this section, we visualize the overlaid training and validation performance curves

for Memo on the ExtObjNav task, which presents two key challenges. First,

validation scenes are entirely novel, requiring models to generalize their in-context

learning (ICL) solutions. Second, models are evaluated on 4× larger trial sizes,

testing their context extrapolation capabilities. To assess generalization, we compare

overfitting levels across models, distinguishing whether low validation performance

stems from limited encoding expressivity (indicated by low training performance)

or poor generalization despite strong training performance. We present train versus

validation curves for Memo while ablating the summary lengths in fig. C.4a and

while ablating the segment length randomization in fig. C.4b.

C.0.9 Sample Efficiency of Memo

We observed higher sample-efficiency for Memo during training on the ExtObjNav

and Dark-Key-To-Door tasks compared to the full context transformer. For Dark-

Key-To-Door, this is directly observable in fig. 5.3a since the performance is plotted

against training progress. We present the this observation for the ExtObjNav

task in this section by visualizing the performance of earlier and later checkpoints

(700M and 1B training steps) of both FCT and Memo in fig. C.5. We see that even

earlier into training, Memo exhibits higher-ICL success rates compared to FCT

which starts to get closer to Memo’s SPL only after 300M more steps of training.
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Figure C.5: Demonstrating Memo’s sample efficiency. We compare the validation
reward curves of checkpoints saved at 700M and 1000M steps of training for Memo and
the full context transformer (FCT) variants on the ExtObjNav task trained with ReLIC.
Both checkpoints of Memo achieve higher success rate compared to the checkpoints of
FCT, while its 1000M approaches the 700M Memo checkpoint’s performance in terms
of the SPL metric. This highlights the sample efficiency of Memo, besides the compute
efficiency which comes from using much smaller contexts in the transformer encoding and
decoding process.

C.0.10 Hyperparameters

We list the hyperparameters for all experimental setups in this chapter in table C.2.
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Table C.2: Comprehensive training setup and hyperparameters related to the ExtObj-
Nav task.

Hyperparameter Ours/AC/RMT Transformer
Model Architecture
# Layers 4
# Heads 8
Hidden dimensions 256
MLP Hidden dimensions 1024
Activation GeLU [141]
# Sink-KV 0 1
Attention sink N.A. Sink KV0
Episode index encoding N.A. RoPE [147]
Within-episode position encoding RoPE [147] Learnable
Training Setup
Workers 320 (20 env workers per GPU × 16 GPUs)
Batch Size 160
RL Algorithm DDPPO [169]
Discount Factor (γ) 0.99
GAE Parameter (τ) 0.95
Entropy Coefficient 0.1
Value Loss Coefficient 0.5
Optimization
Optimizer Adam [77]
Regularization Depth dropout [62] with value 0.1

In-context episodes shuffled post partial updates
Learning Rate Schedule Warm-up for 100K env interactions
Initial Learning Rate 4× 10−7

Learning Rate at Warm-up End 4× 10−4

Decay Schedule Cosine decay [94] to 0 after 1B steps
Computation
Precision Vis Encoder: FP16, Other model parts: FP32
Rollout size 4096
Total # updates per rollout 16
# partial updates 15
# full updates 1
Hardware and Performance
Environment Steps 700M Steps
Hardware 16x NVIDIA A40 GPUs
Training Time 2.5 days
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D | Benchmarking Multimodal Agents on Memory-

Intensive Tasks

D.1 Limitations

While FindingDory provides a rigorous evaluation framework for long-horizon

memory in embodied AI, it has certain limitations that highlight areas for future

improvement.

First, our most competitive baseline, which integrates a VLM with a navigation

policy, is constrained by its low-level controller. Current memory-guided navigation

policies struggle to take the shortest paths in large environments after reasoning over

long interaction histories. As a result, models perform poorly on spatial awareness

metrics, making it difficult to assess their true memory capabilities beyond basic

path efficiency. Future work should explore improved memory-driven navigation

policies to better leverage long-term spatial reasoning.

Second, in the experience collection phase, our scripted oracle policy for object inter-

actions (Magic Grasp) executes pick-and-place actions in an unnatural way—objects

are abruptly transferred from the receptacle surface to the agent’s gripper without

smooth motion. This may confuse VLMs, as the sudden change is visually subtle

and may be overlooked if the model does not attend to the specific frames where it

occurs. Developing more naturalistic interaction models could improve the realism

and interpretability of memory traces.

Third, while we introduce distractor objects to discourage guessing, we do not

explicitly control how prominently these objects appear in the experience collection

phase. Currently, objects the agent interacts with are often viewed more frequently

and closely compared to distractors, which tend to be featured less prominently in

the agent’s field of view. Although some tasks mitigate this by explicitly referencing

non-interacted objects, future iterations of the benchmark may need stronger

distractions by ensuring more balanced exposure between distractors and interacted
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objects.

Finally, while the experience collection phase involves both navigation and manip-

ulation, the current interaction phase tasks are all navigation-based, as memory

reasoning is primarily required for locating objects rather than executing pick-

and-place actions, which are Markovian once the goal is known. However, our

benchmark is easily extensible to include manipulation-based memory tasks, which

would further enrich the evaluation of long-term reasoning in embodied AI.

Despite these limitations, FindingDory establishes a strong foundation for study-

ing long-horizon memory, offering extensible challenges that will evolve alongside

advances in vision-language models and embodied learning.

D.2 Benchmark Details

D.2.1 FindingDory Episode Creation

In this section, we give details about our episode creation pipeline that allows us to

procedurally generate data for our benchmark.

Object-Receptacle Pairing. The first step in the episode creation involves

generating valid spawning positions for various object-receptacle pairs by sampling

entities from the respective split in consideration (train/val). The objective is to

identify candidate objects that can be picked up from a start receptacle and placed

stably on a goal receptacle. We use the pipeline proposed in [180] to procedurally

generate various object placements on receptacle surfaces by running physics checks

for stable placements. To make the generation procedure easier, we assume that each

object is picked and placed only once during an episode. Additionally, we constrain

the start receptacle category to be distinct from the goal receptacle category. We also

ensure that for each candidate object category, a corresponding non-interacted object

of the same category is spawned to serve as distractor entities during the interaction

phase. Figures D.1b and D.1c provide a distribution of distractor objects and
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receptacles in the val episodes. The number of sampled object-receptacle pairings

is equal to the number of rearrangements in the particular episode and can be

configured through an argument. In essence, this controls the distribution of video

frame lengths in the FindingDory tasks(see Figure D.1a).

Object Placement Sequences. Once we have identified the set of candidate

objects and the corresponding goal receptacles, we require an oracle policy through

which we can “naturally" drop objects on the receptacle surfaces. In practice, one

can achieve this by training a “place" skill through end-to-end reinforcement learning

or use a heuristic agent that can place objects on receptacles but both frameworks do

not guarantee perfect 100% success which is crucial for solvability in FindingDory

tasks. To address this, we construct an offline pipeline that produces the set of

low-level “oracle" joint actions that lead to stably placing the object on the goal

receptacle. We spawn the agent (with the object snapped in its end-effector) at

the associated viewpoints of goal receptacles on the navigation mesh. From each

viewpoint, we try to execute a heuristic, state-machine based placing policy which

performs a set of predefined joint effector actions after identifying a “clutter-free"

region in the receptacle pointcloud (using an onboard depth sensor). The output

of this routine produces a set of low level joint actions and the corresponding

receptacle viewpoint for each goal receptacle that was identified in the previous

object-receptacle pairing stage. We reject episodes where the heuristic-based place

policy cannot stably place the object from any of the associated goal receptacle

viewpoints.

Task Creation. Once we have the final filtered set of episodes, we populate task

instructions for each episode using yaml-based instruction templates as used in [150].

We employ the instruction templates to procedurally populate various placeholders

such as object names, attributes and appearance orders that create specific task

instructions grounded in the entities (objects and receptacles) present in the episode

in an automated manner. We present the diverse instructions templates we use
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for each task category in Table D.1. In total, we create 82174/5876 unique task

instructions within the train/val split respectively.
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(a) Distributions of frame counts and interaction counts across episodes.

(b) Number of objects per episode. (c) Number of receptacles per episode.

Figure D.1: Summary statistics of episode data.

D.2.2 Experience Collection Phase

We now outline the details of the experience collection phase grounded in the

episodes created by the pipeline outlined in the previous section. The experience

collection phase is designed to collect a “clean" and “natural" video sequence of an

agent interacting in an home environment while interacting with various entities.

We focus on object rearrangements as the core interaction routine followed by

the embodied agent. We construct an OracleAgent agent that uses privileged

information from the simulator instance to efficiently generate such interaction

routines. We now detail the OracleAgent policy to generate such video sequences

for a particular episode.

Nav-to-Pick. The agent begins by being spawned at a random location in the

scene associated with a particular episode. We then query a ShortestPath function
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that leverages privileged simulator information to navigate to the object that has to

be picked up. The OracleAgent follows the shortest path to the object and collects

images as it navigates in the environment.

Pick. Once the OracleAgent reaches the object location, it executes a hardcoded

pick policy sequence which results in the object being magically grasped by the

OracleAgent. The pick policy uses the onboard depth sensor to orient itself with

the object instance placed on the receptacle infront of the agent. Once the object

is in clear view (using the ground truth instance mask from the simulator), the

and effector extends outwards to perform a magic_grasp action. In cases when

the object is not visible, we re-query the ShortestPath function to navigate to an

alternate viewpoint associated with the receptacle that would lead to the object

being clearly visible.

Nav-to-Place. After grasping the object, the OracleAgent navigates to the

corresponding goal receptacle that was sampled during the episode creation phase.

Specifically, the agent navigates to the specific viewpoint associated with the goal

receptacle from which the pre-recorded placement action sequence is to be executed.

Place. Once the agent reaches the specific viewpoint, we re-play the end-effector

action sequence that was found to lead to a stable object placement during episode

creation. This marks the end of a single rearrangement interaction routine and

the agent transitions to rearrange the next candidate object in the episode until no

more objects are left.

Final Navigation. At the end of all interaction routines within an episode, the

agent navigates to a predefined location to ensure that it does not remain in close

proximity to the final interacted object or the final goal_receptacle. This ensures

that tasks are not solvable by selecting only the last few frames in the video
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sequence. We ensure that the agent navigates to a distance of 3 m away from the

final interaction location.

The above OracleAgent routine enables us to procedurally create videos of the

agent rearranging objects in the environment. Additionally, as the agent navigates

the environment between the pick and place substeps, it collects additional frames

detailing the scene environment which can be useful (or serve as distractor frames)

when attempting to solve FindingDory tasks. We present an example experience

collection trajectory and associated “magic" pick-place sequence in Figures D.8

and D.9.

D.2.3 Evaluations

In this section, we define the primary evaluation metrics employed to benchmark

the performance of various baselines on the FindingDory tasks. Following [15],

we focus on metrics that systematically quantify both the success and efficiency of

the agent in solving specified instructions. Success focuses on accurately selecting

frames from the interaction video that lead to task completion, while efficiency

evaluates if the agent selects and navigates to the optimal frame that solves the

task using the fewest low-level control actions. Notably, optimizing efficiency poses

a significant challenge for current methods [123, 178].

High-Level Policy Success Rate (HL-SR). This metric measures the percentage

of episodes in which the high-level agent correctly predicts frame indices required to

solve the specified task. We define an episode as successful if the frame(s) predicted

by the VLM satisfy the following criteria:

• Distance-to-Goal: The agent is within a specified distance of the target entity

upon reaching the predicted frame. We use thresholds of 2.0 m for objects

and 0.1 m for receptacles. The larger threshold for objects accounts for the

possibility of objects being positioned on elongated receptacles (e.g., couches),
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potentially affecting reachability.

• Angle-to-Goal: The agent is oriented within a specified angular distance

toward the target entity’s center. We set angle thresholds of 45◦ for objects

and 90◦ for receptacles due to their typically larger dimensions.

• Semantic Coverage: The semantic mask of the target entity covers at least

0.1% of the pixels in the frame.

• Room Region Check: For room visitation tasks, we verify if the agent is located

within the designated target region.

These thresholds and criteria were qualitatively validated through manual inspection

to ensure their appropriateness; During evaluation, these criteria are verified by

teleporting the robot to the pose associated with the frame(s) selected by the

high-level agent.

Low-Level Policy Success Rate (LL-SR). This metric measures the percentage

of episodes where the low-level navigation agent successfully navigates to the target

entity. The low-level agent is activated only if the high-level agent correctly predicts

the frame indices, meaning LL-SR is evaluated conditionally upon HL-SR being true

for each episode. The success criteria match those outlined for HL-SR.

Success-weighted-by-Path-Length. This metric evaluates task completion

efficiency, computed per task episode as follows [15]:

SPLi = Si ·
li

max(pi, li)

where Si denotes HL-SR/LL-SR for computing the HL-SPL/LL-SPL respectively, li
is the length of the shortest possible path to the closest successful goal frame (or

shortest path to revisit all subgoals), and pi is the actual path length traveled by

the agent.
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Additionally, we introduce two relaxed success metrics to analyze baseline failure

modes:

• Distance-to-Goal-Only Success Rate (DTG-SR). Computed identically to

HL-SR but without the semantic coverage requirement. This metric helps

quantify instances where the agent selects frames close to the goal without

necessarily capturing it visually.

• Semantic Coverage Success Rate (SC-SR). Computed identically to HL-SR

but without the distance-to-goal requirement. This metric evaluates instances

where the agent correctly selects frames showing the target entity but fails to

meet proximity criteria.

D.3 Extended Related Work

D.3.1 An overview of approaches tackling memory in Long

VQA and embodied tasks

Many recent works equip large language models with memory-like capabilities

through task-specific knowledge bases or semantic maps for navigation planning [105,

27]. MobilityVLA [176] leverages long-context VLMs to process past frames, en-

abling goal-frame selection via Gemini, while topological mapping guides navigation

without explicit pathfinding. ReMEmbR [9] and Embodied RAG [173] introduce

nonparametric memory trees to store and retrieve past experiences for planning.

For video question answering, Zhang et al. [183], Kahatapitiya et al. [67] propose a

streaming-based approach that accumulates frame-wise captions for later querying.

However, this method constrains memory to the expressivity of vision-language or

captioning models, potentially omitting critical details. We include the hierarchical

approach involving long-context VLMs and the approach utilizing textual memory

traces as baselines in our evaluations on the benchmark tasks.

180



University of Oxford

gemini-2.0-flash Task Prompt
You are an intelligent question answering agent. In the prompt video preceeding
the text, you will be shown a long stream of images that have been collected by a
robot while navigating around a home and asked to answer a question about the
space to assist a user in completing tasks in this home. In the video stream, the
robot is picking up objects and rearranging them to different arbitrary locations
throughout the house.

The questions asked by user will require being able to look at the full set of images
collected by robot to be able to provide the answer. Your task is to identify the
exact point in the video (by timestamp) where the user should move to best
accomplish their goal. You can do this by outputting the exact timestep in the
video where you are most confident that the object or place that they should move
to, was viewed closely.

The images in the video also have the time of day information in top left. You
need to use the time of day information for tasks that require to revisit objects or
receptacles at a specific time of day.

For some tasks that require revisiting multiple receptacles or objects, you should
output multiple frame indices corresponding to the correct order of revisitation
(only if specified). For all user goals, identify the minimum number of objects or
receptacles (targets) that you need to revisit to complete the user’s goal. For each
revisitation, you should select one corresponding timestep in the video that you
will move to. You need to ensure that you are not revisiting targets that are not
relevant to the user’s goal.

Generate timestamps in the MM:SS format where the first two digits represent
minutes and the last two digits represent seconds. To solve the tasks effectively,
you should try to summarize the video by listing out the objects that were
picked and placed, the receptacles from which each object was picked up and the
receptacle where it was dropped.

The user’s goal is to: {goal}. Now look at the full video containing all the images.
Give your final response with NUM_TARGETS_TO_REVISIT: ||<num_target>||.
TIMESTAMP_INDEX: ||<timestamp_1>,...,<timestamp_num_target>||. You
can include multiple timestamps if the task requires visiting more than one target
(one timestamp for each target). Do not add any other text.

Figure D.2: System Prompt for gemini-2.0-flash model
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D.4 Baseline Details

D.4.1 Gemini Agent

We experiment with the gemini-2.0-flash model which can process upto 1 million

tokens in the context window. We strictly follow the outlined Google Gemini API

developer guidelines [51] to structure the prompt and perform API calls over the

long videos in the FindingDory tasks. We do not use a “structured output"

format such as json in the output responses as we empirically observed it failed

to produce coherent outputs when supplied with long videos in the context. Since

the gemini-2.0-flash model expects the input frames to be sampled at 1 FPS,

we prompt the model to directly generate specific timestamps in the recommended

MM:SS format to localize the frame corresponding to the target entity. We provide

the detailed prompt that we use for evaluations in Fig. D.2.

D.4.2 Qwen and Gemma Agent

We run the Qwen2.5-VL-7B [13] and Gemma3-12B [153] locally for evaluations on

the FindingDory tasks. The Qwen model uses a maximum of 768 frames sampled

uniformly across the input sequence while Gemma does not impose a maximum

frame limit. For evaluation on 768 frames, we use two A40 GPUs with 48GB of

memory. For experiments with shorter context lengths and higher subsampling

(24–384 frames), a single A40 GPU suffices. We provide the full task prompt we

use for inference with Qwen and Gemma in Fig. D.3 and utilize structured JSON

outputs.

D.4.3 GPT Agent

We use the official OpenAI GPT-4o [64] API to run evaluations on the FindingDory

tasks with video frames subsampled at 96 frames to optimize API costs. For running

complete evaluation on the entire validation task suite, we incurred a total cost of

≈ 400 USD. We provide the full system prompt used for GPT-4o evaluations in
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Qwen/Qwen2.5-VL-7B-Instruct and google/gemma-3-12b-it
Task Prompt

You are an expert and intelligent question answering agent. You will be shown a
video that was collected by a robot yesterday while navigating around a house and
picking and placing objects. Your job is to help the robot complete a task today
by looking at the video and finding the frame indices that the robot should move
to. Make sure your response is all within the JSON.

Note:
- The robot uses a magic grasp action to pick up an object, where a gripper goes
close to the object and the object gets magically picked up.

Output Format (should be in JSON format):
‘‘‘json
{

"chain_of_thought": str.
"frame_indices": list[int].

}
‘‘‘
Where:
- Chain of Thought: A detailed explanation of the robot’s thought process in
determining the frame indices.
- Frame Indices: The frame indices in the video stream showing the object or place
that the robot should move to.
- When deciding which frame indices to choose, make sure you choose the frame
indices that are closest to the object/place.
- If task requires the agent to go to multiple places, output one frame index per
object/place. (Do not use ellipsis)

The robot’s goal is: {goal}

Figure D.3: System Prompt for Qwen2.5-VL and Gemma3 model

Fig. D.4.

D.4.4 Text Agent

We implement the the text-based VLM agent using the Qwen2.5-VL [13] model.

For every chunk_size number of frames in the video, we generate a description

using the VLM. We then attach the frame indices and time of day information to

the generated summary for the frame window in consideration. We use the prompt

shown in Fig. D.5 to generate the structured JSON outputs for each chunk in the
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gpt-4o-2024-07-18 Task Prompt
** OBJECTIVE **
You are an expert and intelligent question answering agent. You will be shown a
video that was collected by a robot yesterday while navigating around a house and
picking and placing objects.
Your job is to help the robot complete a task today by looking at the video and
finding the frame indices that the robot should move to, to complete the task.

** OUTPUT FORMAT **
‘‘‘json

"chain_of_thought": str.
"frame_indices": list[int].

‘‘‘
Where:
- Chain of Thought: A detailed explanation of the robot’s thought process in
determining the frame indices.
- Frame Indices: The frame indices in the video stream showing the object or place
that the robot should move to.
- When deciding which frame indices to choose, make sure you choose the frame
indices that are closest to the object/place.
- If task requires the agent to go to multiple places, output one frame index per
object/place.

** NOTES **
- The robot uses a magic grasp action to pick up an object, where a gripper goes
close to the object and the object gets magically picked up.

** TASK **
The robot’s goal is: {goal}

Figure D.4: System Prompt for gpt-4o model

video. We then concatenate all the generated JSON outputs and pass it to the

Qwen model to perform text-only reasoning over the entire text-based history of

the video. The text-based reasoning prompt is provided in Fig. D.6. We note

that using the same Qwen model for generating the individual text summaries and

performing the final text-based reasoning helps in optimizing inference load as we

maintain only a single instance of the VLM through the entire evaluation.
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Text Agent(VLM) Task Prompt
You are an expert and intelligent question answering agent. You will be shown
a stream of {chunk_size} images taken by a robot while navigating around a
simulated house and picking and placing objects. Your job is to describe the image
based on the output format. Make sure your response is all within the JSON format.

Output Format (should be in JSON format):
‘‘‘json
{

"room_name": str.
"picking_placing_or_navigating": str("picking", "placing" or "navigating").
"object_being_manipulated": str.
"receptacle_being_manipulated": str.
"other_objects_in_scene": list[str].

}
‘‘‘
Where:
- Room name: The name of the room the robot is in.
- Picking, placing, or navigating: Whether the robot is picking or placing an object,
or navigating around the house.
- Object being manipulated: The object that the robot is picking or placing (if
relevant).
- Receptacle being manipulated: The receptacle that the robot is picking up from
or placing an object into (if relevant).
- Other objects in scene: Objects present in the scene besides the main object and
the receptacle.

Note:
- The robot uses a magic grasp action to pick up an object, where a gripper goes
close to the object and the object gets magically picked up.

Figure D.5: System Prompt for Qwen2.5-VL model to generate text summaries based
on chunk_size frames

D.4.5 Supervised Finetuning Baseline

We leverage the FindingDory training split which consists of 82174 unique task

instantiations across the categories mentioned in Table 6.2. Each video-instruction

pair is coupled with a list of ground-truth frame indices that solve the task. For

multi-goal tasks, each subgoal has a corresponding ground-truth frame indices

sublist. Since the FindingDory video sequences can be extremely long, we
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Text Agent(LLM) Task Prompt
You are an expert and intelligent question answering agent. You will be provided a
list of textual descriptions of the environment created by an agent while navigating
around a house and picking and placing objects. The descriptions correspond
to logs made after collecting and viewing a small chunk of frames, and contain
information about which frame numbers they correspond to. You will also be
provided a goal that now needs to be accomplished, for which you will need to use
the history to decide where to go. Your job is to identify the desired frame index
to navigate to, based on the provided task. Make sure your response is all within
the JSON.

Agent’s History information:
- Room name: The name of the room the agent was in.
- Picking, placing, or navigating: Whether the robot was picking or placing an
object, or navigating around the house.
- Object being manipulated: The object that the robot was picking or placing (if
relevant).
- Receptacle being manipulated: The receptacle that the robot was picking up
from or placing an object into (if relevant).
- Other objects in scene: Objects present in the scene besides the main object and
the receptacle.

Output Format (should be in JSON format):
‘‘‘json
{

"chain_of_thought": str.
"frame_indices": list[int].

}
‘‘‘
Where:
- Chain of Thought: A detailed explanation of your thought process in determining
the frame indices.
- Frame Indices: A list of one or more frame indices relevant to accomplishing the
goal.
- If its a single object/place task, output only one frame index.
- If task requires the agent to go to multiple places, output one frame index per
object/place. (Do not use ellipsis)

Agent’s history: history

The goal is {goal}

Figure D.6: System Prompt for Qwen2.5-VL model to perform textual reasoning over
the concatenated textual summaries
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uniformly subsample all videos to 96 frames. The ground truth frame indices are

also subsampled to match the shorter video lengths to ensure the model chooses

from within the subsampled frames.

Training Details. We conduct full-finetuning of the Qwen/Qwen2.5-VL-3B model

using the open-source huggingface/trl library. For hyperparameter optimization,

we utilized a smaller representative split of the training dataset with 36274 samples

and conducted a grid search over the learning rate, num_epochs and weight_decay

parameters. The best checkpoints from all runs were selected by evaluating

performance on all video-instruction pairs in the full validation split. This “offline"

evaluation is conducted without instantiating the simulator by directly comparing

the model’s predicted keyframe indices with the ground-truth keyframe indices using

exact string matching (thus, we dont compute metrics proposed in Section 6.4.2). We

use the cosine learning rate decay scheduler for all experiments. For the final training

on the larger dataset, we found that a learning rate of 5× 10−6 over 5 epochs with 0

weight decay worked best. For all experiments, we train in bfloat16 format using 8

A40 GPUs on a single node with a batch size of 1 and gradient_accumulation of 4 -

providing an effective batch_size of 32 samples. To further optimize training, we

use gradient_checkpointing and highly optimized flash_attention implementation.

In this setup, the full training run takes ≈ 120 hrs to complete.

Goal Sampling for Online Simulator Eval. The best trained checkpoint is

used in online simulator evaluations on the FindingDory task suite. Since the

model is trained to predict the complete list of ground-truth frame indices, we

select a single representative index from each generated subgoal solution list to

serve as the predicted frame index. Empirically, we found that choosing either the

first or a random index (of a sublist corresponding to a subgoal) yields comparable

performance, while using the last index results in slightly worse performance.

Therefore, we use the first index of each list as a simple and effective heuristic.
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Vision Language Model 
(VLM)

You are an intelligent agent.

...

Locate the frames the agent 
should navigate to, to finish 
the task.

Goal is: Find a toy bee.

Prompt

CoT: I see a toy bee on 
the table in frame 40.

Frame Index: [10]

Output

To low-
level policy

at-1

atLSTMComp

Layer FCFC

Tied 

Weights

VC-1

ViT-Base
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ViT-Base

Goal Image
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Image-Goal Navigation Agent
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Low Level Policy

Figure D.7: Hierarchical agent architecture when using a VLM for goal frame selection
and low level policies for action generation.

D.5 Low-level Policy Details

D.5.1 Image-Goal Navigation Agent

Policy Training. We train the image-goal navigation policy using the architecture

and training recipe described in [177]. Specifically, we employ an end-to-end rein-

forcement learning policy trained using DDPPO, which predicts discrete navigation

actions conditioned on visual RGB inputs and a goal image. The agent utilizes a

ViT based visual encoder along with a 2-layer LSTM backbone. Similar to OVRL-v2

[177], the output patch representations from the ViT are reshaped into a 3D grid and

downsampled to a lower dimension using a convolutional layer called the compression

layer. However, we slightly deviate from OVRL-v2 by first concatenating the patch

representations from the current and goal images before passing them through the

compression layer.

The policy training occurs in the training scene split of the HSSD dataset [73],
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consisting of 1166 episodes distributed across 111 scenes (a subset of the original

125 training scenes). In the Habitat simulator, the agent is modeled as a Hello

Robot Stretch [71] with a height of 1.41 m and a cylindrical base radius of 0.25 m.

The agent’s RGB sensor is positioned at a height of 1.31 m, with a resolution of

160× 120 pixels and a horizontal field of view of 43◦. During training, each episode

has a maximum step budget of 1000 steps, with success defined by invoking the

STOP action within 1.0 m of the goal image position.

As our visual encoder, we use the VC-1-Base [100] model which was previously

finetuned with ImageNav on a smaller training scene split from the HSSD dataset.

Empirically, we found that freezing the visual encoder after this targeted finetun-

ing significantly accelerates the overall training performance. During the VC-1

finetuning, we use a smaller learning rate of 1.5× 10−6 for the encoder.

We train the agents for a total of 500M timesteps on 32 A40 GPUs running 32

parallel environments each (1024 envs in total). Following the approach from [100],

we collect 64 steps of experience and subsequently perform 2 PPO epochs with a

mini-batch size of 2. The reward function employed is the improved formulation

proposed by [177], using parameters: success weighting cs = 5.0, angle success

weighting ca = 5.0, goal radius rg = 1.0, angle threshold θg = 25◦, and slack penalty

γ = −0.002. We optimize using AdamW with a learning rate of 2.5 × 10−4 and

weight decay 10−6.

We select the best-performing policy checkpoint based on a validation success

rate obtained by evaluating on 1000 image-goal navigation episodes from the

FindingDory validation set, achieving a success rate of 78% and SPL of 48.21%.

D.5.2 Explicit Mapping Agent

We augment the OracleAgent (see Appendix D.2.2) with a top-down occupancy

map as it navigates the environment to generate the video sequence. In addition,

we also store the 2D poses corresponding to each frame that is collected in the

video sequence. The constructed map is employed by a path planning module
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to generate a deterministic navigation sequence to the 2D map coordinates that

correspond to the image-goal location selected by the high-level goal selection agent

(see Section 6.4.1).

Map Construction. We leverage the onboard depth sensor and project the depth

image at each timestep into an egocentric pointcloud using camera intrinsics. The

pointcloud is then binned along the z-axis to compute occupancy values on a

local 2D grid map centered around the current position of the agent. The pose

sensor provides the instantaneous pose of the agent which is employed to register

the computed local map in the global map of the environment. In this way, we

continuously update the global map as the OracleAgent navigates the environment

and visits multiple pick-place targets. We freeze the map updates during the pick-

place subroutines as no additional occupancy information is encountered during

their execution.

Planner. When the high-level goal agent selects a particular goal frame, we lookup

the corresponding target 2D pose in the global map. Simlar to the local navigation

policy employed in [27], we use the Fast Marching Method [137] to generate the

shortest path to the goal pose. We use one of four discrete navigation actions (see

Section 6.3.3) to reach each waypoint on the generated shortest path.

D.6 Qualitative Examples

In this section, we include representative qualitative examples from the Find-

ingDory task suite. In Figure D.8, we provide a birds-eye view depiction of

the trajectory executed during experience collection (see Appendix D.2.2) in a

validation episode involving 5 pick-place interaction routines. For this episode, the

collected video consists of 1308 frames in total. We provide detailed responses

(and meta-analysis) from various baselines across the various task categories in

Figures D.10 to D.15. In the following, we briefly discuss the different failure

modes encountered in the generated responses across the 3 high-level task categories

defined in Table 6.2.
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Single-Goal Spatial Tasks. We observe that for the Object Recall task (fig. D.10),

the models are able to identify a frame with the target chest of drawers but do not

select the closest frames to ensure success. In the Interaction based tasks (figs. D.10

and D.11), we observe models fail to accurately list the sequence of interaction

events which can be partially attributed to supplying only 96 subsampled frames

from the original video. In one case, GPT-4o instead focuses on a “distractor" target

object (fig. D.11). All models perform poorly on the Spatial Relationship tasks

(fig. D.11) as they are unable to coherently reason about the spatial layout of the

house in the provided video.

Single-Goal Temporal Tasks. For the Interaction Order task, we observe that

the closed-source models are able to accurately identify the target object but the

open-source variants fail to do so (fig. D.13). Models are generally able to select

the correct frame in the Time-Based task as the model only needs to retrieve a

single frame corresponding to the correct overlaid timestamp. For the Duration

Tracking task, only GPT-4o generates the correct reasoning and frame prediction.

Intersetingly, Gemma-3 tries to track the duration spent in each room by matching

the floor color observed in the images but eventually fails at the task (fig. D.14).

Multi-Goal Tasks. All models fail to perform successfully on tasks under this

category. Only GPT-4o gets a correct response for all subgoals. Surprisingly, the

reasoning trace has a hallucination but this mistake is omitted in the final frame

sequence prediction (fig. D.15). The models struggle to coherently list the event

sequence and also hallucinate interactions. Furthermore, Gemini-2.0-flash also

struggles to adapt the sequence of events it lists into the query revisitation sequence

specified in the task (fig. D.15).

Table D.1: Task Categories with all associated prompts

Memory Type Example Instructions

Navigate to a {target_object_name}.
Object Recall

Navigate to a {target_receptacle_name}.

Continued on the next page...
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Memory Type Example Instructions

Navigate to any receptacle you interacted with.

Navigate to any receptacle you did not interact with.

Navigate to any object that you interacted with yesterday.

Navigate to any object that you did not interact with yesterday.

Navigate to any receptacle you picked an object from.

Interaction

Navigate to any receptacle you placed an object from.

Navigate to the {target_object_name} that you interacted with

yesterday.

Navigate to a {target_object_name} that you did not interact with

yesterday.

Navigate to a {target_receptacle_name} you did not interact with

yesterday.

Navigate to a {target_receptacle_name} you picked an object from.

Navigate to a {target_receptacle_name} you placed an object on.

Navigate to the receptacle that you picked the {target_object_name}

from.

Conditional
Interaction

Navigate to the object that you picked from the {tar-

get_receptacle_name}.

Navigate back to a {target_shape} shaped object that you interacted

with yesterday.

Navigate back to a {target_color} colored object that you interacted

with yesterday.

Navigate to an interacted object with {target_print_or_design} on it.

Find an already interacted object that is made of {target_material}.

Object Attributes

Go back to an interacted object that is used for {target_functionality}.

Navigate to the receptacle that you interacted with which is the farthest

from your current location.

Continued on the next page...
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Memory Type Example Instructions

Navigate to the receptacle that you did not interact with which is the

farthest from your current location.

Navigate to the receptacle that you picked an object from which is the

farthest from your current location.

Navigate to the receptacle that you placed an object on which is the

farthest from your current location.

Spatial Relationship

Navigate to the object which you interacted with which is the farthest

from your current location.

Navigate to the room where you picked the {target_appearance_order}

object from.

Navigate to the room where you placed the {target_appearance_order}

object in.

Navigate to the room where you picked the {target_object_name} from.

Navigate to the room where you placed the {target_object_name} in.

Room Visitation

Navigate to a room that you did not visit yesterday.

Navigate to the {target_appearance_order} object that you interacted

with yesterday.

Navigate to the {target_appearance_order} receptacle that you picked

an object from.

Navigate to the {target_appearance_order} receptacle that you placed

an object on.

Navigate to the receptacle that you picked the {tar-

get_appearance_order} object from.

Navigate to the object that you picked from the {tar-

get_appearance_order} receptacle.

Navigate to the object you interacted with immediately after ending

the interaction with {target_object_name}.

Continued on the next page...
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Memory Type Example Instructions

Navigate to the object you interacted with immediately before interact-

ing with {target_object_name}.

Navigate to the object you interacted with {target_num_counts}

interactions after {target_object_name}.

Navigate to the object you interacted with {target_num_counts}

interactions before {target_object_name}.

Navigate to the object that you interacted with between the interactions

with {target_object_name_1} and {target_object_name_2}.

Navigate to the receptacle that you placed an object on right before

you started interacting with {target_object_name}.

Navigate to the receptacle that you picked an object from right after

you finished interacting with {target_object_name}.

Navigate to the receptacle that you placed an object on {tar-

get_num_counts} interactions before you started interacting with

{target_object_name}.

Interaction Order

Navigate to the receptacle that you picked an object from {tar-

get_num_counts} interactions after you finished interacting with

{target_object_name}.

Navigate to the receptacle that you placed an object on between the inter-

actions with {target_object_name_1} and {target_object_name_2}.

Navigate to the receptacle that you picked an object from be-

tween the interactions with {target_object_name_1} and {tar-

get_object_name_2}.

Navigate to the receptacle that you interacted with at {XX:XX}

yesterday.
Time-Based

Navigate to the object that you interacted with at {XX:XX} yesterday.

Continued on the next page...

194



University of Oxford

Memory Type Example Instructions

Navigate to the object which took the longest time to rearrange.

Navigate to the room that you spent the most time in.Duration Tracking

Navigate to the object which took the shortest time to rearrange.

Revisit all the receptacles you picked objects from yesterday.

Revisit all the receptacles you placed objects on yesterday.

Revisit all the {target_receptacle_name} you placed objects on yester-

day.

Revisit all the {target_receptacle_name} you picked objects from

yesterday.

Revisit all the objects you interacted with yesterday.

Unordered
Revisitation

Revisit all the receptacles you interacted with yesterday.

Revisit all the receptacles you picked objects from yesterday in specific

order.

Revisit all the receptacles you placed objects on yesterday in specific

order.
Ordered

Revisitation

Revisit all the objects you interacted with yesterday in specific order.
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Figure D.8: An example experience collection trajectory executed by OracleAgent.

1 Placing Apple

4 Picking Clock

Figure D.9: Example “magic" pick-place sequences executed by the OracleAgent for
sample episode in Fig. D.8.
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Object Recall

Single-Goal Spatial Tasks

Interaction

Task: Navigate to a chest of drawers.



GPT-4o: To accomplish the task of navigating to a chest of drawers, I need to identify the frames where the 
chest of drawers is visible. The focus will be on frames showing the chest of drawers most prominently and 
closely. Starting from frame 0, I will scan through the images focusing on furniture that matches a typical 
chest of drawers. , which confirms 
the presence in those frames.

frame_indices: 

 Misidentifies kitchen counter as target object



Gemini-2.0-flash: The robot performs the following actions: - Picks up a green spray bottle and blue 
lunchbox from a chair and places it on a table. - Picks up an apple from a table and places it on another 
chair. - Picks up the lunchbox from the table and puts it in the bathroom sink. - Picks up a shoe from a shelf 
and places it next to a lamp on a bedside table. - Picks up a green alarm clock from a dresser and places it 
near the washing machine. - Picks up a panda figurine from a shelf and places it next to the lamp. - Picks up 
the spray bottle from the bedside table. - Picks up the panda figurine from bedside table and places it near a 
chair. The user wants to navigate to a chest of drawers. 

 NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:37||

frame_indices: 

Qwen-2.5-VL: The robot needs to navigate to a chest of drawers. In the video, the robot moves through 
various rooms and eventually reaches a room with a chest of drawers visible on the right side of the screen.

frame_indices: 

 Selects a frame too distant from the target despite a closer one being available 



Gemma-3: The robot needs to navigate to a chest of drawers. I will examine the video frames to identify the 
chest of drawers and select the frame index that shows the chest of drawers clearly. The chest of drawers 
appears in frames 71, 72, and 78. Frame 71 shows the chest of drawers clearly, so I will select that frame 
index.

frame_indices: 

 Selects a frame too distant from the target despite a closer one being available



Text Agent: The goal is to navigate to a chest of drawers. From the history, we see that the agent 
navigated through various rooms including the bedroom and living room. The dresser mentioned in the placing 
action at frame index 672 could be a chest of drawers. Therefore, the most relevant frame index to achieve the 
goal is 672.

frame_indices: 

 Selects a frame where target objects is not visible but was visible in nearby frames

 .  

 .  

I observed a chest of drawers in frames 53 and 54 located in the kitchen area

[53]


[49]


[71]


[672]


Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

The video shows chest of drawers at [00:37], [00:47], 
[00:53], [00:71], [00:78].

[37]



Task: Navigate to any receptacle you placed an object on.



GPT-4o: To find a frame where the robot placed an object on a receptacle, I analyzed the video frames. 

 Thus, Frame 15 is the most relevant 
frame for the task.

frame_indices: 

Gemini-2.0-flash: Here's a breakdown of the objects picked and placed in the video, to help answer the 
user's question: * **Spray bottle:** Picked from a chair (00:03), placed on a nightstand (01:16). * 
**Lunchbox:** Picked from a chair (00:03), placed on a bathroom sink (00:25). * **Apple:** Picked from a table 
(00:07), kept on the ottoman (01:34). * **Shoe:** Picked from shelf (00:33), placed under lamp (00:41). * 
**Alarm clock:** Picked from a side table (00:55), kept on bathroom sink (01:05). * **Toy:** Picked from a 
table (01:27), placed on a chair (01:33). The user wants to navigate to any receptacle where an object was 
placed. So, we can choose any of the destination receptacles. 

NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||01:34||

frame_indices: 

 Misidentifies the location of placing the apple which is the table



Qwen-2.5-VL: The robot needs to navigate to a receptacle where it previously placed an object. From the 
video, we can see that the robot has placed various objects on different surfaces such as tables, chairs, and 
dressers. 

frame_indices: 
 Provides incorrect reasoning and identifies multiple frames (some incorrect) instead of single 

frame 



Gemma-3: The robot needs to navigate to the receptacles where it placed objects. Let's analyze the video to 
identify those frames. 1. . 2. **Frame 26:** The robot 
places a suitcase on a sink. 3. **Frame 65:** The robot places a clock on a sink. 

 
frame_indices: 

 Incorrect event tracking and reasoning leads to misidentified frames



Text Agent: The goal is to navigate to any receptacle where an object has been placed. 
. Therefore, I should navigate to the 

bedroom.

frame_indices: 

 Incorrect event tracking but still selects a valid frame

 .  

 .  

In 
Frame 15, the robot places a lunchbox on a table. This frame clearly shows the object being placed, which 
matches the goal of navigating to a receptacle where an object was placed.

[15]



[576]


Let's pick the ottoman (where the apple was 
placed). 

[94]


To achieve the goal, the robot should identify the last object it placed and then move to the 
receptacle where it was placed.


[12, 25, 47, 63, 78, 93]


**Frame 11:** The robot places a suitcase on a table
4. **Frame 93:** The robot 

places a suitcase on a chair. Therefore, the frame indices to navigate to are 11, 26, 65, and 93.

[11, 26, 65, 93]


From the history, 
the last action was placing an alarm clock on the dresser in the bedroom

Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Figure D.10: FindingDory Spatial Tasks for the sample episode in Figure D.8. Each
VLM model uses 96 subsampled frames. Text Agent processes full video as defined in
appendix D.4.4. 197
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Single-Goal Spatial Tasks
Conditional Interaction

Task: Navigate to the receptacle that you picked the backpack from.



GPT-4o: The task requires the robot to return to the receptacle where it previously picked up the backpack.

 Thus, the frame closest to the object (the chair with the backpack) before 
it was picked is frame 3.

frame_indices: 

 Ignores backpack that was picked from the table and focuses on “distractor” backpack that agent never 
interacted with    



Gemini-2.0-flash: Here's a breakdown of the video and the solution: * **Video Summary:** * The robot picks up a green 
spray bottle and a dinosaur lunchbox from a chair (00:03). * The robot picks up a red apple from a table (00:07). 

 * The robot picks up a black-and-blue sneakers from a shelf (00:33). * The robot places a black-and-blue sneakers 
on the cabinet next to a table lamp (00:41). * The robot picks up the green alarm clock (00:56). * The robot placed the 
alarm clock next to the lunch box on the bathroom counter (01:05). * The robot picks up the green spray bottle and panda toy 
from the cabinet next to the lamp (01:16). * The robot places the green spray bottle and the lunchbox back on the chair 
(01:33). * **Task:** Navigate to the receptacle that you picked the backpack from. * **Solution:** 

 Therefore, the response is: NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:03||

frame_indices: 

 Correctly tracks events but makes error in reasoning over the events



Qwen-2.5-VL: The robot needs to navigate back to the location where it picked up the backpack. 
Therefore, the robot should move to the frame where 

the backpack was last seen.

frame_indices: 

 Backpack was dropped in the bathroom



Gemma-3: The robot picked up the backpack from a receptacle. I need to find the frame index where the receptacle is 
visible.  The 
frame index where the receptacle is visible is frame 15.

frame_indices: 

Text Agent: The goal is to navigate to the receptacle where the backpack was picked. 
 Therefore, we should navigate to the bedroom.


frame_indices: 
 Incorrect event tracking

 .  

 .  

 By reviewing 
the sequence of frames in the video, frames 3 through 17 show the robot's interaction with the backpack. The backpack is 
first clearly seen on a chair in frame 3, and the robot interacts with it until frame 17. After frame 17, the robot seems to 
have moved away from the chair with the backpack.

[3]


The robot picked the 
backpack from the chair at 00:03.

[3]


 when the robot was in the bathroom. 

From the history, we see that the 
backpack was picked in the bedroom at frame index 384.

[384]


Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

* The 
robot picks up the dinosaur lunchbox from a table (00:15). * The robot places the dinosaur lunchbox on a bathroom sink 
(00:26).

From the video, the 
backpack was picked up on frame 16

[16]


The backpack was picked up in frames 15-16. The receptacle is the small table with a dinosaur-themed bag on it.

[15]



Spatial Relationship

Task: Navigate to the receptacle that you picked an object from which is the farthest from your current location.



GPT-4o: The robot picked up objects from various receptacles during the navigation. To determine the farthest receptacle 
from the current location, it's important to identify the locations where the robot previously picked up items and then 
calculate which of these locations is the farthest from the end point of the video. Key frames to consider include: - Frame 
4: Picked up an item from the chair near the glass door. - Frame 17: Picked up an item from a table in what seems to be the 
living area. - Frame 41: Picked up a shoe from a different location. 

 This probable distance is because the living room and shoe area seem to be 
closer to the bedroom than the chair near the glass door. Thus, the robot should navigate to the receptacle at Frame 4.

frame_indices: 

 Incorrect description of final agent location as bedroom. In addition, chair from which item was picked is 
visible clearly visible in final frame



Gemini-2.0-flash: Here's how we can solve this problem: 1. **Summarize the Robot's Actions:** * **Chair:** * 
 near the sliding doors (00:03). * 

 (01:16). * Picked up an apple from the table in the balcony (00:07). * Dropped the lunchbox on 
the bathroom sink (00:26). * **Table** * Picked up a shoe from the shelf behind the sofa (00:33). * Dropped the shoe to the 
nightstand (00:41). * **Washing Machine** * Picked up an alarm clock from the top of washing machine(00:56). * Dropped the 
alarm clock near the lunchbox in the bathroom sink (01:08). * **Chair near sofa** * Picked up a toy from the chair near the 
sofa(01:27). * Dropped the lunchbox near the chair in the balcony (01:35). 2. **Determine Distances:** * 

4. **Final Answer:** Based on the 
analysis, the final answer is: NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:03||

frame_indices: 

 Incorrect event tracking and no clear spatial reasoning exhibited



Qwen-2.5-VL: The robot needs to navigate to the farthest receptacle from its current location. It has previously 
. The red object is on a table, and the lunchbox is on a sink. The 

table is located in the dining area, and the sink is in the bathroom. 
. Therefore, the robot should move towards the dining area.


frame_indices: 
 Agent final location is close to the chair from which the red object was picked 



Gemma-3: The robot's goal is to navigate to the receptacle that it picked an object from which is the farthest from its 
current location. 

 Therefore, the robot should 
navigate to frame 84, which shows the table in the outdoor area.

frame_indices: 

 Incorrect event tracking and spatial reasoning



Text Agent: To determine the farthest receptacle from the current location, we need to calculate the distance between 
the agent and each receptacle it has interacted with. 

 In this case, the last room visited is the 'living room' at frame index 1308.

frame_indices: 

 No spatial reasoning and reliance on unfounded assumptions

 .  

 .  

The current location (final frame) seems to indicate 
the robot is in a bedroom. Relative to this, the farthest picking location would likely be Frame 4, where the robot picked 
an item up from a chair near the glass door.

[4]


Picked up a 
spray bottle and a lunchbox from the chair Placed the spray bottle on the nightstand next 
to the lamp in the bedroom

The chair near the 
sliding doors and washing machine appears to be the farthest receptacles from current position (frame 00:00). 3. **Identify 
the First Receptacle:** The first receptacle is the chair near the sliding doors. 

[3]


picked 
up a red object from a table and a lunchbox from a sink

The dining area is further away from the current 
location than the bathroom

[12]


The robot picked up a blue object from a table in the first few frames. The receptacle is the table. The 
table is located in the outdoor area of the house. The robot is currently in the bathroom.

[84]


However, since we don't have explicit distance data, we'll assume the 
order of rooms visited reflects the order of interaction. The farthest room from the starting point would likely be the last 
one visited.

[1308]


Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Figure D.11: FindingDory Spatial Tasks for the sample episode in Figure D.8. Each
VLM model uses 96 subsampled frames. Text Agent processes full video as defined in
appendix D.4.4. 198
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Object Attributes

Single-Goal Spatial Tasks

Room Visitation

Task: Navigate to a red colored object again that you interacted with yesterday.



GPT-4o: The video shows consecutive frames captured by a robot inside a house. The task is to identify the frame 
where the robot had an interaction with a red-colored object. 

 Therefore, the frame where the robot seems closest to the apple is frame 7.

frame_indices: 

Gemini-2.0-flash: The robot picks up the following objects and places them at different locations: - A green 
spray bottle and a lunch box from a chair and places them on a table in the bathroom (frame 26). 

 - A shoe from a shelf and drops it next to 
a lamp in a bedroom (frame 41). - An alarm clock from a counter and drops it near the lunch box in the bathroom 
(frame 65). - A panda toy from a shelf in a bedroom and drops it near the spray bottle (frame 77). The user wants to 
revisit the red colored object (red apple). 

 NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:07||

frame_indices: 
Meta Analysis: Does not identify the dropping of apple on table but selects correct frame based on where the apple 
was viewed



Qwen-2.5-VL: The robot needs to navigate back to the red object it interacted with yesterday. 

frame_indices: 

Gemma-3: The robot's goal is to navigate to a red colored object that it interacted with yesterday. Looking 
through the video, 

 I will choose frame 15 as the frame index to navigate to the red suitcase.

frame_indices: 

 Fails to identify the red apple object that was dropped on the table



Text Agent: To accomplish the goal of navigating to a red colored object, I need to identify the red object from 
the history.  However, if we assume the red 
object was picked or placed at some point, we should look for the most recent navigation action involving a red 
object. Since the history does not specify the color, we'll choose the last navigation action as it might be the 
most recent interaction.

frame_indices: 

 Fails to identify the red apple object that was dropped on the table

 .  

 .  

Upon reviewing the frames, the robot interacted 
closely with a red apple. This interaction can be observed between frames 6 and 11, with the robot's gripper 
appearing close to the apple.

[7]



[7]


From the video 
frames, the red object appears on a table in the living room at frame 10.


[10]



- A red apple from 
a table and does not drop it, implies it is still holding it (frame 11).

Since the robot never dropped it, we should revisit the table where it 
picked up the apple to see if it placed it back there.

I can see the robot interacting with a red suitcase multiple times. The first time the robot 
interacts with the red suitcase is around frame 15. The robot then interacts with the suitcase again around frame 
25, 66, 68, 86, 92, and 95.

[15]


From the given history, there is no explicit mention of a red object.

[1308]


Meta Analysis:

Meta Analysis:

Task: Navigate to the room where you placed the backpack in.



GPT-4o: The robot needs to find the room where it placed the backpack. While reviewing the frames, the backpack 
appears prominently in frames 3, 25, and 93, among others. 

 Thus, the correct location the robot should navigate to is 
found in frame 93.

frame_indices: 

 Focuses on “distractor” backpack that agent never interacted with



Gemini-2.0-flash: Here's a breakdown of the objects picked and placed, to help answer the question: * **Spray 
Bottle:** Picked from the chair at 00:03, placed on the nightstand at 01:16 * **Red Apple:** Picked from the table 
at 00:07, placed on the chair at 00:03 * **Shoe:** Picked from shelf at 00:33, placed near the lamp at 00:41 * 
**Lunchbox:** Picked from table at 00:15, placed on bathroom counter at 00:26 * **Clock:** Picked from the drawer 
at 00:56, placed on the lunchbox on bathroom counter at 01:05 * **Panda Toy:** Placed on the nightstand at 01:16, 
picked from the nightstand lamp table at 01:16, placed on table at 00:15 

 NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:26||

frame_indices: 

Qwen-2.5-VL: The robot needs to navigate to the room where it placed the backpack. 
 The robot should move to this location to find the backpack.


frame_indices: 

Gemma-3: The robot needs to navigate to the room where the backpack was placed. 

 I will choose frame 93 as it is a clearer view of the backpack and the surrounding environment.

frame_indices: 

 Focuses on “distractor” backpack that agent never interacted with



Text Agent: To determine the room where the backpack was placed, I need to find the frame where the agent was 
placing an object. From the history, the last frame where the agent was placing an object was at frame 672, where 
the alarm clock was placed on the dresser in the bedroom. Since the goal is to navigate to the room where the 
backpack was placed, we should look for a frame where the agent was navigating to a specific room. 

 The next navigation frame 
is at 960, which is in the bedroom. Therefore, the backpack was likely placed in the bedroom.

frame_indices: 

 Misses tracking frames where backpack is picked from table in living room and placed in bathroom 
sink

 .  

 .  

The most recent placement seems to be in frame 93, which 
occurs at time 11:06, showing the backpack is located on a chair initially visible in the earlier part of the 
video. This suggests that the robot placed the backpack there later in the sequence since it was previously 
interacting with it near the bathroom sink (frame 25).

[93]


From the video, the backpack 
was placed on a chair in a room with a table and a plant. The frames showing the backpack on the chair are frames 
93 and 95.

[93]


The next 
navigation frame is at 768, which is in the bathroom. However, there is no indication that the backpack was placed 
in the bathroom. The next navigation frame is at 864, which is in the bathroom as well.

[960]


Meta Analysis:

Meta Analysis:

Meta Analysis:

The lunchbox (referred to as "backpack" in 
the prompt) was placed on the bathroom counter. So, to navigate to where the backpack was placed, we should go to 
the bathroom.

[26]



From the video, we can see 
the backpack being placed on a sink in a bathroom.

[25]



Figure D.12: FindingDory Spatial Tasks for the sample episode in Figure D.8. Each
VLM model uses 96 subsampled frames. Text Agent processes full video as defined in
appendix D.4.4. 199
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Interaction Order

Single-Goal Temporal Tasks

Time-Based

Task: Navigate to the object you that you interacted with between the interactions with apple and shoe.



GPT-4o: First, identify the interactions involving the apple and shoe. The apple interaction occurs at 
frames 7 to 11. The shoe interaction occurs at frames 33 to 43. 

 The robot 
should navigate to the lunchbox in this task.

frame_indices: 

Gemini-2.0-flash: Here's a breakdown of the robot's actions in the video: 

 7. **00:55**: Robot picks up an alarm clock from a table. 8. **01:05**: Robot places the alarm 
clock near the lunchbox on the bathroom sink. 9. **01:16**: Robot places the spray bottle on a nightstand. 

 
 NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:03||


frame_indices: 
 Correct event tracking and target identification but incorrectly navigates to the object 

picking location instead of final placement location



Qwen-2.5-VL: The robot needs to navigate from the apple interaction to the shoe interaction. The apple 
interaction occurred at frame 10, and the shoe interaction occurred at frame 35. 

frame_indices: 
 Fails to identify the backpack target object for navigation



Gemma-3: The robot interacted with an apple in frame 7 and a shoe in frame 43. 
The robot interacted with the alarm clock in frame 55. Therefore, the 

frame index to move to is 55.

frame_indices: 

Incorrect target object identification due to temporal reasoning error



Text Agent: The goal is to navigate to the object you interacted with between the interactions with apple 
and shoe. 

 Therefore, we need to find the frame index between these two events.

frame_indices: 

 Incorrect event tracking and ignores the initial interaction with the apple

 .  

 .  

Between these interactions, the robot 
interacted with a lunchbox. The relevant frames for this interaction are from 25 to 28 and 64 to 68.

[26]



1. **00:03**: Robot picks up a 
spray bottle and lunchbox from a chair. 2. **00:07**: Robot picks up an apple from a table. 3. **00:15**: 
Robot places the lunchbox on another table. 4. **00:25**: Robot places the lunchbox on the bathroom sink. 5. 
**00:33**: Robot picks up a shoe from a shelf. 6. **00:41**: Robot places the shoe under a lamp on a 
nightstand.

The 
object interacted with between the apple and shoe is the lunchbox. It was picked up at 00:03 and placed on the 
sink at 00:25.

[3]


Therefore, the robot should 
move to the frame right after the apple interaction.


[11]


The object between these 
interactions is the green alarm clock. 

[55]


From the history, the interaction with the apple occurred at frame 672 and the interaction with the 
shoe occurred at frame 384.

[576]


Meta Analysis:

Meta Analysis:

Meta Analysis: 

Meta Analysis:

Task: Navigate to the object that you interacted with at 8:26 yesterday.

**For this task, the query timestamp can be slightly different but target solution object remains constant



GPT-4o: To find the frame index where the robot should move, we need to first identify the object that was 
interacted with at 8:06. Reviewing the timestamps on the images, we can see that the robot interacted with an 
object around that time. At 8:08 (frame 39), the robot is near the nightstand with a lamp and small weights. 
The robot's interaction here suggests it is the object of interest. 

Therefore, the frame closest to this moment, and thus 
relevant for the task, is frame 39.

frame_indices: 

Gemini-2.0-flash: The robot performs the following actions: - Picks up a spray bottle from the chair 
(00:03), - Picks up an apple from the table (00:07), - Picks up a lunchbox from the table (00:16), - Places 
lunchbox on bathroom sink (00:26), - 

- Picks up an alarm clock from the table next to the washing machine (00:56), - Places alarm clock on 
the bathroom sink next to lunchbox (01:05), - Picks up a panda figurine next to the lamp (01:16), - Places 
spray bottle next to the lamp (01:17). The user is asking to revisit the object that was interacted with at 
08:21, which is the shoe. NUM_TARGETS_TO_REVISIT: ||1||. TIMESTAMP_INDEX: ||00:41||

frame_indices: 

Qwen-2.5-VL: The robot needs to navigate back to the object it interacted with at 8:26 yesterday. 

frame_indices: 

Gemma-3:  I need to find the frame index where the robot is 
closest to the suitcase. Looking at the images, the suitcase is visible in frames 64, 65, 66, 67, 68, 69, 88, 

frame_indices: 
 Identifies the incorrect target object. In addition, focuses on the “distractor” backpack which 

was not interacted with



Text Agent: To determine the frame index corresponding to the interaction at 8:27 yesterday, I need to 
find the timestamp closest to 8:27. 

which corresponds to the frame indices 864 and 
960. Since the goal is to navigate to the object interacted with at 8:27, we should choose the frame index 
that aligns with this timestamp.

frame_indices: 

 Erroneous conversion of query timestamp to a new value (09:27). But retrieves the correct 
object corresponding to interaction at 09:27

 .  

.  

Moving a bit further into frames, the shoe 
is being interacted with from frame 39 to frame 41. 

[39]



Picks up a shoe from the shelf (00:33), - Places shoe on the nightstand 
(00:41), 

[41]



From the 
video frames, the object it interacted with appears to be a shoe on the floor near the bed at frame 43.


[43]



The robot interacted with a suitcase at 08:27.

90, 92, 93, 94, 95. Frame 93 seems to be the closest to the suitcase.

[93]


The timestamps provided are in a 24-hour format, so 8:27 would be 20:27 in 
military time. The closest timestamp in the history is 09:27, 

[864]


Meta Analysis:

Meta Analysis:

Figure D.13: FindingDory Temporal Tasks for the sample episode in Figure D.8.
Each VLM model uses 96 subsampled frames. Text Agent processes full video as defined
in appendix D.4.4. 200
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Single-Goal Temporal Tasks
Duration Tracking

Task: Navigate to to the room that you spent most time in.



GPT-4o: I need to identify which room the robot spent the most time in during the navigation. Analyzing 
the frames, the setting shifts around a few distinct locations, primarily different rooms in the house. 

 Other parts like the 
bathroom or kitchen have fewer frames indicating less time spent. Thus, identifying the living room as the 
room where the robot spent the most time, the earliest close frame in that setting is a good reference for 
moving to the dominant room setting.

frame_indices:

Gemini-2.0-flash: The robot spends most of its time in the living room and the bedroom. 
I will default to choosing the living room. NUM_TARGETS_TO_REVISIT: ||1||. 

TIMESTAMP_INDEX: ||01:34||

frame_indices: 

 Decides to choose the living room but selects a frame where agent is in the smaller patio 
area



Qwen-2.5-VL: The robot needs to navigate to the room it spent the most time in.

. Therefore, the robot should move to the bedroom.

frame_indices: 

 Ignores the large proportion of frames that are situated in the living room



Gemma-3: The robot spent most of its time in the . The video starts in a room 
with a blue wall, then moves to a room with a white floor, then to a room with a blue floor. The robot 
spends a significant amount of time in the room with the blue floor, moving around and interacting with 
various objects. The robot then moves to a room with a white floor, then to a room with a blue wall, then to 
a bathroom, and then back to the room with the blue floor. Therefore, the robot should navigate to the room 
with the blue floor.

frame_indices: 

 Does not reason about the general semantic structure of the rooms. Selects multiple correct 
frames based on matching the floor color but selects incorrect frames from the patio area due to similar 
floor color



Text Agent: To determine the room where the agent spent the most time, I need to calculate the duration 
of time spent in each room. The timestamps provide the start and end times for each navigation event. By 
subtracting the start timestamp from the end timestamp, we can calculate the duration of time spent in each 
room. The room with the longest duration is the one where the agent spent the most time.

frame_indices: 

 Selects correct frame but does not provide concrete duration spent in each room 

 .  

 .  

The 
living room appears frequently, with repetitive views of chairs, tables, and decorative setups. The frames 
in the living room span from the start, go through frames with consistent furniture and decor like in frames 
1-12, and reappear frequently towards the latter part, such as around frames 50-60ish.

 [1]



[1, 51, 52, 58, 60, 81, 82, 83,

[1248]


Since both rooms 
are spent similar amount of time, 

[94]


 Based on the frames, the 
robot spends more time in the bedroom, as indicated by the higher frame numbers and the presence of personal 
items like a bed, nightstand, and alarm clock

[40]


room with the blue floor

 92, 93, 94, 95]


Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Figure D.14: FindingDory Temporal Tasks for the sample episode in Figure D.8.
Each VLM model uses 96 subsampled frames. Text Agent processes full video as defined
in appendix D.4.4.

201
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Task: Revisit all the receptacles you picked objects from yesterday.



GPT-4o: The video shows the robot navigating through a house while picking up objects from various receptacles. To 
complete the task, the robot needs to revisit the same receptacles where objects were picked up. 

 These are the main locations the robot picked objects from, so these frames need to 
be revisited.

frame_indices: 

 Incorrectly identifies apple being picked from table whereas the apple was dropped on table. But omits index 
7 in final solution without any clear reason 



Gemini-2.0-flash: Here's a breakdown of the objects picked and placed, to determine the receptacles that need 
revisiting: 

 *  * 
 * 

 Now, let's identify the timestamps for revisiting the original receptacles: 1. **Chair in 
living room:** Where the spray bottle and lunchbox were initially placed. (00:03) 2. **Plant table:** Where the apple was 
initially placed. (00:07) 3. **Shelf in living room:** Where the shoe was initially placed. (00:33) 4. **Washing machine:** 
Where the clock was initially placed. (00:56) 5. **Nightstand in bedroom:** Where the panda toy was initially placed. 
(01:16) 6. **Sink in bathroom** Where the lunchbox was initially placed. (00:27) NUM_TARGETS_TO_REVISIT: ||6||. 
TIMESTAMP_INDEX: ||00:03,00:07,00:33,00:56,01:16,00:27||

frame_indices: 

 Incorrect event tracking and misidentifies backpack placement frames as pick frames 



Qwen-2.5-VL: The robot needs to revisit all the receptacles it picked objects from yesterday. From the video, we can see 
that the robot picked up objects from . To 
achieve the goal, the robot should revisit these locations in the order they were visited.

frame_indices: 

 Inadequate reasoning and hallucinates suitcase as a receptacle



Gemma-3: Error parsing output

frame_indices: 

 Model fails to produce any coherent output



Text Agent: To revisit all the receptacles from which objects were picked yesterday, 
 From the history, we see that objects were picked from the living 

room, kitchen, bedroom, and bathroom. Therefore, I should navigate to these rooms.

frame_indices: 

 Incorrectly focuses only on room revisitation instead of revisiting specific receptacles 

 .  

 .  

1. Frame 3 shows the robot 
picking an object from the chair. Revisit this chair.

 3. Frame 15 shows the robot picking an object from a round table beside a chair. Revisit 
this table. 4. Frame 33 shows the robot picking a shoe from a low shelf. Revisit this shelf. 5. Frame 55 shows the robot 
picking a clock from a countertop. Revisit this countertop. 6. Frame 76 shows the robot picking a spray bottle from a side 
table near a lamp. Revisit this table.

[3, 15, 33, 55, 76]


**Shoe:** * Picked from: Shelf in living room (00:33) * Placed on: Nightstand in bedroom (00:41).
**Clock:** * Picked from: Washing 

Machine (00:56) * Placed on: Sink in bathroom (01:08) * **Panda Toy:** * Picked from: Nightstand in bedroom (01:16) * Placed 
on: Chair in living room (01:27)

 2. Frame 7 shows the robot picking an object (an apple) from the 
dining table. Revisit this table.

* **Spray bottle & Lunchbox:** * Picked from: Chair in the living room (00:03) * Placed on: Chair in the living 
room (00:04), then plant table (00:15), then sink (00:26). * **Apple:** * Picked from: Plant table (00:07) * Placed on: 
Plant table (00:11).
**Lunchbox:** * Picked from: Sink in bathroom (00:27) * Placed on: Ottoman (01:24)

[3, 7, 33, 56, 76, 27]


various receptacles such as a table, a suitcase, a nightstand, and a dresser

[12, 16, 34, 50]


[-1]


I need to identify the rooms where 
objects were picked and then navigate back to those rooms.

[0, 96, 192, 288, 384, 480, 576, 672, 768, 864, 960, 1056, 1152, 1248]


Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Unordered Revisitation
Multi-Goal Tasks

Task: Revisit all the receptacles you placed objects on yesterday in specific order. The order to revisit them is: fifth, 
second, first, third.



GPT-4o: The robot needs to revisit specific receptacles in order. To do this, it needs to identify the frames where 
objects were placed: 1. **First Receptacle (Fifth in order of placement):** - 

 2. **Second Receptacle (Second in order of placement):** -  3. 
**Third Receptacle (First in order of placement):** - Frame 16: Lunchbox on the small table in the living room. 4. **Fourth 
Receptacle (Third in order of placement):** - Frame 33: Shoe on the shelf in the entryway. The robot should start with the 
lunchbox on the sink (fifth placement), then the apple on the table (second placement), revisit the lunchbox in the living 
room (first placement), and finally go to the shoe on the shelf (third placement).

frame_indices: 

 Unable to list out the original object placement events and then adapt to the query revisitation sequence



Gemini-2.0-flash: Here's a summary of the objects picked and placed, and their locations: * **Apple:** Picked from the 
table near the plant (00:07), placed on the table on the balcony (00:03). * 

. * **Shoe:** Picked from the shelf (00:33), placed under 
the lamp on the nightstand (01:41). * **Lunchbox:** Picked from the table (00:15), placed on the bathroom counter (00:25). * 
**Clock:** Picked from the table next to the washing machine (00:55), placed on the bathroom counter next to lunchbox 
(01:05). * **Panda:** Picked from under the lamp on the nightstand, placed on the side table in living room (01:27). Given 
the objects and placements, let's identify the receptacles for revisitation in the required order: 

 3. The first item that was placed was the **apple** on the chair on the balcony. 4. The third item 
that was placed was the **shoe** under the lamp on the nightstand. Here are the timestamps: * **Lunchbox and clock on the 
bathroom counter:** 00:25 * **Spray bottle and shoe on the nightstand:** 01:16 * **Apple on the chair on the balcony:** 
00:03 ```text NUM_TARGETS_TO_REVISIT: ||4||. TIMESTAMP_INDEX: ||00:25,01:16,00:03,01:16|| ```

frame_indices: 

 Correctly lists out original placement sequence although hallucinates interaction with spray bottle. Confuses 
picking and placement timestamps while generating final solution 



Qwen-2.5-VL: The robot needs to revisit the receptacles it placed objects on yesterday in the specified order: fifth, 
second, first, third. To achieve this, we need to identify the frames where these receptacles were visited. The frames 
provided show the robot interacting with various objects and moving through different rooms. We need to find the frames 
corresponding to the receptacles in the given order.

frame_indices: 

 No clear reasoning on how the original placement sequence was adapted to the query revisitation seqeuence



Gemma-3: Error parsing output

frame_indices: 

 Model fails to produce any coherent output



Text Agent: To accomplish the goal of revisiting the receptacles in the specified order, I need to identify the 
receptacles that were placed with objects. From the history, the receptacles mentioned are 'dresser' and 'sink'. The order 
to revisit them is fifth, second, first, third. Based on the timestamps and room names, the 'dresser' was visited at frame 
indices 672 and 768, and the 'sink' was visited at frame indices 288 and 384. 

frame_indices: 
Only lists out two receptacles on which objects were placed but task requires revisiting all of them

 .  

 .  

Frame 64: Lunchbox on the sink in the 
bathroom. Frame 7: Apple on the table in the dining area.

[64, 7, 16, 33]


**Spray bottle:** Picked from the chair on the 
balcony (00:03), placed under the lamp on the nightstand (01:16)

1. The fifth item that 
was placed was the **clock** on the bathroom counter. 2. The second item that was placed was the **spray bottle** under the 
lamp on the nightstand.

[25, 76, 3, 76]


[59, 13, 26, 48]


[-1]


The order given is fifth, second, first, 
third, so we should start with the 'dresser' (frame indices 672 and 768), then the 'sink' (frame indices 288 and 384).


[672, 768, 288, 384]


Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis:

Meta Analysis: 

Ordered Revisitation

Figure D.15: FindingDory Multi-Goal Tasks for the sample episode in Figure D.8.
Each VLM model uses 96 subsampled frames. Text Agent processes full video as defined
in appendix D.4.4. 202
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