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Abstract
With endless amounts of data being uploaded every day, the potential for swift

development of artificial intelligence has never been higher. Videos in particular

contain a plethora of information for learning about the world. We can discern

actions, interactions, movement patterns, speech, etc. But all too often, research

tends to group and classify: a dog is a dog is a dog.

One of the challenges lies in transcending conventional class-based visual under-

standing and exploring the realm of instances. This thesis concerns itself with

both named instances – more specific than traditional classes – and open-world,

open-set instances – more general than conventional class frameworks. In it, we

discuss methods that address these challenges and could later serve as building

blocks for holistic story understanding.

The thesis is structured in two broad themes: (1) identity-agnostic video under-

standing methods, and (2) personalisation of various video understanding tasks.

We first develop methods that are class-agnostic, and serve towards better tracking,

re-identification, retrieval and semantic video processing. Our work demonstrates

that localisation and re-identification of a person or an object in a video can be

trained jointly, using semantically-initialised embeddings. Furthermore, we show

that by designing a task-agnostic video sampler, we can increase the number of

frames a large-language model can process, allowing us to learn from progressively

longer videos.

We then focus on making video-understanding tasks identity dependent. We first

design a method that tackles problems of compound retrieval, being able to jointly

reason about ‘who is doing what and where’. We then generalise this approach to

work on not only humans, but any arbitrary object. We show that large visual-

language models can recognise a specific instance (e.g. ‘my dog Chia’) amongst a
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large corpus of images. Finally, we recognise that not only visual representations,

but also speech needs to be personalised. To this end, we present a method able

to assign character names to speech segments even across multiple TV shows.

Thus, we demonstrate crucial building blocks necessary for a more in-depth story

understanding.

Keywords – video understanding, deep learning
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CHAPTER 1. INTRODUCTION AND BACKGROUND

Chapter 1

Introduction and Background

An image is said to be worth a thousand words. A video, then, contains a library’s

worth of information in a single file. For instance, a film narrates the human

condition through a myriad of small actions performed by actors, which collectively

build the larger story. Each small action conveys information about a character’s

reasoning and decision-making faculties, woven into a narrative that defines that

character’s identity, motivations, and intentions. In a sense, our actions manifest

our human intelligence. Being able to construct a character from a sequence of

their actions is therefore a significant milestone in the development of artificial

intelligence.

The goal of this thesis is to explore techniques and methodologies that will allow

us to do so. We want to be able to track and identify persons or objects from a

video simply given a template, as this would allow us to connect various story arcs

together. Then a longer story-arc (in terms of time) needs to be reasoned over,

usually in language. We want to ensure that each action, object, and sound can

be attributed to an instance – an object or a person.

Such ambitious goals are met with many challenges and naturally, this thesis only

deals with a small subset of them. For example, many of the tasks that we explore

are class-specific. Tracking, one of the fundamentals for understanding who is

where in a video, relies on the prior knowledge of classes, and requires a classifier

that groups objects of a same class (e.g. humans) together. Being able to track any

object regardless of its class, while still keeping identities of every tracked object

separate distinct is an important building block for story understanding.
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Similarly, it is important to be able to find a relevant section of the video to the

story or the individual. In recent literature, all current video samplers have been

task- and class-specific. For example, a current sampler might be able to identify

all frames relevant to “petting the dog”, but not to find every frame containing a

“dog running in the field”.

Lastly, to truly understand stories, one needs to be able to distinguish between

named instances and characters. Current research allows us to retrieve videos

containing a ‘person running’ or a ‘dog in a field’, or to determine that someone

is speaking. But current models struggle if we want to find ‘Tom Cruise running’

or ‘my dog Chia in the field’.

In this thesis, we examine challenges in story understanding from two distinct an-

gles. First, we examine task-agnostic technical aspects of the problem, developing

methods for tracking and reasoning over increasingly longer video sequences. We

design a tracker that, instead of on the object classifier, relies on the matching

of multiple queries. We describe a task-agnostic method for long video sampling,

allowing us to process longer videos by conditioning the sampler in text.

Second, we address the issue of personalization in various story-understanding

tasks, including diarization and moment retrieval. We first demonstrate a method

for embedding identities into search queries by learning correlation between per-

sons’ faces, names, and scenes they appear in. We further relax this by describing

a method which can correlate any object’s name and image and embed that knowl-

edge into a large visual-language model. Finally, we show that we can learn how to

link people’s names to their voices in an automatic fashion, allowing us to recog-

nise automatically whether the person speaking is the author of this thesis or Tom

Cruise.

This thesis focuses on a few key challenges in human-centric video understanding,

which we believe are crucial pieces of a wider story understanding puzzle.

1.1 Related Work

It is important to note that most video understanding tasks are inherently human-

centric. Many films and videos we create and upload are centered on human

12



subjects from the outset. These videos provide researchers with the material to

build datasets tailored for tasks such as action classification [Kay et al. 2017;

Soomro et al. 2012], tracking and localization [Milan et al. 2016; Dendorfer et al.

2020], and embodied (ego-centric) action recognition and prediction [Grauman et

al. 2022; Damen et al. 2018].

This focus on human-centric tasks might stem from a fundamental human interest

in stories and interactions involving other people. Researchers have explored this

interest in various studies aimed at understanding human interactions and rela-

tionships [Kukleva et al. 2020; Vicol et al. 2018], emotions [Albanie et al. 2020],

characters [Tapaswi et al. 2016], and events [Lei et al. 2018].

Understanding Actions The research direction that has significantly advanced

our understanding of video content is action recognition, which involves identifying

actions within videos [Laptev et al. 2008]. Most modern approaches utilize 3D

convolutional networks (ConvNets). 3D ConvNets [Taylor et al. 2010; Tran et al.

2015; Tran et al. 2018] extend 2D image models [Krizhevsky et al. 2012a; K. He et

al. 2016; Simonyan and Zisserman 2014] to the spatiotemporal domain, processing

both spatial and temporal dimensions in a unified manner.

However, action recognition alone does not provide information about when an

action occurs. To address this temporal aspect of understanding human actions,

the field of action localization [Jain et al. 2014; Shou et al. 2016; Shou et al. 2017;

Huijuan Xu et al. 2017; Y. Zhao et al. 2017] has emerged. The objective of action

localization is to precisely identify the start and end times of each action within

an untrimmed video and to classify the action. This is often achieved through

a two-step process [Buch et al. 2017; Escorcia et al. 2016; Buch et al. 2017; J.

Gao et al. 2017; Ruohan Gao et al. 2018; Heilbron et al. 2016; Tianwei Lin et al.

2018; Alwassel et al. 2018]. First, an action proposal method generates candidate

action segments. Then, a more sophisticated approach validates the class of each

candidate segment and refines its temporal boundaries.

Speech in Videos Speaker diarization aims to address the question of "who

spoke when" within a given audio file containing human speech. Most current

approaches in this field either rely on clustering techniques [Q. Wang et al. 2018;
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A. Zhang et al. 2019; Kwon et al. 2021] or utilize end-to-end models to detect and

distinguish between speakers [Fujita et al. 2019; Horiguchi et al. 2020].

Character Identification in Videos Labelling people in videos is a well-

studied topic in computer vision [Everingham et al. 2009; Haurilet et al. 2016;

Nagrani and Zisserman 2017]. Most approaches depend on the availability of prior

information, such as scripts [Everingham et al. 2009] or image-label pairs [Nagrani

and Zisserman 2017]. However, recent studies have reduced this dependency by

employing automatic evidence search through search engine APIs [Brown et al.

2021a].

Understanding Stories and Narrative Through Language Once we have

a grasp of individual actions, the next step is to extend our understanding to

the narrative context in which these actions occur. To this end, various methods

and large datasets have been developed with the specific goal of enabling video

comprehension through textual descriptions [Miech et al. 2019a; Damen et al. 2018;

Grauman et al. 2022; Radford et al. 2021]. A key task in this area is to retrieve

the correct video clip based on a text description of the narrative.

E"orts have also been made to understand people and stories depicted in movies.

Early works by Everingham et al. [Everingham et al. 2006] Cour et al. [Cour et

al. 2008] and Sankar [Sankar et al. 2009] explored video understanding through

language by aligning videos with movie scripts. Identifying key relationships [V.

Delaitre et al. 2011; Kukleva et al. 2020] and determining scene semantics [Vin-

cent Delaitre et al. 2012]. More recently, research has focused on retrieving the

appropriate video clip given the plot summary of a movie [Bain et al. 2020a], char-

acter grounding [Rohrbach et al. 2017] as well as generating audio descriptions

from videos and metadata [T. Han et al. 2023b; T. Han et al. 2023a; T. Han et al.

2024].

Large Language Models The integration of large language models (LLMs) [Vaswani

et al. 2017a] into computer vision has enabled more sophisticated and context-

aware image and video understanding [Maaz et al. 2023]. For example, the BLIP

family of models [J. Li et al. 2022; J. Li et al. 2023a; Dai et al. 2023] enabled a

wide range of visual-to-language tasks such as image and video captioning [Jun Xu
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et al. 2016] and visual question-answering [J. Xiao et al. 2021].

1.2 Thesis Outline and Contributions

In this section, we summarise the main contributions of the thesis and outline each

chapter. The technical part of the thesis is divided into two main topics: 1) Class-

Agnostic Video Understanding, and 2) Personalisation of Video Understanding

Tasks. We discuss the contributions of each chapter briefly below and in full detail

in concluding chapters of the thesis.

1.2.1 Class-Agnostic Video Understanding

In this section, we present our contributions regarding the methodologies used for

various video-understanding tasks. These methodologies enable further work on

the personalisation of video tasks.

In Chapter 2, we investigate a novel class-agnostic method for tracking and re-

identification of people and objects in video scenes. The key insight of this work

is the use of multiple semantically linked queries that describe each track, without

the need for additional annotation data. This work was released as a technical

report.

In Chapter 3, we examine bridging the gap between the visual and text domains

for extremely long videos. Our method allows us to solve challenging tasks by rea-

soning over a large number (up to 180) of frames. We achieve this by resampling

semantic queries using an e#cient, task-dependent cross-attention transformer.

Unlike in Chapter 2, where we use semantically linked queries, we condition the

model’s input directly from text—in other words, we ‘ask’ the model for the fea-

tures we want. This architecture enables us to tackle a variety of di"erent tasks,

ranging from text-to-video retrieval to question answering. This work was accepted

at ECCV 2024.

1.2.2 Personalisation of Video Understanding Tasks

The ideas from the previous topic enable us to identify the same person if they

appear in a video multiple times or condition frame sampling to look for a specific
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person. The goal of this chapter is to demonstrate how various video tasks can

be personalised for a unique individual (or object). In other words, it addresses

the question of whether we can retrieve ‘Tom Cruise’ running as opposed to ‘the

author of this thesis’, or answer questions about ‘my co"ee mug’ as opposed to

‘my supervisor’s co"ee mug’.

Personalising Action Retrieval With Multi-Modal Queries Traditional

text-to-image or text-to-video retrieval tasks aim to retrieve an image given a

specific text prompt. In Chapter 4, we demonstrate how we can train a model

to retrieve the images or videos of famous people in complex scenarios using their

names or faces. We curate a benchmark dataset of videos and text pairs in the

format ‘Someone is doing something somewhere’. Using this dataset, we present a

method that can query a large video corpus with a personalised query using either

an actor’s name or an image. This work was accepted at BMVC 2022.

Meta-personalisation of Retrieval The task of retrieval has been revolution-

ized by the introduction of large visual-language models. These models are trained

on billions of images of every imaginable semantic category. They, however, do not

have capability to reason about a specific instance such as ‘my phone’ or ‘my dog

Chia’. To this end, in Chapter 5, we design an adaptation method that can learn

personalised concepts from text and template images using very few examples.

This work is released as a technical report and under review for CVPR 2025.

Audio-Visual Character-Aware Diarisation Diarisation is a task that an-

swers the question ‘who is saying what and when’. Traditionally, however, diarised

segments are not annotated with speakers’ names but rather grouped as (‘speaker

one’, ‘speaker two’, etc.). In Chapter 6, we demonstrate that diarisation can be

personalised, meaning that names can be automatically assigned to spoken words

with minimal labelled data. This innovation enables the community to build text

and video paired datasets at a significantly reduced cost. It also has the poten-

tial to enhance the accessibility of subtitles for hearing-impaired individuals. This

work was accepted at ICASSP 2024.
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CHAPTER 2. END-TO-END TRACKING WITH A MULTI-QUERY TRANSFORMER

Chapter 2

End-to-end Tracking with a

Multi-query Transformer

The paper was released as a technical report.

This chapter addresses the issue of class-agnostic tracking. Knowing who or what

is where at any given point in a video is one of the key challenges for holistic story

understanding.
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2.1. INTRODUCTIONCHAPTER 2. END-TO-END TRACKING WITH A MULTI-QUERY TRANSFORMER

End-to-end Tracking with a Multi-query
Transformer

Bruno Korbar Andrew Zisserman

Visual Geometry Group, University of Oxford

March 29, 2026

Abstract

Multiple-object tracking (MOT) is a challenging task that requires simul-

taneous reasoning about location, appearance, and identity of the objects in

the scene over time. Our aim in this paper is to move beyond tracking-by-

detection approaches, that perform well on datasets where the object classes

are known, to class-agnostic tracking that performs well also for unknown

object classes. To this end, we make the following three contributions: first,

we introduce semantic detector queries that enable an object to be localized

by specifying its approximate position, or its appearance, or both; second,

we use these queries within an auto-regressive framework for tracking, and

propose a multi-query tracking transformer (MQT ) model for simultaneous

tracking and appearance-based re-identification (reID) based on the trans-

former architecture with deformable attention. This formulation allows the

tracker to operate in a class-agnostic manner, and the model can be trained

end-to-end; finally, we demonstrate that MQT performs competitively on

standard MOT benchmarks, outperforms all baselines on generalised-MOT,

and generalises well to a much harder tracking problems such as tracking

any object on the TAO dataset.

2.1 Introduction

The objective of this paper is multi-object tracking (MOT) – the task of determin-

ing the spatial location of multiple objects over time in a video. This is a very well

researched area and, broadly, two approaches are dominant: the first is tracking-
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by-detection, where a strong object category detector is trained for the object class

of interest, for example a person or a car. This approach proceeds in two steps:

the detector is first applied independently on each frame, and in the second step,

the tracking task reduces to the data association of grouping these detections over

time (over the frames in this case). Examples of this approach include [Bergmann

et al. 2019; X. Zhou et al. 2020; Zhongdao Wang et al. 2020; L. Chen et al. 2018].

The second approach is class agnostic tracking where any object can be tracked.

The object of interest is specified by a bounding box or segmentation in one frame,

and the task is then to track that object through the other frames. Examples of

this approach include [Bertinetto et al. 2016; Danelljan et al. 2017; Held et al.

2016].

Transformer

Init location

Transformer

object k
IDLocation

object k
IDLocation

object j
IDLocation

object j: frame 1

IDLocation

Frame: 0 Frame: 1

Figure 2.1: An overview of the functionality of the multi-query tracking transformer
(MQT ). Each frame generates location and appearance embeddings of the target object.
These embeddings are used as queries for the subsequent frame. By propagating infor-
mation between frames in this simple manner the object is tracked over time through
the video.

The tracking-by-detection approach generally outperforms class-agnostic models

at the moment, but the approaches often su"er from overly complex processing

pipelines (using multiple separately trained models for each step) and they rely

on prior knowledge of the object class of interest. More importantly the detection

model and the data-association model are in tension: with one model trained to

tolerate object class variations (to better detect all instances of the same class),

whilst the other is trained to maximise discrimination of two instances of the same

class (to prevent identity switching). Such models are generally not trained end-

to-end. Lastly, such models are highly specific – the results of these trackers often

don’t generalise well to the more general tracking scenario [Dave et al. 2020].

In this paper, we present a class-agnostic tracker that can be trained end-to-end,
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but also build on the lessons of a strong object category detector. To this end

we base the tracker on the DETR object category detector [Carion et al. 2020],

using a transformer-detector modified in such a way that it can attend to multiple

objects locations and identities simultaneously. We introduce dual ‘object-specific

location’ and ‘identity’ encodings (dubbed semantic queries) which allow the model

to selectively focus on the location or appearance of objects we want to track,

irrespective of their classes. These object-specific embeddings enable the model to

be optimized jointly for track prediction and re-identification by training in a class

agnostic manner. In this way we achieve a single model class-agnostic tracker that

performs competitively on several MOT benchmarks [Milan et al. 2016; Dendorfer

et al. 2020], and can outperform all previous work on the class agnostic-MOT

task [Bai et al. 2021] where the class-prior is not known. Lastly, we show that

the tracker trained in this way can also generalise well to tracking task such as

TAO [Dave et al. 2020], where the categories and number of tracking targets is far

more general than on MOT benchmarks.

To summarise, we make the following three contributions: First, we introduce the

concept of semantic detector-queries and show their e"ectiveness for multi-object

tracking. Second, we design a transformer-based class-agnostic tracking model

around semantic detector-queries that is capable of simultaneous detection and

re-identification of multiple objects in the scene. Finally, we achieve competitive

results on various MOT benchmarks [Milan et al. 2016; Dendorfer et al. 2020] where

object identity is used, demonstrate state-of-the-art class-agnostic performance on

generalized MOT [Bai et al. 2021], and show the potential of the model to generalise

to even harder tracking tasks on TAO [Dave et al. 2020].

2.2 Related work

To put this work into context, we compare it to the modern tracking approaches

that use a similar tracking paradigm to ours. There are, of course, many other

tracking approaches (e.g. tracking-by-segmentation [Osep et al. 2018; Voigtlaender

et al. 2019; Z. Xu et al. 2020; Bertasius and Torresani 2020]) that are not as closely

related to our method.

Tracking by detection approaches form trajectories by associating detections
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over time [X. Zhou et al. 2020; Zhongdao Wang et al. 2020; L. Chen et al. 2018]. A

common way of representing the data-association problem is to view it as a graph,

where each detection is a node linked by possible edges and formulating it as a

maximum-flow problem [Berclaz et al. 2011] with distance based [Pirsiavash et al.

2011; L. Zhang et al. 2008] or learned costs [Leal-Taixé et al. 2014]. Alternative for-

mulations use association graphs [Ma et al. 2018], learned models based on motion

models [C. Kim et al. 2015], or a completely learned graph-neural-network [Brasó

and Leal-Taixé 2020]. A common issue with graph-based approaches is the high

optimization cost that doesn’t necessarily translate to better performance.

Detections can also be associated by modelling motion directly [Alahi et al. 2016;

Leal-Taixé et al. 2011]. Pre-deep learning approaches often rely on assumptions

of constant motion [Choi and Savarese 2010; Andriyenko and Schindler 2011] or

existing models of human behaviour [Scovanner and Tappen 2009; Pellegrini et al.

2009; Yamaguchi et al. 2011], whilst more modern approaches attempt to learn the

motion models directly from the data [Leal-Taixé et al. 2014]. Our model doesn’t

model motion explicitly, although, we do rely on the assumption of small motion

within frames to account for appearance similarity.

Tracking by appearance methods use increasingly powerful image-representations

to track objects based on the similarities produced by either Siamese-networks [Leal-

Taixé et al. 2014; Shuai et al. 2021], learned reID features [Ristani and Tomasi

2018], or other alternative methods [L. Chen et al. 2018; Chu and Ling 2019; Pang

et al. 2021].

Tracking by regression refines (instead of detecting) the bounding box of the

current frame by regressing the current bounding box given the bounding box at

the previous frame [Bergmann et al. 2019; Brasó and Leal-Taixé 2020; Feichten-

hofer et al. 2017; X. Zhou et al. 2020]. As these models usually lack information

about the object identity or relative track location, additional reID and motion

models [Bergmann et al. 2019; Feichtenhofer et al. 2017; X. Zhou et al. 2020] or

graph methods [Brasó and Leal-Taixé 2020] are necessary to achieve competitive

performance. Our model falls roughly in this category, although we show that it

can learn reID information directly from data.

Tracking with transformers uses aspects of the transformer architecture [Vaswani
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et al. 2017b], such as self-attention and set-prediction [Carion et al. 2020; X. Zhu

et al. 2021]. The Trackformer, a transformer tracker proposed by [Meinhardt et

al. 2021], is the closest approach to ours, employing largely the same architec-

ture model, but use class information for tracking and do not employ semantic

queries. The TransTrack model [P. Sun et al. 2020] operates in the same way

as [Meinhardt et al. 2021] but with a di"erent underlying backbone. MOTR [F.

Zeng et al. 2022] extends this framework by adding a “query-interaction-module"

to reason about track-queries over time. [E. Yu et al. 2021] leverage the im-

portance of semantically-decoupled embeddings. They employ the “global con-

text disentangling unit" to separate the final layer output of a backbone CNN

directly to semantic embeddings; we on another hand, do it in the transformer

decoder. TrackCenter model [Y. Xu et al. 2021] introduces two key improvements:

pixel-level dense-queries, and semantically-decoupled representation learning via

model separation. TransMOT [Chu et al. 2021] utilises transformers in a di"erent

way, by introducing a spatio-temporal graph transformers for post detection data-

association. MeMOT [Cai et al. 2022] introduces a memory module on top of the

transformer encoder to further boost performance. Note that none of these works

can be generalised to GMOT or TAO tasks, as they are tracking-by-detection

approaches and cannot be used for class-agnostic tracking. For more in-depth

comparison to most-similar works please refer to the supplementary material.

Class-agnostic tracking leverages powerful appearance embeddings to track ob-

jects based the similarity of the embeddings. The method does not leverage class

information explicitly. These models often use a form of a Siamese architecture

to learn a patch-based matching function [Leal-Taixé et al. 2014; Held et al. 2016;

Danelljan et al. 2017; Tao et al. 2016; Bertinetto et al. 2016; Leal-Taixé et al.

2016; Shuai et al. 2021]. However, even if the model is in principle capable of

class-agnostic inference, models such as [Shuai et al. 2021] are not fully class-

agnostic, as they require class information for successful training of their tracker

in the form of an object detection loss (that requires ground-truth class informa-

tion for every object in the training triplet). Our work di"ers in that it does not

require this explicit object class labelling.
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Figure 2.2: We show the high level overview of MQT on the left. Two distinct training
stages with a single query during initialization, and multiple queries during tracking
stage are on the right. Tracks are initialised either by using det (detection) queries,
or with existing detections projected into semantic queries (e.g. Q0

pos as shown in the
figure). Each query is then processed to obtain the decoder output (V 0), bounding-box
prediction (b0) and appearance vector (a0). These are passed to the following frame in
form of semantic queries, and their corresponding outputs (V 1

|k, b1
|k, a1

|k respectively) are
aggregated for each object to obtain final predictions (V 1, b1, a1).

2.3 Multi-query transformer for tracking

The goal of multi-object tracking is to obtain the trajectories of n objects over

a sequence of frames from a video. For example, given the initial set of object

locations (bounding boxes) in the first frame, the task is to predict a new set of

bounding boxes and associate them to the correct objects for every subsequent

frame thus forming trajectories.

We formulate an auto-regressive tracking process as illustrated in Figure 2.1. At

the current frame, the model produces three outputs for each object: (1) a bound-

ing box of the object’s location in the current frame, (2) an appearance embedding

of the visual appearance of the object given its location, and (3) a raw transformer-

decoder embedding. This information is then passed to the following frame in the

form of semantic queries to the decoder. For the following frame, the model either

looks for an object given its location, its appearance, or any additional informa-

tion carried over by the raw decoder output in queries. The output embeddings

are aggregated, and if the appearance output of an object at the frame k matches

the known appearance of the track (usually the appearance output at the frame

k →1, but it can be earlier when using reID from memory to overcome occlusions),

the location output is then added to the trajectory of an object. This makes our

model applicable in generalised tracking scenarios where class information is not
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available.

On a high level, this work is performed by a transformer [Vaswani et al. 2017b].

The current image is processed by a convolutional neural network and fed into a

transformer-encoder, whereas all semantic queries from the previous image are fed

into the transformer-decoder module – see Figure 2.2. This di"ers from traditional

tracking-by-detection approaches (e.g. [Bergmann et al. 2019]) where detection is

separate from data-association and where each step commonly uses separate em-

beddings. Our method merges these two steps into one, and the initial object

embedding is disentangled within the transformer-decoder directly into embed-

dings used for detection and data-association (reID).

The rest of this section outlines the main parts of the model and their application

for tracking. For more detailed information on architecture, hyperparameters and

implementation details please refer to the supplementary material.

2.3.1 Transformer-decoder queries

The key insight of our work is the fact that the queries passed to the decoder part

of a transformer can be customized for the tracking task. For example, if we know

the approximate bounding box of an object from a previous frame, then a query

can be formed from this bounding box and used to search for the new position

of the object in its vicinity (in a similar manner to the RoI pooling module of a

traditional two-stage detector that extracts the image embedding corresponding

to the input bounding box, and is then used for bounding box regression and

classification).

What if we wanted to update the appearance (or maybe find the location of an

object defined by its appearance)? We simply extend this approach by having a

query encode the object appearance.

These semantic queries are used in an auto-regessive manner for tracking, in that

the output of the decoder of one frame is used as the query input for the subsequent

frame. We also include another type of query that is not used auto-regressively, but

instead is applied independently on each frame. This second type of query, termed

(det), acts as spatial anchors in traditional detection transformers [Carion et al.

2020], and allows the tracker to find new objects. For each image, a number of
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these queries are fed into the decoder module, and their outputs from the decoder

feed into bounding-box and appearance heads. If any of these heads matches

any recently “lost" or “current" track better than semantic queries, we assign the

appearance and location outputs of that detection query to be a part of a trajectory.

Location queries (pos)

Location queries are non-linear projections of an object bounding box, telling

the model where to look for an object. A bounding box is passed through a

single-layer MLP that projects it to the model dimension d. It is then passed

through the decoder producing a d-dimensional embedding V|pos, which is then

passed through: (a) a bounding-box regressor head trained to produce an output

bounding box b|pos, and (b) an appearance head trained to produce an output

vector a|pos containing the information about object’s appearance. The output of

the bounding-box regressor head is used as a bounding box to form trajectories

for an object.

Appearance queries (id)

Sometimes objects get occluded, or their location can change due to camera shift

or variable frame rate. In these cases, we need a mechanism that would tell the

model what to look for. To this end, we feed in the appearance query, which in our

case is simply an output of the appearance head from a previous step ai→1. This

query is then also passed through the decoder to obtain vector V|id which is then

passed through the bounding-box regressor and an appearance head producing

outputs b|id and a|id respectively.

At tracking time, outputs of the appearance queries are used for track confirma-

tion and re-identification (“matching" the track). Simply put, the track is only

considered to be active if the cosine distance between outputs of the appearance

query at the previous frame and current frame is smaller than a hyper-parameter

ωconf, and the track is associated with k-th object if it is the object with smallest

cosine distance to the output of the appearance query at the previous step. If a

track became inactive (e.g. due to occlusions), we keep the track information for

several frames in order to attempt to pick that track up again. For subsequent

frames, we compare the appearance embeddings of detected objects to the “known"
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inactive tracks in order to establish correspondence if the track is re-discovered.

We empirically established that keeping several (3) frames worth of appearance

information aids tracking performance overall.

Joint queries (both)

Finally, we reason that a raw output embedding of the decoder V contains valuable

information about the track location and identity. Therefore, we form a joint query

from V i→1 that is simply a raw decoder output at the previous step. It is used to

reinforce and strengthen the signal not captured from pos and id queries alone.

They are passed through the same machinery as the formerly mentioned queries,

producing outputs V|both, b|both and a|both.

Detection queries (det)

Much like anchor-queries in transformer-based detectors [Carion et al. 2020], det

queries are used detecting additional objects in tracking settings where additional

detections are allowed. They are static, randomly initialized, trainable parameters

used to detect and associate new objects to the existing semantic queries. They

produce outputs V|det b|det and a|det, which are then matched to the existing tracks

independently from semantic queries.

For each frame, a number of det queries are fed into the decoder module, and their

outputs then pass through the bounding-box and appearance heads. If any of these

heads matches any “lost" or “current" track better than semantic queries (often

caused when the objects are occluded), we assign the appearance and location

outputs of that detection query to be a part of a trajectory, and the outputs

corresponding to that det query become semantic queries for the following frame.

Query aggregation

The eagle-eyed reader will have noticed that for every known object at a current

frame i there will be three sets of outputs V|q, b|q and a|q, for q ↑ {pos, id, both}

(i.e. three outputs for each of the semantic query types). To make a final prediction

for that object, we need to learn which one of the decoder outputs to trust. To

this end we learn an aggregation function over each set of semantic queries, V i
|q,

bi
|q and ai

|q, to obtain final results V i, bi and ai. Final appearance output for the
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frame will then be computed as

ai = εq(a|q) q ↑ {pos, id, both}

where ε is an aggregation function. Each det query is passed through the aggre-

gation function as well, but the e"ect is nullified as it is passed through it on its

own. In our work, we use collaborative-gating as an aggregaton function [Yang Liu

et al. 2019] as it performs better than other schemes (see ablation studies) such as

taking an average of the embeddings. In the case where di"erent query types are

missing (e.g. at initialisation or when dealing with det queries), we zero-pad the

missing query types. To compensate for the implicit scaling introduced by missing

query types. We follow [Yang Liu et al. 2019] and remove the weights for missing

queries, and then re-normalise the remaining weights such that they sum to one.

2.3.2 Training the tracker

In order to be able to track objects frame-to-frame, we train the our model on

two adjacent frames as illustrated in Figure 2.2. To pre-train our model, we

follow [Meinhardt et al. 2021] and simulate tracking data from COCO [Tsung-

Yi Lin et al. 2014] (in order to run ablations on object detection and train the

model for GMOT40 [Bai et al. 2021]) and Crowd-Human [S. Shao et al. 2018].

As in [Meinhardt et al. 2021], the adjacent frames are generated by applying

random spatial augmentations of up to 5% with respect to the original image size.

For COCO [Tsung-Yi Lin et al. 2014], we apply an additional constraint that no

objects should be lost between the transformations.

At the initialization step, we compute bounding-box regression loss from either

semantic or detection queries. In the tracking step, we optimize the model jointly

for location prediction and appearance matching (i.e. tracking) for all objects ini-

tialized in the initialization step. We map the ground truth objects to the set

of predictions from our model in one of two ways. For all known tracks we at-

tempt to match them to the ground-truth based on the cosine similarity between

the appearance vectors produced by the model in the initialisation and tracking

step. If the track is “lost" or undiscovered, i.e. the appearance vector at the cur-

rent step doesn’t match the appearance vector of the corresponding query at the
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initialization step (e.g. due to occlusions or objects moving out of the scene), we

follow [Carion et al. 2020] and try to find injective minimum cost mapping between

the ground truth and the set of predictions generated by detection (det) queries.

In this way, we are able to train the model end-to-end, and the model is able to

simultaneously reason about both known tracks and new, undiscovered objects.

Note that during training, we always use both semantic and detection queries (100

per frame, following [Carion et al. 2020]). Similarly, while the ground-truth detec-

tions are provided during training, we do not use the class information explicitly.

Class-agnostic vs class-specific tracking: Modern detectors [Girshick 2015;

Carion et al. 2020] pass the region-of-interest embedding through regression and

classification heads to obtain final bounding box and class predictions. When

the object domain is known (i.e. we know the objects are people), the latter can

very e"ectively be used in a tracking mode as a track confirmation mechanism –

if an object is a pedestrian, mark it as a part of a track. While this approach

is intuitive, it has several drawbacks. The first and the most obvious one is the

fact that the object class has to be known in advance, in order to finetune the

classification head for that particular object class. Additionally, it does not carry

information about the particular instance, thus necessitating the use of some other

data-association mechanism. When our model is trained for tracking, we ignore

the classification head and instead determine the track validity and identity by

comparing the cosine distance between two subsequent appearance outputs and

picking a minimum one. While this has a slight detrimental impact on our overall

tracking performance (see ablation studies), it allows us to apply our tracker in

a class-agnostic fashion on generalised-MOT task, and we empirically found that

our model retains track identities better.

Loss functions: The final transformer set-prediction loss [Carion et al. 2020]

at each tracking step is computed over all semantic and detection queries, in the

same fashion as [Meinhardt et al. 2021]. However, we use the proposed appearance

loss instead of the class-prediction loss of [Meinhardt et al. 2021]. The appearance

loss is formally defined in Sec 1.4 of the supplementary material.
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2.3.3 Enhancing our tracking results

Memory: One important way of enhancing the performance of a tracker is to

increase the memory of a track. Specifically, for each known track, we are keeping

the information of the last frame in which the track was active. This makes

sense as the appearance is unlikely going to change in such a short time span.

However, there can be instances of occlusions, rotations, and tracks becoming

inactive for (relatively) long periods of time where having more data points about

the appearance of the object could be useful. Hence we explore keeping multiple

frames worth of appearance information. We found that keeping the appearance

information of the first and the last five frames gives us optimal results. We simply

proceed to use the minimum distance between the current appearance vector and

the “memory" appearance vectors.

Multi-hypothesis tracking: Transformer-based methods such as ours tend to

su"er from a large number of false-positives as multiple query-anchors can detect

the same object, an e"ect we largely mitigate by considering only objects that

have maximum appearance similarity to the track at the previous frame. This can

cause more identity shifts as in the ambiguous cases, model might shift between two

tracks (which can lead to it losing the track completely). We relax this requirement

and keep track of the top-k possible track-candidates (that are still within the

threshold ωconf), and then choose the longest tracked sequence as a part of our

trajectory.

Leveraging multiple queries: Keeping multiple hypothesis for every object

however can significantly increase the memory requirement, especially when keep-

ing multiple hypothesis is not always necessary. To this end, we leverage our

multi-query setup and introduce a simple heuristic in order to reduce the memory

requirement in the cases where the model is completely certain in an existing track.

Specifically, we define confidence as an agreement between two query types: if the

distance between the appearance vectors corresponding to the pos and id queries

before aggregation is smaller than a hyper-parameter ωagree, we do not consider

additional hypothesis.
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2.4 Experiments

In this section, we first present the results of our best model on various tracking

tasks. Then, we present the ablation study in which we experimentally verify the

design choices from the previous section. Final hyper-parameters for each dataset

are given in the supplementary material.

2.4.1 Datasets and tasks

Person-MOT: The MOT17 dataset consists of train and test sets, each with 7

sequences containing full-body bounding boxes of pedestrians for up to 51 people

in a sequence. Three sets of public detections are provided: DPM, Faster R-CNN

and SDP [Felzenszwalb et al. 2010; S. Ren et al. 2015; F. Yang et al. 2016]. For

our tracking ablation studies, we select a single sequence from the training split

as a validation set, following [Bergmann et al. 2019].

Compared to MOT17, MOT20 [Dendorfer et al. 2020] is more challenging as it

contains much more crowded scenes, some with up to 220 pedestrians. Finally, we

evaluate our model on the “person" class of the TAO [Dave et al. 2020] dataset.

See below for more details about the dataset.

Generalized-MOT: MOT challenges focus on a specific object category of in-

terest (pedestrians) and rely on models trained specifically to recognise them. In

contrast, generalised MOT (GMOT) requires no prior knowledge of the objects to

be tracked, and is an evaluation of class-agnostic tracking. GMOT-40 contains 40

sequences which cover ten categories loosely related to categories of popular ob-

ject detection datasets, with four sequences per category. Each sequence contains

multiple objects of the same category.

Tracking any object: TAO [Dave et al. 2020] is a diverse dataset for a task

of tracking any object. It consists of 2,907 high resolution videos, captured in

diverse environments, with a vocaulary of over 800 objects. The dataset is split

into “train", “validation", and “test" splits, containing 500, 988 and 1,419 videos

respectively.

Metrics: Aspects of MOT are evaluated with di"erent standardised metrics [Bernardin

and Stiefelhagen 2008]. The community focuses on two complementary metrics:

Multiple Object Tracking Accuracy (MOTA) which focuses on track coverage of

the detections, and Identity F1 Score (IDF1) which focuses on identity preserva-
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tion across the tracks [Ristani et al. 2016]. For TAO, we compute mAP metric

using 3D IoU (with a default threshold of 0.5) as specified in [Dave et al. 2020].

Private vs. public tracking: For the evaluation on MOT datasets such as

MOT17 [Milan et al. 2016] tracking works often refer to the private and public

detections. Public detections are provided with the dataset and allow for a com-

parison of tracking methods independent of the object detection performance of

the model. Private detection setting during evaluation allows for the use of detec-

tions obtained in any other way. For our evaluation, if the setting is marked as

public, we strictly use detections provided with the dataset; if the setting is marked

private, we initialise the tracks with detection det queries only and at each step

we allow a number of them to detect potentially missed objects. In addition to

these traditional settings, we denote two additional ones. If setting is marked as

private & public, we use the detections provided and det queries, and rely on the

set-matching algorithm to find an optimal mapping to the ground-truth tracks. If

any of the settings is marked with “private+", it means we augment our detections

with those obtained from a state-of-the-art object detection model [Z. Ge et al.

2021] trained separately and feed them into the decoder as additional pos queries.

For a more detailed description of each stage in the context of our model, please

refer to the supplementary material.

2.4.2 Results

MOT17: We evaluate our model on the MOT17 [Milan et al. 2016] test set and

report the results in Table 2.1. For private detections, our results are comparable

to the most modern works even though our model is not inherently trained for

detection. When detection queries are added to the initialization stage (techni-

cally making our detection not truly public, but not fully private either as we do

leverage the detections provided with the dataset and augment them with bet-

ter detections), it gains additional 3.2 MOTA points advantage over fully public

setting, and it even surpasses most trackers using private detections only.

MOT20: We also evaluate our model on a much more challenging MOT20

dataset. Results can be seen in Table 2.1. Our performance is on par with mod-

ern trackers in public detection setting, however, our model su"ers in a private
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Table 2.1: Comparison of modern MOT methods evaluated on MOT17 and MOT20 test
sets. “+" in our private setting denotes use of externally computed private detections
from [Z. Ge et al. 2021]. Models denoted with “*" are public methods not associated
with a peer-reviewed publication. For fairer comparison, we specifically mark models
with in-model association solvers (IAS).

Method Setting IAS MOT17 MOT20

MOTA ↓ IDF1 ↓ MOTA ↓ IDF1 ↓

Tracktor++ [Bergmann et al. 2019] Public 56.3 55.1 52.6 52.7
CenterTrack [zhou2020centertrack] Public 60.5 55.7
*Trackformer [Meinhardt et al. 2021] Public ↭ 62.5 60.7
*TransCenter [Y. Xu et al. 2021] Public 71.9 62.3 62.3 50.3
SiamMOT [Shuai et al. 2021] Public 65.9 63.1
MQT (ours) Public ↭ 65.4 63.3 63.3 55.8
CenterTrack [zhou2020centertrack] Private 67.8 64.7
*Trackformer [Meinhardt et al. 2021] Private ↭ 65.0 63.9
*TransCenter [Y. Xu et al. 2021] Private 73.2 62.2 61.9 50.4
*RelationTrack [E. Yu et al. 2021] Private 73.8 74.7 67.7 70.5
MeMOT [Cai et al. 2022] Private ↭ 72.5 69.0 63.7 66.1
MQT (ours) Private ↭ 66.5 65.2 62.1 62.5
MQT (ours) Private+ ↭ 68.2 65.8 66.1 64.5

MQT (ours) Prv&Pub ↭ 67.9 64.2 64.8 63.9
MQT (ours) Prv+&Pub ↭ 69.4 65.9 66.9 65.7

setting. This is largely due to the superior performance the two-stage detectors

exhibit on frames with many small objects in them. When we make use of the

superior detections, our results are much more competitive.

It is worth noting that RelationTrack [E. Yu et al. 2021] and TransCenter [Y. Xu

et al. 2021], methods that significantly outperform ours, separate the detection

part of the model completely from the data-association part whilst still training

end-to-end. TransCenter, however, is limited by the detection capabilities of their

backbone, which is what allows us to outperform their model on the more chal-

lenging MOT20 dataset [Y. Xu et al. 2021]. The RelationTrack algorithm fully

separates the detection and association, and refines generated tracklets in a two

stage procedure at inference time [E. Yu et al. 2021]. In the supplementary mate-

rial we show that a similar method can aid our model as well with a trade-o" in

inference speed and flexibility.

TAO-person: Finally, we evaluate our model on the person category of the

TAO dataset [Dave et al. 2020]. We tune the threshold parameters on a small

hold-out section of the training set, but we do not re-train our model on TAO.
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Table 2.2: Evaluation of state-of-the-art person trackers on the person category of the
TAO dataset. Methods marked with ‘*’ denote our re-implementation of the methods
and the evaluation protocol. Tractor++ and MQT are using the same private detections
whilst Trackformer uses its own detections.

Method MOTA ↓ IDF1 ↓

Tractor++ [Bergmann et al. 2019] 66.6 64.8
*Tractor++ [Bergmann et al. 2019] 68.1 66.1
*Trackformer [Meinhardt et al. 2021] 71.3 67.2
MQT (ours) 71.9 69.6

We include our re-implementation of [Bergmann et al. 2019] and [Meinhardt et al.

2021] evaluated following the same protocol and using the same set of detections

whenever possible for a fair comparison. Full results can be seen in Table 2.2.

MQT outperforms the reported performance of [Bergmann et al. 2019] by 5.3

MOTA points, and improves upon our re-implementation of [Bergmann et al.

2019] and [Meinhardt et al. 2021].

2.4.3 Expanding tracking capabilities:

Our model formulation allows us to successfully apply our model “as-is" to more

general tracking scenarios such as class-agnostic MOT or tracking any object. To

demonstrate this capability, we evaluate our model on GMOT40 [Bai et al. 2021]

and TAO [Dave et al. 2020] datasets.

GMOT40: MOT17 and MOT20 datasets contain multiple instances of pedes-

trians on the street. Intuitively, this discards a lot of detection capacity of models

trained on detection data and assumes prior knowledge of the domain. To this

end, we evaluate our model on GMOT40 – a generalised MOT benchmark where

categories are related (but not completely overlapping) with common detection

datasets. Our model outperforms all baseline benchmarks on the test set, largely

due to its class-agnostic nature. For this task, we forgo CrowdHuman [S. Shao

et al. 2018] pre-training and train the models on tracking data simulated from

COCO [Tsung-Yi Lin et al. 2014].

TAO: To demonstrate the promising generalization of our MQT model even for

the task outside of the “traditional" MOT scope, we present results on the val

split TAO dataset [Dave et al. 2020]. First three rows of Table 2.4 present “user-

initialised" tracking setting with oracle ground truth class assigned using the proto-
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Table 2.3: Performance of our tracker on one-shot GMOT protocol, as described by [Bai
et al. 2021]

Method MOTA ↓ IDF1 ↓ MT ↓ ML ↓

MDP 19.80 31.30 142 1161
FAMNet 18.00 28.30 166 1197
Ours 23.95 31.06 182 1077

Table 2.4: User-initialized tracking results on “val" split of the TAO dataset.

Tracking Detection Track mAP

SORT [Dave et al. 2020] MaskRCNN [K. He et al. 2017] 30.23
Ours ours 32.11

Ours ours +
MaskRCNN [K. He et al. 2017] 39.62

col described in [Dave et al. 2020]. Detections are either provided (MaskRCNN [K.

He et al. 2017], akin to “public" setting on MOT tasks), or directly computed by

us (“private" setting). Note that a lack of fully trained detector hurts our perfor-

mance on this task, as can be seen by a boost seen when additional detections are

provided to our model.

2.4.4 Ablation studies

In this section, we validate the model design choices of our tracker outlined in

Section . For additional ablations, please refer to our supplementary material.

Tracking

Table 2.5: Ablation study of MQT on MOT17 held out training sequence.

det id pos both MOTA IDF1

↭ ↭ ↭ ↭ 68.3 66.1
↭ 55.9 54.7

↭ 52.7 54.1
↭ 56.1 55.8

↭ 56.9 56.2

(a) Single vs multi-query tracking perfor-
mance. For a full table with all permuta-
tions, please refer to the supplementary ma-
terial.

Method MOTA IDF1

Heuristic 65.7 64.6
Avg. pool 65.8 64.7
Max. pool 61.4 59.3
Colaborative

gating 68.3 66.1

(b) Comparison of various query ag-
gregation methods for tracking, eval-
uated on held-out validation sequence
from MOT17.

Class
head

Track
confirmation MOTA IDF

yes class 68.5 66.0
yes appearance 68.2 66.1
no appearance 68.3 66.1

(c) MQT trained with and without
classification head. Results indicate
that training the classification head
is not necessary from the tracking
standpoint when appearance query is
used for track-confirmation.

We examine the impact of various tracking design choices on a single held-out

sequence of MOT17, following the ablation procedure described in [Bergmann et

al. 2019].
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Single- vs. multi-query decoder: We investigate the gain in having multiple

types of semantic queries (rather than just having pos only for example). The

results of single-vs-multi query tracking performance are given in Table 2.5 (a),

whilst full results can be found in the supplementary material. When only det

queries are used, we get the performance akin to what we would get with a de-

tection transformer only. Having an auto-regressive component (e.g. both query)

improves performance by a small margin (1 MOTA point). The performance bene-

fit of multiple queries is clear, outperforming any single-query tracker by 11 MOTA

points.

Feature aggregation – tracking: We examine di"erent ways to aggregate out-

puts with respect to multiple decoder query-types. The heuristic method refers

to simply using the location output w.r.t. the previous location to regress the

bounding box, and appearance output w.r.t. the previous appearance for track-

confirmation and reID (full evaluation of heuristic method, including all permuta-

tions of three query-types can be found in the supplementary material). We found

that collaborative gating [Yang Liu et al. 2019] performs better than any other ag-

gregation method by 2.5 MOTA points. Full results can be seen in Table 2.5 (b).

Table 2.6: Various methods of improving our tracker’s performance.

# frames dist
metric MOTA IDF1

1 (F) n/a 67.1 65.8
1 (L) n/a 68.3 66.1
2 (F + L) avg 69.2 66.3
2 (L) avg 69.0 66.1
3 (F + L2) avg 69.6 66.5
6 (F + L5) avg 69.6 66.7
6 (F + L5) min 70.0 66.9

(a) Impact of various memory sizes (and metric for
computing the appearance distance) on tracking per-
formance, evaluated on held-out validation sequence
from MOT17. (F) indicates the first frame, (Lk) indi-
cates the last k frames.

Number of
proposals MOTA IDF1

1 68.3 66.1
3 69.7 67.8
5 70.4 68.4
5 (MQC) 70.5 68.6
10 69.5 68.1

(b) Multi-hypothesis tracking: analysing the impact
of keeping multiple candidates for each track. Note
that multi-query confirmation (MQC) does not impact
the results, but it reduces the computational require-
ment by only keeping multiple tracks when model con-
fidence drops.

Class-agnostic vs. class-specific tracking: The majority of modern trackers

that fall into tracking-by-detection category rely on class-specific information in

order to achieve good performance on MOT challenges. We ask if that is really

necessary, given that our model is capable of producing appearance-specific em-

beddings for every track. To this end, we compare two di"erent track confirmation

methods: the traditional approach which uses a class-confidence threshold to con-

firm the track, and our suggested approach that relies on setting a threshold for
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the distance between the appearance information of two subsequent frames. In

order to rule-out the e"ect of training the classification head on downstream per-

formance we also show results when our scheme is used, but classification head is

still being trained. Using classification score for track-confirmation is marginally

more e"ective (by 0.3 MOTA), but we find that the performance benefit is not

worth the limitations it poses (mainly inability to track “unknown" classes). Fur-

thermore, we find that training the classification head during tracking pre-training

has little to no impact on downstream tracking performance if the classification

score is not being used. Full results are given in Table 2.5 (c).

Appearance memory size: In Table 2.6 (a), we explore the impact of vari-

ous memory sizes (and metric for computing the appearance distance) on tracking

performance. We either compare the distance of a current track to the minimum

distance of all the embeddings (min), or to the average-pooled embedding (avg).

As a broad trend, the more memory we store, the better the performance get.

Due to computational constrants, we were not able to extend this beyond six

frames, however, even between 3 and 6 frames the performance di"erence becomes

marginal, indicating we might hit diminishing returns.

Multi-hypothesis tracking: In order to evaluate the performance benefits of

multi-hypothesis tracking, we evaluate our model with a varying number of pro-

posals at each step. The tracking performance saturates at 5 proposals, indicating

that there is no benefit in keeping more than this. Furthermore, using the dis-

tance between loc and id queries as a measure of confidence in predictions of

known objects doesn’t impact performance of the model whilst reducing memory

requirements. Full results are given in Table 2.6 (b).

2.5 Conclusion

We have introduced the multi-query transformer tracking model that achieves ad-

mirable performance on several known-class multi-object tracking challenges, while

simultaneously outperforming all baselines on class-agnostic generalised multi-

object tracking benchmark. We show the benefit of using decoupled semantic
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decoder queries for both object detection and tracking, and we conjecture that

similar strategy can be employed in di"erent areas of computer vision.

37



2.6 Supplementary material

2.6.1 Implementation details

In this section, we describe the details of the model, and training recipes of our

tracker. Code, models and training configurations will be made publicly available

upon publication.

Detection transformer

Our detector transformer is based on deformable-DETR [X. Zhu et al. 2021] trans-

former with ResNet50 [K. He et al. 2016] backbone. We use a four feature-level

deformable detection module [X. Zhu et al. 2021], 256 dimensional embeddings

and 2048 feed-forward dimension size, 6 encoder layers and 6 decoder layers with

8 attention heads. No additional modifications to the transformer architecture

were made.

Training details

All our models are initialised from an object detector [X. Zhu et al. 2021] that is

pre-trained on the COCO dataset with additional pos queries (that encode per-

turbed ground-truth bounding box). Encoding perturbed ground-truth bounding

boxes and passing them as pos queries during detection training not only boosts de-

tection performance (as seen in Table 2.8), but reduces the number of pre-training

epochs before convergence. Since this is detection-only training, we do not train

with queries which are used over multiple frames (both and id).

MOT17/20: For MOT challenges, the model is first trained on simulated motion

pairs of images from the CrowdHuman dataset for 50 epochs with backbone learn-

ing rate of 1e → 5, and encoder-decoder learning rate of 1e → 4, and we reduce the

learning rate by a factor of 10 after the 40th epoch. Then, the model is finetuned

for the particular downstream MOT dataset (e.g. MOT17) for an additional 20

epochs, reducing the learning rate again half-way through the finetuning.

GMOT40: For generalised MOT, we train the model on pairs of images from

COCO with motion simulated by an a#ne transformation (as described in the

main body of the paper) for 50 epochs with the same initial learning rate as

above, decreasing the learning rate after 20th and 40th epoch.
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Table 2.7: Additional model hyper-parameter values.

Dataset ωconf ωagree

MOT17 0.75 0.1
MOT20 0.65 0.05
TAO-person 0.80 0.2
GMOT40 0.85 0.2
TAO 0.65 0.1

TAO: For TAO, we follow the same training procedure as for GMOT40, but

additionally fine-tune the model on TAO training set for an additional 10 epochs

with learning rate of 1e → 5 across all modules. For the TAO-person dataset, we

use the model trained on MOT17, and tune the ωconf parameter on the TAO-person

training set.

Tracking hyper-parameters

In this subsection we give the details on two hyper-parameters of MQT model:

ωconf and ωagree. ωconf is a track-confirmation hyper-parameter. A track is only

considered active if the similarity of the appearance query corresponding to the

object k at frame i → 1 and i is greater than ωconf. ωagree is used in a version of

our model where we leverage multiple queries in order to determine track quality.

If the cosine distance between the appearance vectors corresponding to the pos

and id queries refering to the same object k (before aggregation) is smaller than

a hyper-parameter ωagree, we do not consider additional hypothesis. On datasets

where the model is fine-tuned, hyper-parameters are tuned via linear search on the

held-out validation set. For datasets where it would be too expensive to fine-tune

the model (e.g. TAO), we determine the optimal parameter by conducting a linear

search with a pre-trained model. Specifically, we run a 5-fold cross-validation on

a held-out validation set. The values are presented in Table 2.7.

Appearance loss

For tracking purposes, we train the model with an appearance head on top of

the transformer decoder. The purpose of the appearance head is to make two

corresponding instances similar in the latent space, and at the same time push

them away from all other instances of the same class (or indeed from any non-

tracked objects). For this to be satisfied, the appearance head must remove the
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location information from the raw embedding that is outputted from the decoder.

Consider object qk ↑ Q being the appearance encoding of the object q at frame

k, where Q is a set of all outputs from the decoder for that frame. For simplicity

of notation, let us denote a set of all other outputs from the decoder in the same

frame as Q→ = Q \ q. We then compute the appearance loss for q as

Lq = →log
exp(qk+1 · qk)

∑
j↑Q→ exp(qk+1 · jk)

In this way, we can train the appearance head to associate related objects without

any additional supervision.

Note, however, that the number of negative samples outweighs the positives. Dur-

ing training with det queries, the size of Q→ gets large (> 100, depending on the

number of det queries). To o"set this, we down-weight the negative samples by a

factor of 0.1.

Note that the appearance head replaces what would be a class-prediction head in

the traditional object-detection model, and appearance loss replaces the classifica-

tion loss in detection-transformer framework. Therefore, we need to assign it the

matching costs for Hungarian matching algorithm and loss coe#cients in order for

the transformer to train and utilise the new information [Carion et al. 2020]. We

cross validate these hyper-parameters on the MOT17 dataset, and train the final

models with matching cost of 1 and loss coe#cient equal to 2.

2.6.2 Tracking protocols

In this section we expand on the use of varying tracking protocols, and how they

reflect on our model. Despite the intuitive simplicity of our model, the various

intricacies of tracking benchmarks require di"erent types of inputs to the decoder.

Therefore, we describe various scenarios for each dataset. Visual illustration of the

protocols can be seen in Figure 2.3.

MOT

Fundamentally, MOT tasks fall in one of two categories: private and public. In

the private setting, the task of the model is to detect all possible objects of interest

in each frame, and track them thus forming trajectories over multiple frames. In
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the public setting, we are given detections for each frame. The sole task of the

model is then to possibly refine and associate the detections with one another thus

forming trajectories.

Public: In the public setting, the detections are given. In that case, we initialise

the sequence with the given detections, passed to the transformer decoder as se-

mantic pos queries. At the tracking step, we propagate semantic queries for all

tracked objects, and add on the detections for that particular frame as additional

pos queries.

Private: In the private setting, we initialise the tracking sequence with a number

of static det queries. They are a set of learnt vectors that are fed into the decoder

at each step, and don’t change between frames (hence static). If the appearance

output of any two det queries have a similarity greater than ωconf, we establish

the two respective queries as known object tracks. The three semantic queries

for each object track are then passed to the following frame in an auto-regressive

manner, together with additional det tracks. This initialisation approach is sub-

optimal compared to the class-specific models that output confidence score per

track as class probabilities (though this is only applicable in class-based tracking

by detection). However, empirically, we notice that the di"erence between the two

methods is minor (see Table 5 (c) of the main paper).

Private & Public: In a setting we denote as “Private & Public", we combine

“private" and “public" setting. Namely at both initialisation and tracking stages

feed in both det queries as well as the detections passed in as pos semantic queries.

Private+: In a setting we denote as “Private+", we follow the same proce-

dure as in “Public", but replace the given detections with independently obtained

detections from a state-of-the-art detector [Z. Ge et al. 2021].

TAO

We report the results on TAO in a “user initialised" setting with a standard “init

first" approach [Dave et al. 2020]. For each object in TAO, the tracker is initialised

using the fist frame an object appears in and it runs for the rest of the video.

Similar to their experiments, we consider the object absent when the confirmation

threshold falls under a certain value (0.65, cross validated on TAO training set).
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Figure 2.3: Various tracking settings are illustrated bellow. We show di"erent
semantic queries (pos, id, both) in colour (green, blue and yellow respetively),
and static det queries are shown in white. Best seen in colour.

Decoder

A A A

POS
query

ID
query

BOTH
query

POS
query

ID
query

BOTH
query A A A

DET queries

Decoder

A A A
DET
query

POS
query

ID
query

BOTH
query A A A

Past semantic 
queries

New DET 
queries

POS
query

ID
query

BOTH
query

POS
query

ID
query

BOTH
query A A A

INIT STAGE TRACKING STAGE

DET
query

DET
query

DET
query

DET
query

DET
query

(a) Illustration of initialisation and track-
ing for private detection setting. det

queries are a set of learnt vectors that act
as spatial anchors and are used for detec-
tion at each step.
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ing for public detection setting. Detections
supplied with the sequences are passed to
the model as pos queries.
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(c) Illustration of initialisation and tracking for private & public detec-
tion setting.

Finally, the tracks are supplied with a class oracle in order to be able to report

the “mAP" score, as in [Dave et al. 2020].

2.6.3 Additional ablation studies

In this section, we expand upon the ablation studies in the main body of the paper

(Sec. 4.3). First, we verify the e"ectiveness of our semantic queries in a simpler

object-detection scenario. Then we investigate the impact each query type has on

tracking to further expand our numbers from the main body of the paper.

Object detection

For ablation purposes, we evaluate our model on COCO [Tsung-Yi Lin et al. 2014]

to verify our performance on object detection. In Table 2.8 (a), we evaluate on
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full-size COCO images, whilst in Tables 2.8 (b,c) we evaluate on COCO images

transformed in order to train the tracker.

Location queries: Although the concept behind semantic queries is intuitive,

we demonstrate their e"ectiveness on the validation split of COCO dataset. We

first train the model for object detection. At training time we feed in perturbed

ground truth bounding boxes as queries to the decoder, and during evaluation

we use either encoder proposals generated by [X. Zhu et al. 2021] in their two-

stage model, slightly perturbed bounding boxes, encoder-proposals as queries. For

upper-bound comparison, we evaluate the model by feeding in the direct ground

truth embeddings as queries as well. Table 2.8 (a) shows that the model can

indeed use the position embedded in the queries to further refine their location.

By training the model to refine object proposals, we can even improve upon the

two-stage proposal model proposed by [X. Zhu et al. 2021] when using their encoder

proposals. We see that detection becomes an easy task, therefore location-based

queries are forced to learn how to retrieve important identifying information about

the objects given their location.

Object detection whilst tracking: During tracking, we are still performing

object detection: we might want to initialize new tracks at the initial stage (init),

or “pick up" new ones whilst tracking (tracking). Therefore, we show the object

detection performance of our semantic queries in a simulated tracking scenario.

We simulate tracking data for training and evaluation from COCO as described

in Sec. 3.2 of the main paper. During the evaluation, we evaluate our initial pos

queries for object detection during the init stage (original image), and we show

how well various semantic queries perform during the tracking stage (spatially aug-

mented image, where ground truth is augmented as well). During the evaluation,

each type of query is fed into the decoder separately (avoiding information leak-

age) and subsequently matched to the ground truth using the matching process

described in [X. Zhu et al. 2021]. When using det queries, we follow the protocol

in [X. Zhu et al. 2021] by using Nobject = 100 queries. Results in Table 2.8 (b) show

that training for joint tracking and detection impacts the model’s performance on

the detection-only task (which is expected, as the regression-head now learns to

predict the location at the next frame). They also show that the model is able to

successfully disentangle the semantic information from various queries – appear-
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ance query knows far less about the object location compared to the ground-truth

location one.

Feature aggregation – object detection: In the ablation study above, we

look at each query independently, but in our final model, we are aggregating em-

bedding information together. Therefore, we investigate four di"erent aggregation

mechanisms, still whilst in the setting of object detection. Now in the tracking

stage, instead of computing the embedding for each query separately, we pass

them through the encoder together, thus allowing the model to attend to both

the appearance and the location of the object. Since for each known object, we

now produce three common embeddings Vt for t ↑ {pos, id, both}. We aggregate

these embeddings in four di"erent ways: 1) max-pooling, 2) average-pooling, 3)

concatenate and pass through an MLP, or 4) pass through collaborative-gating

unit [Yang Liu et al. 2019]. Collaborative gating marginally outperforms other

aggregation methods. Full results can be found in Table 2.8 (c).

Table 2.8: Ablation study of semantic queries used for object detection, evaluated
on COCO validation set.

Models Query AP

Baseline dDETR detection 43.8
Baseline dDETR two-stage proposals 46.2

Ours two-stage proposals 49.8
Ours perturbed GT bbox 71.6
Ours GT bbox 75.1

(a) Comparison of various semantic queries (in-
cluding ground truth (GT) for the upper bound)
when models are trained purely for object detec-
tion on COCO. Model learns to e!ectively use the
provided ground truth data, and refine perturbed
boxes demonstrating that refinement can be done
accurately given precise enough bounding boxes.

Query Stage AP

GT bbox init 71.9
pos tracking 69.1
id tracking 37.4

both tracking 62.0
det tracking 42.8

(b) Comparison of various
semantic queries trained
on tracking data simulated
from COCO, and evaluated
on object detection. We
show that model is capa-
ble of object detection even
when trained for tracking,
and that our method is
successful in disentangling
the semantic information
into separate queries for
the tracking step.

Aggregation method AP
max-pool 54.7
avg-pool 61.1

cat + MLP 71.1
collaborative gating 71.5

(c) Comparison of di!er-
ent embedding-aggregation
strategies for known ob-
jects at tracking stage. We
show that learnable ag-
gregation strategies have
significant advantage over
simple pooling strategies.

Single- vs multi-query tracking

In Table 2.9, we further expand upon the the ablation study from the main body

of the paper (Table 5 (a)), namely by looking at various permutations of queries.

The output of the queries is then aggregated using collaborative-gating aggregation

function [Yang Liu et al. 2019] as described in Section 3.1.5 of the paper.

44



Table 2.9: Further analysis of di"erent query-combinations.

det id pos both MOTA ↓ IDF1 ↓
↭ ↭ ↭ ↭ 68.3 66.1
↭ 55.9 54.7
↭ ↭ 57.4 58.2
↭ ↭ 61.1 57.4
↭ ↭ 62.9 63.5

↭ 52.7 54.1
↭ ↭ 59.4 58.6
↭ ↭ 58.2 57.0
↭ ↭ ↭ 65.1 64.8

↭ 56.1 55.8
↭ ↭ 61.6 64.1

↭ 56.9 56.2

We can see two broad trends. First, that including det queries during tracking

significantly increases the performance of our model. Second, that pos and both

queries tend to carry more relevant information for tracking purposes compared

to id queries.

Heuristic method for query aggregation

In the main paper (Table 6 (b)), we show the e#cacy of various output aggregation

schemes and compare them to, what we refer to as, the heuristic method. Since

most tracking-by-detection systems have two distinct tasks (detection and data-

association), we define the heuristic method as using the output corresponding to

a particular query type for each task. In Table 2.10, we present all permutations

of queries that in the end lead to the result presented in Table 6 (b) of the main

paper, here shown in bold. Note that, unlike in Table 2.9, det queries are present

in all permutations and we void the query aggregation scheme completely.

Firstly, we can see that auto-regressive information propagation is key for good

performance as the performance of det queries is lower than, for example, auto-

regressively propagated det queries by 8.3 MOTA points. Furthermore, our find-

ings reinforce those by [E. Yu et al. 2021]. While they use a learned module to

disentangle detection and re-identification information, our embeddings are disen-

tangled by separate feed-forward networks (appearance head, bounding-box detec-

tion head), we find that using specialised embeddings for each step outperforms

using joint embeddings – in our case by 0.9 MOTA points with no aggregation,
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Table 2.10: Further analyses of the heuristic method in Table 6b of the main paper.
Instead of aggregating the outputs of semantic queries, we use a specific one for
each stage of tracking process. Note that det queries are present in all cases. The
last row shows performance of detection-queries only (i.e. model without explicit
auto-regressive information propagation).

Detection Data-association MOTA ↓ IDF1 ↓
pos pos 59.4 54.9
pos id 65.7 64.9
pos both 63.8 61.3
id pos 56.9 52.2
id id 55.7 55.1
id both 55.4 53.8
both pos 58.8 53.4
both id 64.6 64.3
both both 64.8 64.6
det det 53.1 50.4

and 3.8 MOTA points when a learned aggregation module is applied.

2.6.4 Further performance enhancements via o"ine track-

ing

In Table 1 of the main paper, we RelationTrack [E. Yu et al. 2021] stands out

compared to all other methods. Indeed, they report their baseline model, which

shares the same backbone as MQT, achieves 68 MOTA points 1 (compared to 56

for MQT). A potential reason for such improvement is their tracking protocol,

which consists of o!ine refinement of the initially proposed tracklets and further

post-processing including trajectory-filling strategies discussed in [S. Han et al.

2020].

As our model doesn’t have a separate data-association stage we instead attempt

to imitate this two-step procedure by doing two separate tracking passes on the

video: one from beginning to the end, and another from the end to beginning. If the

track bounding boxes overlap by over 50% of the total area, we consider the tracks

to be true positives. We refer to this as back-to-front track confirmation (B2F

track). Additionally, we attempt to use the Hungarian algorithm with a matching

threshold of 0.4 to match tracks from a beginning-to-end pass with the appearance
1There is no specification on the evaluation protocol used; we assume standard 7-way split

cross-validation.
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Table 2.11: Comparing the e"ects of various o!ine post-processing enhancements
on our model on a standard 7-way split cross-validation for MOT17. Our model
uses detections from [Z. Ge et al. 2021] in “Private+" setting.

Method B2F track B2F id TF MOTA IDF1

RelationTrack–baseline [E. Yu et al. 2021] 68.5 73.3
Ours 56.9 56.2
Ours ↭ 60.1 59.8
Ours ↭ ↭ 62.7 62.0
Ours ↭ ↭ ↭ 63.4 64.2
Ours ↭ 58.0 58.6

(a) E!ects of the performance-enhancing post-processing
methods on our baseline model using only both track queries.

Method B2F track B2F id TC MOTA IDF1

RelationTrack [E. Yu et al. 2021] 70.2 75.3
Ours 68.3 66.1
Ours ↭ 69.7 69.8
Ours ↭ ↭ 71.6 71.1
Ours ↭ ↭ ↭ 72.1 73.3
Ours ↭ 68.9 72.1

(b) E!ects of the performance-enhancing post-processing
methods on our best model. Note that semantic queries and
our multi-query tracking protocol significantly reduce the need
for an additional o"ine post-processing.

vectors of an end-to-beginning pass and vice-versa and repeat the overlap process

from above. We refer to this as back-to-front appearance confirmation (B2F id).

Lastly, we adopt the trajectory-filling (tf) strategy as in [S. Han et al. 2020; E. Yu

et al. 2021] on final predicted tracks.

2.6.5 Comparison with similar methods

Several related works concurrently attempt to adapt the transformer architecture

to the MOT problem. Most of these works di"er from MQT either in the tracking

paradigm, or in architectural details. Bellow, we outline di"erences to the most

similar work. The reader should note however, that none of these concurrent

works can be generalised to the class agnostic GMOT or TAO tasks as they use

tracking-by-detection approaches.

TransCenter [Y. Xu et al. 2021] shares architectural similarities with MQT (in

that they use a deformable transformer and semantically separable queries), but

the finer details and their tracking paradigm are fundamentally di"erent. On an

architectural level, they utilise query leaning networks to separate queries from

the encoder representation. Furthermore, they utilise two separate decoder mod-

ules, one for each query type. We feed all the queries concurrently in the single

decoder. More importantly, their tracking paradigm is fundamentally di"erent as

they compute dense queries for location and tracking displacement (as opposed

to appearance like us). They show that given dense detection and tracking mem-

ory, tracking can emerge from these inputs alone. To this end, they design and

combine custom decoder modules in order to aid in matching the model outputs
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over time. Their paradigm renders the reID module unnecessary, but it comes at

the expense of higher model complexity. While clearly innovative and e"ective,

their approach performs better than MQT on one metric (MOTA 71.9 vs 65.4)

but worse on others (IDF1 62.3 vs 63.4, or ID switches 4626 vs 1104).

MOTR [F. Zeng et al. 2022] shares the transformer backbone with MQT, and

they also leverage the power of semantically decoupled embeddings. Unlike us,

however, their embeddings are decoupled via “global context disentangling unit"

from the final layer output of a backbone CNN. We find that we can do it implic-

itly in the transformer decoder.

Trackformer [Meinhardt et al. 2021] is most similar in spirit to our MQT method.

Their detection queries are analogous to our static det queries, and their tracking

queries are analogous to our both queries. In the ablation studies (Tbl 5 (a); Tbl 3

in supp. material) we show the e"ectiveness of using multiple (and semantically de-

coupled) queries over the single tracking query paradigm of [Meinhardt et al. 2021].

Running speed comparison

At the time of writing, only [Meinhardt et al. 2021] code was available for a direct

comparison. In our experiments, we find that pre-training MQT on the CrowdHu-

man dataset takes 8 days using 6 V100 GPUs, which is comparable to the original

implementation of [Meinhardt et al. 2021] on similar hardware.

48



CHAPTER 3. TEXT-CONDITIONED RESAMPLER FOR LONG FORM VIDEO
UNDERSTANDING

Chapter 3

Text-Conditioned Resampler For

Long Form Video Understanding

The paper has been accepted at ECCV 2024.

This chapter concerns itself with a technical aspect of story understanding, namely

how to process exceedingly longer videos whilst maintaining the ability of the

model to reason about them on the higher level. A key aspect of this work is

the fact that such sampling is done in natural language and as such is relatively

unrestricted in semantic scope.

49



3.1. INTRODUCTION
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Abstract

In this paper we present a text-conditioned video resampler (TCR) mod-

ule that uses a pre-trained and frozen visual encoder and large language

model (LLM) to process long video sequences for a task. TCR localises

relevant visual features from the video given a text condition and provides

them to a LLM to generate a text response. Due to its lightweight design

and use of cross-attention, TCR can process more than 100 frames at a time

with plain attention and without optimised implementations. We make the

following contributions: (i) we design a transformer-based sampling archi-

tecture that can process long videos conditioned on a task, together with a

training method that enables it to bridge pre-trained visual and language

models; (ii) we identify tasks that could benefit from longer video perception;

and (iii) we empirically validate its e"cacy on a wide variety of evaluation

tasks including NextQA, EgoSchema, and the EGO4D-LTA challenge.

3.1 Introduction

The development of visual-language models (VLMs) advanced exponentially in the

past few years: new models pre-trained with increasingly larger scale, in terms of

the number of parameters and size of the training set, continue pushing forward the
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Text-Conditioned Resampler (TCR)

VQA
What happens between 
7th and 9th second?

Moment Query
When did I start to 

knit? 

Action anticipation
What happens after?

Up to 100 input video frames

What does the man do after 
finishing cleaning the ferret?

Use towel to dry the ferret.

Figure 3.1: TCR resamples visual features that are relevant for the downstream
tasks before passing them to the LLM. A qualitative example can be seen on the
right.
state of the art on multiple tasks every couple of months. These models often have

the ability to reason about the relationships of objects in their environment through

natural language, often in an interactive fashion. This capability is appealing for

multiple video applications. For example, it would be helpful for a model to

be able to answer questions about a video: “Does this recipe use eggs?”, “what

does he do after he removes the tire?”, etc. It is also appealing for users of

augmented-reality devices: for example to be able to answer “where did I leave

my phone?”. Unfortunately, the computational requirements of such models made

them impractical for use in video applications as the memory requirement rises

quadratically with the input size. Furthermore, to our knowledge, a large-enough

source of even loosely labelled video data for training such a model from scratch

does not readily exist.

That is why we are specifically interested in a subset of these models that are not

trained from scratch, but rather ‘bridge’ pre-trained models via di"erent types of

‘visual-to-language adapter modules’ [J. Li et al. 2023b; Alayrac et al. 2022; Sevilla-

Lara et al. 2021]. The advantages of this approach, as opposed to training the

model from scratch, are numerous: Only a small number of parameters are trained,

which makes the memory footprint smaller; it allows us to utilise the capabilities

of large visual backbones without overfitting to the downstream task; as well as

to leverage the vast amount of knowledge stored in the LLM without su"ering

common limitations of smaller-scale fine-tuning such as catastrophic forgetting.

Only a few of these models are trained on videos [Alayrac et al. 2022; Kuo et al.

2023; S. Yu et al. 2023], and these can usually ingest only a small number of frames

– typically anywhere between 4 to 32. Allowing a large number of video frames to

interact with text is demonstrably beneficial [Sevilla-Lara et al. 2021; Mangalam
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et al. 2023] in visual models, thus, a relatively simple way of increasing the model

performance is to increase the number of frames the model sees.

In this paper we present a Text-Conditioned Resampler (TCR), an architecture

and pre-training method that tackles all of the challenges mentioned above: it is

a reasonably lightweight, low-dimensional adapter which acts as an information

bottleneck between visual and language models. As shown in Figure 3.1 (left), it

is able to process over a 100 (and up to 180) frames at a time, selecting the most

relevant frame features to pass to the LLM based on the “conditioning” text. TCR

allows us to focus on analysing videos with longer temporal span, and identify

gains that could be made on longer videos. Right side of Figure 3.1 illustrates

an application of our model. This new method allows us to analyse aspects of

video datasets we’ve never been able to before. Specifically, we were able to look

at how many frames it takes for a VLM to solve a task, and to determine if

increasing the temporal span of perceived video actually brings benefits in terms

of performance. We found that increasing temporal span does improve results on

the moment-queries EGO4D challenge, and allows us to set the state-of-the-art

(SOTA) on long-video question answering on the validation sets of EgoSchema

dataset [Mangalam et al. 2023] and EGO4D long-term forecasting challenges, as

well as on the temporally-sensitive NextQA dataset [J. Xiao et al. 2021].

Condition

“[CPN] [7][9]”

Answer
“The pattern is 
already starting 
to form repeat 
rows one and 

two.”
Prompt

“What happens 
between 7th and 9th 

second?”

layer n

layer 0

layer 1

1 2 …

[CPN][7][9] Learnable query

Visual
tokens

K, V

Q

Figure 3.2: Left: overview of how TCR integrates in a VLM in order to process long
videos. A long (30-120 frames) sequence from a visual encoder (V) is resampled
to a fixed-length sequence fed to a language model. [CPN] indicates special token
for captioning; [7][9] is a representation of tokenised time steps. Right: details
of the TCR module. Elements in blue are kept frozen. Best viewed in colour.

3.2 Text-Conditioned Resampler (TCR)

In the following section we describe the model and the training procedures used

for training a video-specific VLM able to handle very long video sequences.
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3.2.1 Model

At a high level, the input to the TCR consists of video frames processed by a

visual encoder and embedded text tokens. It outputs a fixed-length sequence

of embeddings that, together with a text prompt, is consumed by a language

model. The text specifies (conditions) the task, and the TCR selects di"erent

visual features according to the task and transforms them to be suitable for input

to the language model. Finally, the language model generates the text response

to the specified task. Architecture overview is given in Figure 3.2 on the left.

Overview: The visual inputs consist of RGB frames of the video that are

ingested by a pre-trained frozen ViT-g [Q. Sun et al. 2023] model to obtain visual

embeddings. Temporal encodings are added to them. The conditioning text tokens

are prefixed with a learnable special token specifying the task the model is trying to

solve and concatenated with a set of learnable query vectors. The queries and text

interact with each other through self-attention layers, and interact with the frozen

visual features through cross-attention layers (inserted every other transformer

block). Output query vectors are then concatenated with an optional text prompt,

and passed through a frozen Flan-T5 language model [H. W. Chung et al. 2022].

The TCR module is illustrated in Figure 3.2 on the right. We treat it as a plug-in

replacement for the Q-former in the BLIP2 [J. Li et al. 2023b] architecture to

enable handling of very long frame sequences as input.

The key design choices are: (i) the interaction of the query sequence with the

visual features is only through cross-attention. This enables the TCR to ingest

very long sequences (as it is not limited by the quadratic complexity of vanilla

self-attention); and (ii) the output is a fixed length set (the transformed query

vectors), so that the input to the language model is only a small number of tokens,

irrespective of the length of the video sequence. Following these design principles

we are able to significantly reduce the number of input tokens that the LLM needs

to process with obvious gains in terms of inference time and memory requirements

compared to full self-attention over all frame tokens.

How does the TCR di!er from the Flamingo Resampler and Q-former?

These design decisions build on the architectural innovations of the Perceiver re-

sampler in Flamingo [Alayrac et al. 2022] and the Q-former in BLIP-2 [J. Li et al.
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2023b]. However, there are a number of di"erences: (i) While Q-former is trained

on images, TCR is optimised for video from the ground up – all training stages

are done on videos. This is important as the TCR must learn to sample visual fea-

tures from video frames conditioned on the task. (ii) TCR uses lower dimensional

features than either Q-former or Perceiver Resampler (512 vs 768 vs 1536) and an

overall smaller number of parameters (69M vs 188M). This is important as it allows

us to process far longer video sequences. (iii) While TCR cross-attends visual fea-

tures to text embeddings and learnable queries, Perceiver Resampler concatenates

visual-embeddings and queries in a key-value pair, which makes the computation

more expensive as it computes cross-attention and self-attention in a single pass.

We keep the operations separate (i.e. first cross-attending text-query sequence with

the video, and then self-attending the text-query sequence). This reduces per-layer

computational requirements allowing us to increase video sequence length. These

di"erences lead to a novel capability of processing many more frames at once,

which subsequently leads to superior performance on downstream tasks.

Conditioning sequence construction: Most tasks can be represented as a ba-

sic Question and Answer (QA) pair. Inspired by multi-task language models [Ra"el

et al. 2020], we adopt a generic [ST][task prompt][learnable query] input

structure (where [ST] is a task-specific special token, [task prompt] is, for

example, a question in a QA, and [learnable queries] are passed on to the

LLM). We prefix a special task token ([CPN], [TRG], [QA], [STG]) for captioning,

temporal grounding, question-answering, and spatio-temporal grounding respec-

tively) to the task prompt, depending on what task the model is solving. Fig-

ure 3.2 shows an example wih the [CPN] task-specific special token. Since, in

principle, all tasks can be formulated as QA (and would be specified in the model

as [QA][question text]), why are special tokens used? We found that using

tokens improves overall performance while making the model easier to train and

reducing the sequence length required for conditioning the sampler (as opposed to

spelling out the task in text).

3.2.2 Training

Recent works have shown that contrastive learning yields visual representations

for video frames that perform better in discriminative tasks than training in a
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Table 3.1: E!ect of initialisation and pre-training stages on NextQA question answering
and NLQ task. For NextQA, we use shortened fine-tuning procedure (see Section 3.3.2)
and vary the checkpoints used. For NLQ, we evaluate on TCR w/LLM.

Init Pre-training NextQA
Acc ↓ NLQ

MR@1 ↓(i) (ii) (iii)
✁ ✁ ✁ ✁ 66.1 11.42
✁ ✂ ✂ ✂ 52.1 7.88
✂ ✁ ✁ ✁ 63.3 9.41
✁ ✁ ✂ ✂ 64.1 8.94
✁ ✁ ✁ ✂ 65.6 9.37
✁ ✂ ✁ ✂ 63.4 8.91
✁ ✁ ✂ ✁ 64.2 8.13

purely generative fashion [K. P. Yu n.d.; Kuo et al. 2023]. Training models with

a generative loss, however, seems to be crucial for developing reasoning regarding

temporal grounding of unconstrained videos as well as the semantic relationship

between text structure and video [A. Yang et al. 2023; Alayrac et al. 2022]. Hence,

we separate our training in three distinct stages: (i) initialisation, where we train

TCR without the LLM; (ii) pre-training, where we train TCR in conjunction with

the LLM; and later, (iii) a task-specific fine-tuning. Note that the only thing we’re

training is the TCR module – the visual encoder and LLM remain frozen through-

out. Initialisation and pre-training stages are done on the YTT-1B dataset [A.

Yang et al. 2023]. Videos in this dataset are annotated by the transcribed speech

sentences and their corresponding timestamps that are either user-generated or au-

tomatically generated via automatic-speech recognition. Speech in such videos is

rarely visually grounded [Ko et al. 2022; K. Han et al. 2020], however, because our

model can see the video sequence surrounding the annotated segment, it is well

suited to implicitly learn the temporal grounding. We describe training stages

below.

Initialisation (without LLM): To initialise our model, we follow BLIP2 [J. Li et

al. 2023b]’s image-text contrastive and image-text matching objectives. Contrastive

objective maximises mutual information between TCR text output, and learnable

queries which are cross-attended with a video. Text and learnable queries are

passed together to TCR. Their mutual attentions masked in such a way that text

only attends to itself, while the learnable queries are cross-attended to the video

frames and then self-attended to themselves. We compute the average of text
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queries to get a text representation t, and compare it pairwise with all learnable

queries. Query with maximum similarity to t is denoted as q. We then align the

representations t and q by contrasting each positive pair with in-batch negative

pairs. At this stage TCR is not text conditioned. Image-text matching objective

(video-text matching in our case) primes the model for text-conditioning. Both

learnable queries and text are passed through TCR together, without attention

masking. A binary classifier predicting whether the video and text are matching

or not is applied to each of the learnable queries and predictions are averaged to

obtain a final matching score. The negatives are sampled in-batch, following [J. Li

et al. 2023b].

We skip the generative training step of [J. Li et al. 2023b], as our model is neither

designed nor initialised from a language model, and we found no measurable benefit

from this training stage. The reader is referred to the original paper [J. Li et al.

2023b] for in-depth description of attention-masks and losses used during each of

the objectives.

Pre-training (with LLM): The goal of pre-training is twofold: first, to seman-

tically and temporally align TCR’s output with the expected input of the LLM,

and second to train TCR’s self-attention layer to attend to specific task-specifying

special tokens and text conditioning tokens. We do this by training it on three

tasks. (i) given an untrimmed video and annotated sentence, we ask it to retrieve

when the sentence occurred; (ii) given the untrimmed video and a timestep, we

ask the model to fully caption that particular segment; (iii) given the untrimmed

video and a text sequence corrupted in multiple ways, we ask it to correct the

sequence. All tasks are supervised by applying the generative loss on the outputs

of the LLM. The examples of these tasks on an example from YTT dataset can

be seen in the supplementary material. The e"ects of these training stages can be

seen in Table 3.1.

Fine-tuning: After these two stages, TCR achieves competitive results on down-

stream tasks while still being a generalist model. However, as our pre-training

dataset is comprised mostly of low- and mid-quality videos with noisy automatic

annotations, we observe significant improvements through fine-tuning for a specific

task. The goal of fine-tuning is to align the TCR with the domain of the down-

stream task in question. Only the TCR module and its vocabulary are fine-tuned,
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while the visual encoder and the LLM are kept frozen. Fine-tuning is performed

on each of the downstream datasets and is described in the results section for each

dataset, while hyperparameters and ablation of the performance with or without

fine-tuning are given in the supplementary.

3.2.3 Model details

Video sequence construction: We extract visual representations (14 ↔ 14

patches from frames with 2242 resolution) using ViT-g [Q. Sun et al. 2023], and add

temporal embeddings. In order to reduce memory consumption, for every other

frame we drop random 50% of its patches. Recent work [T. Han et al. 2022b; Tong

et al. 2022] has shown no significant loss in performance when random patches have

been dropped.

LLM sequence construction: We follow BLIP2 in the way we construct the

input sequence [J. Li et al. 2023b]. We concatenate the output of the TCR module

together with a <BOS> (beginning of sentence) token and the instruction context

tokens (for example question in VQA, or previous action sequence together with

instruction for EGO4D action prediction).

TCR architecture details: TCR is based on a transformer-decoder mod-

ule [Vaswani et al. 2017a], consisting of 4 transformer blocks with 8 attention

heads and hidden dimension equal to 512. Blocks 0 and 2 contain cross-attention

layers. For each task we use 128 512-dimensional queries. These choices were

tuned based on the downstream performance on NextQA validation set and then

kept fixed.

3.3 Experiments

In the following section, we conduct a set of experiments with a baseline VLM

and TCR in order to determine which tasks benefit from having access to longer

or denser video sequences, and compare the results to the SOTA. Specifically, we

analyse the datasets in section 3.3.1. We compare the results to the state of the

art in sections 3.3.2, 3.3.3 and 3.3.4, and we present ablation of model decisions in

section 3.3.5. Qualitative results can be seen in Figure 3.4.
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Datasets: We evaluate the following datasets: Kinetics400 [Kay et al. 2017]

containing around 260k 10s videos with human-action labels and Countix, a subset

of Kinetics where actions are annotated with the number of repeats (e.g. how

many time a push up is repeated) [Dwibedi et al. 2020]. MSR-VTT [Jun Xu et

al. 2016], a large scale video captioning dataset. NextQA, a manually annotated

video-question-answering dataset where the model is asked to answer questions

regarding temporal actions in a multiple-choice fashion [J. Xiao et al. 2021] from

(on average) 44s long videos. Finally, since egocentric videos are a new frontier in

e"ective long-term video understanding, we evaluate on two diverse challenges from

EGO4D [Grauman et al. 2022]. EGO4D videos are often minutes long, containing

both fine-grained actions as well as long-term interactions [Grauman et al. 2022].

Baseline: We use a fixed BLIP2 [J. Li et al. 2023b] VLM as a baseline throughout

our experiments. BLIP2 is not trained on videos, but it has been shown that it can

be adapted to videos [K. P. Yu n.d.; Hang Zhang et al. 2023a] and we follow [K. P.

Yu n.d.] to do so. BLIP2 can only process up to 8 frames at a time, so for the

task where it can be done, we average predictions over multiple 8-frame video clips

extracted at 1fps (noted as ‘BLIP2(Avg.)’). These aggregation methods, however,

can introduce unwanted noise [Sevilla-Lara et al. 2021; Korbar et al. 2019].

Modelling longer sequences: The design of TCR allows a VLM to “see” more

frames than ever before. Therefore, we also present results using TCR which uses

the same visual encoder and LLM as BLIP2 but is able to process all the frames

at once. With TCR, each video can be processed in a single forward pass thus

eliminating the e"ects of subsampling or averaging.

3.3.1 Video task analysis

Since videos are a highly redundant data-source, one has to ask how many frames,

and at what sampling rate, does the model actually need to see to achieve good

performance. For example, it has been observed that humans solve QA tasks with

8% higher accuracy when videos are sampled at 25fps as opposed to sampling

them at 1fps [Mangalam et al. 2023]. In this section, we analyse the results on six

common video-understanding tasks with respect to the number of frames consumed

by the model. We look at the results from a high-level perspective, in order to

determine which tasks will require higher number of frames for a model to solve.
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(a) (b) (c)

(d) (e) (f)

Figure 3.3: Performance vs number of frames utilised by the models on various
di!erent tasks. t denotes average length of the video in the dataset. ‘tcr’=Ours,
‘iv’=IntenVideo [Yi Wang et al. 2022], ‘TF’=TimesFormer [Bertasius et al. 2021],
‘b2’=BLIP2 [J. Li et al. 2023b], ‘sevilla’= [S. Yu et al. 2023], RepNet= [Dwibedi et
al. 2020]

Overview of the results can be seen in Figure 3.3. BLIP2 and TCR models are

initialised from the same checkpoint, and then finetuned on the downstream task

using the target number of frames as an input. We describe evaluation procedure

for each task in more detail in their respective sections.

Intuitively, question-answering is one of the tasks where longer spans and better

understanding of temporal dependencies would be of utmost importance. On the

NextQA dataset, where questions contain temporal aspects (3.3a), seeing the span

of an entire video seems to be crucial for performance. There is a clear peak at

about 2fps, and a sharp decline past 1fps. This means that it is important to

observe most of the frames, but frame density is not strictly required.

Curiously, although long video sequences at higher frame-density are required for

humans to solve problems in EgoSchema dataset (3.3b), most models’ performance

actually peak or plateaus at significatly smaller number of frames [Mangalam et

al. 2023]. We argue that this is because they have not been trained with long

input length, and subsequently fail to capture semantic interdependencies within

the video. TCR’s performance increases with the number of frames, but plateaus

when more sparsity in frame patches is needed to keep memory consumption down

(see Table 3.3 for more details). We believe that being able to see the span of entire

video with more density (i.e. at sampling rates greater than 1fps) could further

increase performance on this benchmark.
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Human action recognition (3.3c) and short-video captioning (3.3d) are commonly

used video-understanding benchmarks, however, we found that they do not re-

quire many frames to achieve strong performance with a VLM. On action recog-

nition, specialised models such as [Bertasius et al. 2021] scale better with higher

frame density, however, which can be attributed to their to inherently learned

sampling [Korbar et al. 2019]. This intuition can be corroborated by a slight per-

formance increase when using TCR module with BLIP2. Future prediction tasks

(3.3e) on egocentric videos often span a long temporal range. We found that in-

creasing the number of frames, hence covering larger video spans, helps in reducing

the overall error. This is not unexpected, as action sequences in EGO4D tend to

be repetitive, so the longer sequence of actions allows the model to recognise the

action pattern from more samples. Finally, counting (3.3f) is an example of the

task where frame density matters, and performance drops when fewer frames are

utilised from a fixed length video. It also requires specialised architecture to solve

it [Dwibedi et al. 2020], and LLMs are traditionally disadvantaged in tasks that

require numerical reasoning. For action classification and counting problems, we

only use visual and aggregator parts of the VLM as described in the supplementary.

To conclude, although the tasks that require the models to be able to reason over

many frames either in span or density are fairly limited, they do exist. Below, we

show how a module such as TCR that allows us to ‘see’ more frames in context

could be beneficial to overall performance on these tasks.

3.3.2 Evaluation on video question-answering

We first evaluate our model on question-answering benchmarks, our prior experi-

ment shows a clear benefit when more frames are observed. We use the NextQA

validation set to compare our model to the current state-of-the-art model which

is also based on BLIP2 architecture [S. Yu et al. 2023]. We follow fine-tuning and

evaluation protocol from [J. Li et al. 2023b], with hyperparameters outlined in the

supplementary.

Input design: Video is subsampled to a target numbers of frames (92 frames

at approximately 2fps for the final model), and temporal embeddings are com-

puted accordingly. Conditioning text is formed as “[QA] Question” where [QA]

is learned special token reserved for VQA tasks. During fine-tuning, the prompt to
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the LLM is formed following [S. Yu et al. 2023] as: “[vis. features][question][options]

Considering information in frames, select the correct answer”.

Evaluation procedure: During inference, we restrict generation to the answer

vocabulary (i.e. “Option A”, “Option B”, ...), and select the most probable answer.

Comparison to SOTA: Results can be found in Table 3.2. Our model outper-

forms BLIP2 which demonstrates that the TCR module is successful in selecting

the relevant frames, and also indicates the need for temporal modelling of this

particular task. While like us, the SeViLA model is based on BLIP2, they train

one model to sample relevant keyframes, and a separate model to solve the task

from the sampled keyframes, e"ectively doubling the number of trainable parame-

ters. In contrast, TCR requires only a single forward pass during training to both

sample the features and solve the task. Our model outperforms SeViLA in overall

accuracy (setting the new SOTA), hence showing that number of observed frames

makes up for lack of trainable parameters.

3.3.3 Evaluation on long-form VQA

EgoSchema is a long-form VQA dataset sampled from EGO4D containing 5000

human curated multiple choice question answer pairs, spanning over 250 hours of

real video data. Each question requires the model to select one out of 5 possible

answers and is accompanied by a three-minute-long video clip [Mangalam et al.

2023]. Input and evaluation designs are the same as they are for NextQA.

Comparison to SOTA: Results can be seen in Table 3.3. Our model outperforms

both the SOTA models (where inference was done over multiple forward passes

and prediction was averaged) and our re-implementation of BLIP2 (with both

Table 3.2: Comparison to SOTA on NextQA dataset. Results are split into non-
balanced ‘causal’ (C), ‘temporal’ (T) and ‘descriptive’ (D) questions. The overall accu-
racy in the last column to the right is balanced across the entire dataset, rather than
across the categories. ‘*’ denotes re-implementation by [Sevilla-Lara et al. 2021]

Model train params accC ↓ accT ↓ accD ↓ acc ↓

SeViLA [S. Yu et al. 2023] 346M 73.4 68.8 83.5 73.4
HiTeA [Ye et al. 2023] / 62.4 58.3 75.6 63.1
BLIP2 [J. Li et al. 2023b] 188M 64.9 59.7 77.8 63.5
BLIP2* [J. Li et al. 2023b; Sevilla-Lara et al. 2021] 188M 72.9 65.2 80.1 70.1
Ours 76M 73.5 69.8 82.2 73.5
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Table 3.3: Comparison to SOTA and human performance on EgoSchema split of
EGO4D. ↔ denotes multiple forward passes were used. * denotes higher proportion
of patches was dropped.

Method Observed
frames

QA
acc (%) ↓

InternVideo [G. Chen et al. 2022] 8↓11 32.1
BLIP2 [J. Li et al. 2023b] 8 27.2
BLIP2 [J. Li et al. 2023b] 8↓12 29.9
TCR (ours) 92 34.2
TCR (ours) 92↓2 34.5
TCR (ours) 184* 35.1
Human 180 67.2

subsampled frames and iterative inference approach). Similar to [Mangalam et al.

2023], we observe relative saturation of performance with increasing the number

of frames.

3.3.4 Evaluation on EGO4D challenges

Long-term action anticipation (LTA):

The goal of the LTA challenge is to predict a sequence of twenty actions in order of

appearance from an input video. The last observed action and action boundaries

are given as well. The current state-of-the-art method relies solely on the power

of large-language models in order to predict the sequence of future actions [D.

Huang et al. 2023]. Our model adapts this idea but leverages the ability of TCR

to process increasingly longer videos in order to achieve superior results. We

compare our model to the SOTA, as well as to fine-tuned BLIP2 using 8 frames as

video input. We note that our model outperforms BLIP2 by a significant margin,

clearly showing the benefits of being able to observe denser video sequences for

this task. Results can be seen in Table 3.4.

Input design: We construct input for fine-tuning and evaluation in the following

fashion: video is subsampled uniformly to a target number of frames (8 for BLIP2

with Q-former, and 96 for BLIP2 with TCR) and temporal embeddings denoting

the frame timestamp are added to them. If the “Before” video is sampled, we only

sample from a video clip before the last observed action, while “Whole” means we

sample from the entire input video clip. The text prompts are designed as:

1 Complete an action sequence,

2 an action is one (verb, noun) pair.
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3 A complete sequence consists of 28 actions.

4 Actions: (noun_1, verb_1) (verb_2, ...

and for the conditioning prompt we use:

1 [LTA][start_1](noun_1, verb_1),[start_2](noun_2, verb_2) ...

where (noun, verb) is an action pair, [LTA] is a learned special token, and [start

k] is a tokenised start time of k-th action.

Evaluation procedure: Our evaluation procedure follows closely those of [D.

Huang et al. 2023]. The model is fine-tuned to output comma-separated action

pairs following the prompt formatting. During the evaluation, we softmax predic-

tions over the reduced vocabulary of the label space for the LTA task. If both

nouns and verbs fall into their respective label space, we append them to our pre-

diction. For predictions with less than 20 action pairs, we pad it with the last

action. Models denoted with (*) are sampled in an iterative fashion.

Comparison to SOTA: Table 3.4 shows the comparison to the state-of-the-art

on long-term action prediction. Note that SOTA [D. Huang et al. 2023] uses only

language model to predict the future actions. We demonstrate that being able

to perceive frames after the indicated timestep (which are given) helps for future

action prediction, but we outperform sota even without seeing them. Finally, we

find that iterative evaluation (i.e. asking the model to predict action by action, as

opposed to the whole set of 20 actions, increases performance even further.

Moment queries (MQ):

The MQ task is similar to temporal action localisation or moment retrieval tasks.

Given a textual description of an action, the goal is to localise all possible instances

of it in the given video clip. Results can be seen in the Table 3.5.

Input design: Video is subsampled uniformly to the target number of frames,

and temporal embeddings denoting the frame timestamps are added to it. The
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conditioning prompt is formed as “[TRG] action query string” where [TRG]

indicates the special token for temporal grounding and action query string

denotes the name of the action label parsed as a string. The language model is

prompted by the following string

1 Return a sequence of frame timestamps

2 where <action name> is happening. The

3 timestamps range from 1 to 1000.

Evaluation procedure: We softmax the model predictions from a reduced vo-

cabulary of integers from 1 to 1000 (temporal coordinates are quantised similarly

to [T. Chen et al. 2021]) and aggregate them.

Comparison to SOTA: Results in Table 3.5 show that despite the disadvantage

of solving a discriminative task in a generative way, our model still performs ad-

mirably (-2.4 MAP) when compared to the state-of-the-art. In the supplementary

material, we present an additional evaluation procedure (using direct classification)

which can yield even better performance (+1.25 MAP).

3.3.5 Model design decisions

In the following section we investigate our model choices and seek to explain their

impact on the performance of our model. All experiments were done on the vali-

dation set of NextQA dataset and results can be seen in Table 3.6. Note that we

fine-tune the model on a shorter training schedule which yields lower results, but

Table 3.4: Comparison of various models on the validation set of EGO4D LTA challenge.
Edit distance is reported and the lower the score the better. The “Video” column
indicates whether the whole video was observed (given) or just the video clip before the
last action. Models denoted with ‘*’ are sampled iteratively.

Method Video VerbED ↗ NounED ↗ ActionED ↗

PALM* [D. Huang et al. 2023] No 0.7165 0.6767 0.8934
BLIP2 [J. Li et al. 2023b] Before 0.7512 0.6873 0.9103
BLIP2 [J. Li et al. 2023b] Whole 0.7500 0.6799 0.9086
Ours Before 0.7009 0.6472 0.8792
Ours Whole 0.6763 0.6180 0.8522
Ours* Whole 0.6585 0.6171 0.8482
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Table 3.5: Comparison to the state of the art on the validation set of Ego4D Moment
Query Challenge.

Method Avg. mAP ↓ R@1, tIoU=0.5 ↓

Intern Video [G. Chen et al. 2022] 23.59 41.13
ASL [J. Shao et al. 2023] 27.85 46.98
Ours (96f) 24.51 42.99
Ours (192f) 25.45 43.72

allows for a quicker turnaround. We keep the same fine-tuning parameters for all

ablation studies.

Does text conditioning impact the results? We investigate the performance

of our model in three di"erent scenarios: (1) when the conditioning prompt is

unchanged in the evaluation setting, (2) we completely remove the conditioning

prompt, and (3) we modify the temporal word (‘before’ to ‘after’ and vice-versa) in

a hope to confuse the model. The results can be seen in Table 3.6a. Conditioning

indeed allows the TCR module to extract more relevant features (+3.8). Fur-

thermore, adversarial conditioning greatly impacts the performance of the model

(-7.6).

Do we need special tokens for conditioning? If the model is fine-tuned for

a specific task without the special tokens, it still performs reasonably well (73.5%

vs 72.7% acc on NextQA with and without special tokens respectively).

Does the number of frames matter? The input video-sequence length is

important to the model performance. In Table 3.6b we show the performance

dependence on the input sequence length. Note that videos are on average 44s

long, thus 124 frames equates to sampling at a rate of 2.5fps.

How many queries should the LLM see? While there is a benefit of perceiving

Table 3.6: Ablation studies on validation set of the NextQA dataset. Note that the
ablations were done on a short training schedule.

cond. acc ↓

yes 64.9
none 61.1
corrupt 55.3

(a) Di!erent conditioning
prompts on temporal-
question set only.

#frms acc ↓

32 64.4
92 66.2
124 65.9

(b) Impact of number of
frames on model perfor-
mance.

#queries acc ↓

32 62.7
64 65.8
128 66.2
256 64.3

(c) Impact of the total number of
queries on model performance.
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What is the cat wearing around its 
neck?

The cat is wearing a plastic cone.

List timestamps when the person is 
browsing through clothing items on 
a rack.

1,7,8,9

What is in the video between 8th 
and 10th second.

A Newfoundland Railway locomotive 
number 59.

What is the main objective of Cs 
actions throughout the video, and 
how does it change, if at all?

C’s goal is to clean the wall.

Figure 3.4: Examples of our model responding to various textual prompts taken from
NextQA, EGO4D-MR, and YTT datasets. The opacity of the images in the second row
is correlated to the mean patch attention score for that frame. Note that frames are
subsampled and the TCR conditioning is not included for clarity.

a longer length of a video input-sequence, it has been observed that including more

visual tokens as input to the LLM does not lead to a better performance [S. Yu

et al. 2023]. Therefore in Table 3.6c we investigate how many queries the LLM

should observe. Reducing the number of queries to a total of 128 (equivalent to

four frames according to [J. Li et al. 2023b]) achieves optimal performance.

3.4 Related work

Our work spans many fields of video-understanding and we outline the most rele-

vant related work below.

Video-sampling techniques: Sampling relevant frames from videos has long

been a challenge in video understanding due to the highly redundant nature of

video data. These methods either use a pre-processing module [D. Chen et al.

2011; Yeung et al. 2016; Korbar et al. 2019; Gowda et al. 2021; Yulin Wang et

al. 2021; Zhi et al. 2021; Buch et al. 2022] to guide their model through multi-

modal attention-like mechanisms [Ruohan Gao et al. 2020; Panda et al. 2021],

or employ recursive reinforcement learning techniques [Wu et al. 2019] to select

relevant parts of the videos. In temporal action detection, models are tasked with

precisely locating action boundaries. Most commonly used datasets [H. Zhao et al.

2019; L. Wang et al. 2014; Caba Heilbron et al. 2015] are dominated by custom

solutions or transformer architectures [J. Shao et al. 2023; C.-L. Zhang et al. 2022]

built upon strong features [Tran et al. 2018; Yi Wang et al. 2022; Carreira and
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Zisserman 2017; Tong et al. 2022; L. Wang et al. 2023].

Egocentric videos understanding: Extreme length and temporally sensitive

nature of the tasks introduced in EGO4D required researchers to think about

the problem of video-length on a di"erent scale [Grauman et al. 2022; Mavroudi

et al. 2023]. This has already yielded creative approaches to solve various chal-

lenges in the egocentric space [Tan et al. 2023; Jiang et al. 2023; G. Chen et al.

2022]. Also new and exciting benchmarks have been developed: for example the

recent EgoSchema dataset [Mangalam et al. 2023], a manually annotated subset

of EGO4D where each QA pair corresponds to a 3 minute-long video. A work

particularly relevant to ours is SpotEM [Ramakrishnan et al. 2023], a lightweight

sampling mechanism that makes use of low dimensional features in order to select

video segments important for solving natural-language query challenge . Though

impressive in performance, their method is limited to the type of embeddings used

for sampling, and is thus less general than our approach.

Video-language models and feature resampling: VLMs have revolutionised

the field of computer vision – the scale of the models and data they were trained

on increased exponentially in a short period of time [Alayrac et al. 2022; Zellers

et al. 2021; Jia et al. 2021a; J. Li et al. 2023b; Radford et al. 2021], some even

being jointly optimised for images and video [Alayrac et al. 2022; Kuo et al. 2023;

J. Li et al. 2023b]. The length of the videos these models can process often varies

– [Alayrac et al. 2022] can process up to 8 frames, [Kuo et al. 2023] can process

longer tubelets (at reduced receptive fields). None of these models can process

videos over 16 frames at full resolution outright.

Concurrent works on VLMs for video: Extending capabilities of VLMs

is a fast-paced area of research, and many works have appeared without being

published. [Yanwei Li et al. 2023] conducted an orthogonal study, exploring how

the embedding quality can reduce the amount of visual information necessary for

large LLMs. We on the other hand introduce a bottleneck module to increase the

amount of data processed without increasing complexity. [Maaz et al. 2023] focuses

on interactive aspects by improving the LLM pipeline. We keep the pipeline fixed

to seek improvements from the data. [Hang Zhang et al. 2023b] increases the

amount of information by introducing additional modalities which would be an

interesting next step for our work as well. Similar to us, [Song et al. 2023] aims
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to increase video length in a BLIP2 model, but they do so via a memory bank.

Combining a memory-augmented approach with reasoning over longer sequences

would be a promising future work. Techniques like FlashAttention [Dao et al.

2022] or RingAttention [H. Liu et al. 2023] also allow the context window of a

VLM to handle long sequences of frames but at the cost of significant growth in

inference speed. These techniques are complementary to our proposal and could

be integrated in the TCR to support even longer videos in the future.

Future directions: During the development of this work, plethora of large-

language models with increasingly longer context-length have been released [G.

Team 2024; R. Team et al. 2024]. These models allow for much more complex

‘chain-of-thought’ reasoning where models are asked first to identify key frames

or sequences, and then answer questions about these sequences in particular.

In fact, early pre-prints of such work have already been released as a proof-of-

concept [Thawakar et al. 2025]. Our work is analogous, even if it performs such

search “in software” rather than “in model”.

3.5 Conclusion

We present a parameter-e#cient, text-conditioned module and training method

for bridging video-to-text gap that can be applied to a large number of frames in

videos. Even though our model is entirely based on BLIP2 [J. Li et al. 2023b]

architecture, introducing it in other VLMs would be straightforward. We believe

that models capable of perceiving long video sequences such as TCR will open up

a promising new direction in research.
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3.6 Supplementary material

3.6.1 Further model details

Implementation details:

The model is implemented in FLAX [Heek et al. 2023], based on the scenic frame-

work [Dehghani et al. 2022]. We use BLIP2 ViT-g FlanT5xl as a starting point

and keep the vision and text models frozen. The number of trainable parameters is

about 1% of the total memory footprint. JAX allow us to avoid storing gradients

for non-trainable parameters, thus freeing up additional memory. Without train-

ing any part of the VLM, the model can process up to 124 frames during training

time per TPU.

Time tokenisation:

In order to make the model time aware, we add time tokens to text and video-

frames. We tokenise the time in half-second increments following an analogue

procedure from [T. Chen et al. 2021] with nbins = 2048. This means we can

tokenise up to 17 minutes of video with a precision of half a second. We use this

time format to express the temporal localisation of a segment in a longer video if

that information is required (for example in moment retrieval or when describing

a segment of the video). For each frame, we pass its timestep, tokenised as above,

through a single-layer MLP in order to obtain learnable temporal embeddings we

add to every frame.

3.6.2 Further training details

Section 2.2 of the main paper give the purpose of each training stage, and what

is done, while Table 1 in the main paper investigates the impact of each stage on

the downstream tasks. In this section, we first detail the pre-training stage and

illustrate di"erent tasks, then we give the fine-tuning details, and finally investigate

0-shot performance of multi-task trained models. All models are trained using the

AdamW optimizer with global norm clipping of 1. Training hyperparameters are

given in Table 3.7.
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Original caption:
[6] [8] You can see my Nikon camera is in here.

Task 1: captioning
[CPN] [6] [8] 

What happens from 6 to 8 second?

Legend
Conditioning prompt (to TCR)

Text prompt (to LLM)

Task 2: temporal grounding
[TRG] You can see my Nikon camera in here.

Reconstruct the following sentence: [MASK][MASK] 
You can see my Nikon camera in here.

Task 3: denoising
[CPN] [6] [8] 

a) [MASK][8] You can [MASK] is in here.
b) [6][8] You can see my [MASK].

1 2 3 4

5 6 7 8

Figure 3.5: Pre-training task examples with a condition sequence (TCR input)
and the context sequence (LLM input). [CPN] (captioning), [TRG] (temporal
grounding) are special tokens, and [6] is a sample of a tokenised timestamp. We
use [MASK] (masking) token to form LLM prompts where applicable as they
are integral part of T5’s training [Ra"el et al. 2020]. The model is tasked with
predicting a caption “You can see my Nikon camera is in here” which is happening
between 6th and 8th second of a video.

Pre-training

After initialisation, we pre-train the model using the three outlined tasks (caption-

ing, temporal grounding, denoising). Specifically, we define a dataset with each

task, assign it a weight (1.0, 0.5, 0.5 respectively), and then, following procedure

in [Alayrac et al. 2022], we accumulate gradients across each task with loss be-

ing weighted per-dataset. Loss weights were defined empirically and kept fixed

throughout. An illustration of dataset tasks can be seen in Figure 3.5.

Fine-tuning procedure

Due to a diversity in our downstream tasks, both in terms of the data type (e.g.

instructional videos, vs egocentric videos) and tasks for which we train special

tokens, devising a model that can follow specific dataset conventions or match a

particular answer format from noisy pre-training data is a challenging task. We
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Stage Dataset Batch size LR Epochs Warmup steps

Pre-training
YTT - captioning

256 1e-4 10 1kYTT - temporal grounding
YTT - denoising

Fine-tuning

MSR-VTT 128 1e-5 20 2k
NextQA 128 1e-5 40 2k
NextQA - short 64 5e-5 10 1k
EgoSchema 64 1e-5 20 1k
EgoLTA 64 1e-5 20 1k
Ego4D MQ 128 1e-5 10 500

Table 3.7: Pre-training and fine-tuning hyper-paramerters

found that fine-tuning the model alleviates these challenges and helps our model’s

performance. If heplful, we introduce a new special token for the task, and proceed

to fine tune the model on the downstream task specifically.

EgoSchema fine-tuning: EgoSchema [Mangalam et al. 2023] dataset does not

come with a dedicated training set. We use EGO4D narrations to fine-tune the

model as follows. We first identify video IDs from EGO4D that are also present

in EgoSchema benchmark and remove them. We also remove all videos where

narrations are tagged with an ‘#unsure’ tag. We then fine-tune the model with a

template “What does the templ do from start to end?” if narration is tagged with

‘#C’ or ‘#O’, or “What happens from start to end” if the narration is tagged with

‘#summary’. Fine-tuning hyper-parameters can be found in Table 3.7.

Zero-shot performance and multi-task fine-tuning.

Models such as Flamingo [Alayrac et al. 2022] can be ‘prompted’ to solve tasks

in a low-shot setting, thus making fine-tuning unnecessary. Flamingo, however, is

trained on much wider variety of datasets (mostly from an image domain, where

large datasets with less noisy supervision are available). Our model lacks this

pre-training and, additionally, faces a significant challenge in this setting, as the

number of output queries from TCR (128) is significantly higher than that of

Perciever Resampler (8) resulting in longer sequences. However, having a sin-

gle general model capable of solving multiple tasks is an appealing proposition.

Therefore, we present the results with and without fine-tuning in 0-shot and k-

shot setting in Table 3.8. First two rows use a model initialised and pre-trained

without any modifications. Second two rows show the performance of a single
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FT k-shot NextQA
(Acc)

Ego4D-LTA
(ActionED)

Ego4D-MQ
(avg mAP)

EgoSchema
(acc)

None 0 34.2 0.9354 19.88 14.5
2 37.3 / 21.75 19.0

Multitask 0 61.7 0.9199 21.74 28.7
2 64.1 / 23.01 30.9

Per task 0 73.5 0.8782 24.51 34.2
2 73.5 / 24.83 34.1

Table 3.8: Comparison of pre-trained vs fine-tuned model on the downstream
datasets in 0- and few-shot setting. Numbers reported in the main comparison are
fine-tuned per-task and evaluated in a 0-shot setting for consistency. Note that
for Ego4D-LTA task, we couldn’t fit the entire action sequence of a multi-shot
example due to the maximum sequence length of our LLM.

model (one set of weights) that is trained on all downstream datasets jointly with

equal weighting. In other words, after pre-training, we fine-tune the model jointly

on all downstream datasets for 20 epochs, accumulating the gradients over all

datasets with equal weight. Finally, in the last two rows, we present the results

of four fully fine-tuned models. As observed in models utilising large instruction-

tuned language models, our model performs better in a few-shot setting [Alayrac

et al. 2022]. As expected the improvement in fully fine-tuned models is minor since

models are already specialised for the specific task. We want to highlight how our

model with a single set of weights can perform well across di"erent tasks simply

with the addition of a few prompts for in context learning. In case even stronger

performance are needed, we can further improve by specialising the model for the

specific task/dataset, and we report these numbers in the main paper.

3.6.3 Study of standalone TCR architecture

In order to further validate our architecture choice, below we conduct a series

of experiments with various uses of TCR without the LLM. In section 3.6.3, we

run experiments with TCR simply acting as a “head” for a visual model. In this

case, the visual backbone is fixed and TCR is trained from scratch on a target

task without special tokens. In section 3.6.3, we initialise and pre-train TCR as

described in Section 2.2 of the main paper, and instead of connecting it to an LLM,

we fine-tune TCR with a two-layer MLP on top of it.
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Study of TCR’s sampling capabilities

Transformer decoder modules have been shown to perform well on action-detection

tasks [T. Han et al. 2022a], and several works showed they can cross-attend image

information with semantic information [Kamath et al. 2021; Korbar and Zisserman

2022a]. In this section, we seek to validate our architecture design on a set of sim-

plified tasks. Specifically we show that a) TCR can be trained independently to

sample relevant features for action classification, b) ‘select’ the frames correspond-

ing to the query action within a couple of videos, and finally c) perform semantic

tasks such as counting on actions. We conduct these experiments on various splits

of the Kinetics dataset [Kay et al. 2017; Dwibedi et al. 2020].

Sampling for action recognition: First, we train the model for action recogni-

tion. Most models average predictions over multiple uniformly-sampled frames or

short clips in order to obtain a video-level prediction [Tran et al. 2018]. Dedicated

samplers such as [Korbar et al. 2019; Zhi et al. 2021] have been trained to specifi-

cally sample relevant frames or clips. The goal of this experiment is to see whether

TCR can sample features in such a way to improve overall video-level accuracy.

In other words, given a 300 frames input video, can the model sample 32 frames

in such a way that classification performance is better than other naive bench-

marks. To do so, we extract frame-level features from the frozen ViT-g model,

add sinusoidal positional embeddings, and pass them to TCR as a key-value pair

to the cross attention layers. We “prompt” the model with 32 learnable queries,

each of which is processed through a 400-way classifier whose predictions are then

averaged to obtain the final prediction. This model is trained for 10 epochs on

Kinetics-400 dataset and compared to: linear classification of features from 32

random frames, self-attention pooling where the classification layer is done on a

learned CLS token, and on two top video clips sampled by SCSampler [Korbar

et al. 2019] (32 frames). TCR is able to outperform naive sampling methods and

bests standard attention-pooling approach, which means it can learn about rel-

ative importance of input features to the text prompt. It, however, cannot best

models which were trained with explicit saliency supervision such as SCSampler.

This experiment indicates that incorporation of explicit saliency supervision such

as in [Korbar et al. 2019; Zhi et al. 2021; S. Yu et al. 2023] is a promising direction

of further research. Results can be seen in Table 3.9.

73



Sampling method Accuracy ↓

random 74.3
Attention 75.2 (+0.9)
TCR (ours) 75.7 (+1.4)
SCSampler [Korbar et al. 2019] 77.8 (+3.4)

Table 3.9: Standalone TCR (without using a LLM): Linear classification of 32
frames sampled from the Kinetics400 [Kay et al. 2017] val set using various sam-
pling methods.

Text-conditioned sampling: Next, we want to verify whether the model can

“select” correct frames from a video given an action class prompt. To this end we

design an artificial experiment by stitching 128 frames of up to 8 kinetics videos,

and the task is to classify frames containing the prompt action as positive examples.

Only a single video of a query class can be present, it’s location within the video is

randomised, and the number of frames sampled from each video is random (from 1

to 64). We add position encoding (from 0 to 127) to each frame, and feed them to

TCR. For query input, we use the action prompt followed by 32 learnable queries.

After TCR, we pass each query through 128 one-vs-all binary classifiers, one for

each of the input frames. The classifiers are trained to predict the presence or

absence of the action at the corresponding input frame. At inference time, if the

confidence score for classifier j is higher than 0.5 we add to the predictions of query

k the frame j (note that each query can predict more than one frame). Finally

we consider the set of all predictions across all the queries and compare it to the

ground truth frame ids. If the frame ids of the frames corresponding to the action

prompt are contained in the predicted set we count that as a positive paring and

the rest as negative. We compare this TCR approach to simply training the per-

frame 400-way action classifier on top of ViT, and count the label as a positive if

the target class is predicted. We were able to achieve precision of 0.75 and recall

of 0.68, which is higher than simply classifying action label for each frame of the

video (0.70, 0.44).

Text-conditioned semantic processing: Finally, with minor addition, we

show that TCR architecture can be used as a counting mechanism as well due to

its potential to “look” and reason over every single frame. We consider the settings

of [Dwibedi et al. 2020], feed the video at full temporal resolution, and form the

query the same as in previous paragraph. We then concatenate the queries and

74



Method MAE ↗ OBO ↗

[Dwibedi et al. 2020] 0.36 0.30
TCR 0.33 0.28

Table 3.10: Standalone TCR (without using the LLM): Counting repetitions in
videos on the Countix [Dwibedi et al. 2020] dataset.

pass them through a TransRAC Period Predictor [H. Hu et al. 2022] to obtain the

final count. The TCR module and TransRAC predictor are trained on syntetic

data as descibed in [Dwibedi et al. 2020] for 24 epochs. Results outperform the

SOTA benchmark, as can be seen in Table 3.10.

TCR without LLM

In this section, we show that the pre-trained TCR module can be easily adapted

to solve discriminative tasks without the need for an LLM. The di"erence to the

previous section is the fact that TCR is initialised and pre-trained using the proce-

dure outlined in Section 2.2 of the main paper. For this set of experiments, we keep

the pre-trained visual encoder and TCR module frozen and train simple 2-layer

MLP adapters on top of them. For the EGO4D moment query task, we adapt

the alignment module from [T. Han et al. 2022a] which trains two linear layers

on top of TCR output with set-prediction loss consisting of two elements: one

predicting whether the sequences correspond to a given action and one regressing

the temporal span of the query. For the natural language query task, we adopt the

same training procedure as [A. Yang et al. 2022a] for spatiotemporal localisation

on top of TCR output. Results can be seen in Table 3.11. It is notable that,

without additional pre-training of the TCR module, the features it outputs can

be generalised well to tasks that benefit from video sampling. Our general pre-

trained architecture comes close to the specialised solution [J. Shao et al. 2023]

to the Moments Query challenge (→1.14 Avg.MAP), giving us future direction for

improving it for tasks of video retrieval. Similarly on the Natural Language Query

challenge, with only a small adapter trained for spatiotemporal localisation our

model challenges the state-of-the-art [Ramakrishnan et al. 2023] (→0.14 MR@1)

which has a sampler and detector head trained for this task specifically. We believe

that optimising VLMs for regressive tasks requiring high spatiotemporal resolution

will be an important future research direction.
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Method MQ NLQ

AVG MAP R@1 MR@1 MR@5

SpotEM [Ramakrishnan et al. 2023] / / 11.56 19.90
ASL [J. Shao et al. 2023] 27.85 46.98 / /
TCR 26.71 44.96 11.42 19.95
TCR w/ LLM 25.45 43.72 10.12 18.99

Table 3.11: Performance of TCR as a standalone module on discriminative down-
stream tasks. LLMs tend to struggle with regression tasks [T. Chen et al. 2021]
and while we present these numbers in the main paper due to their flexibility to
solve a wide variety of task, we also show that TCR can provide better perfor-
mance for these tasks using ad-hoc regression adapters and significantly narrowing
the gap with state of the art methods.
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CHAPTER 4. PERSONALISED CLIP OR: HOW TO FIND YOUR VACATION
VIDEOS

Chapter 4

Personalised CLIP or: how to

find your vacation videos

The paper has been accepted at BMVC 2022.

While Chapters 2 and 3 deal with technical building blocks of story-understanding,

the the following chapters deal with particular applications of personalisation that

make video- and story-understanding tasks “human centric”. In this chapter, we

focus on an accurate compound retrieval using identities (names and likeness) as

a part of the query. The resulting model is able to recognize actors in complex

scenes from their names alone without losing expressivity of a complex language

model. By learning a mapping from image to text, model is able to recognize

actors it hasn’t seen during training from a single query image.
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4.1. INTRODUCTION
CHAPTER 4. PERSONALISED CLIP OR: HOW TO FIND YOUR VACATION

VIDEOS

Personalised CLIP or: how to find your vacation
videos

Bruno Korbar Andrew Zisserman

Visual Geometry Group, University of Oxford

March 29, 2026

Abstract

In this paper, our goal is a person-centric model capable of retrieving

the image or video corresponding to a personalized compound query from

a large set of images or videos. Specifically, given a query consisting of an

image of a person’s face and a text scene description or action description,

we retrieve images or video-clips corresponding to this compound query. We

make three contributions: (1) we propose CLIP-PAD, a model that is able

to retrieve images/video given a personalized compound-query. We achieve

this by building on a pre-trained CLIP vision-text model that has compound,

but general, query capabilities, and provide a mechanism to personalize it

to the target person specified by their face; (2) we share a new Celebrities in

Action (CiA) dataset of movies with automatically generated annotations

for identities, locations, and actions that can be used for evaluation of the

compound-retrieval task; (3) we evaluate our model’s performance on two

datasets: Celebrities in Places for compound queries of a celebrity and a

scene description; and our new CiA for compound queries of a celebrity

and an action description. We demonstrate the flexibility of the model with

free-form queries and compare to previous methods.

4.1 Introduction

Suppose that you want to find the video of your vacation where you ran in a red

and white striped shirt in front of the Parthenon in Athens amongst all videos

on your phone. Or imagine that you cannot remember the name of the movie

78



where Ben Stiller runs on a boat. Or maybe you don’t even know Ben Stiller’s

name, but have seen him in another movie and can find his picture. On its own,

finding out if you (or Ben Stiller) are in the video or if the video contains a boat

or Parthenon (single-query) is a well-researched problem. Searching with multiple

(and potentially multi-modal) compounded queries in large databases, however,

is still a challenging and under-researched proposition. In this paper, we aim to

tackle this problem and deliver a model that is capable of precise retrieval for

compound queries looking for specific people in specific places or performing a

specific action.

Vision-language models such as CLIP [Radford et al. 2021] and ALIGN [Jia et al.

2021b] have transformed the performance of many visual-language tasks. These

models use a dual encoder and are trained on large-scale datasets [P. Sharma et al.

2018; Ng et al. 2021] using a contrastive loss. In particular, they can be used to

retrieve an image or video given a free-form text description. However, this freedom

of using a sentence to describe the sought visual content is also a limitation. How

can a query also include specific visual content such as a particular person (specified

by their face), or a particular object instance (specified by an image of it)? If the

model doesn’t have the notion of identity, how can it find a conceptual di"erence

between di"erent instances (“Brad Pitt” vs “George Clooney”)? In this work, we

propose a simple addition to the foundation models that would allow them to do

just that.

The key idea is to provide a mechanism to adapt a face image (that specifies the

identity) to ‘act as’ a text token that describes the identity within the query, as il-

lustrated in Fig. 4.1. We show that making the model identity-aware works remark-

ably well compared to a zero-shot model. It significantly improves the retrieval

performance on the Celebrities-in-Places (CiP) [Zhong et al. 2016a] compound-

query retrieval dataset. Furthermore, we show that we can use our personalised

model even in video scenarios. To this end, we annotate a human action movie

dataset with person-specific labels, which we call Celebrities in Action (CiA), and

evaluate performance compared to existing retrieval methods.

This person adaptive model, which we refer to as CLIP-PAD(Person ADaptive),

has applications in real-world video-retrieval applications, such as searching a video

archive for historical celebrities performing actions or in particular places. For
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CLIP
Text encoder

CLIP
Image encoder

MLP

Image of 
[TOK] 

entering the 
room.

SENet

[TOK]

Figure 4.1: An outline of the CLIP-PAD architecture, when it is queried by a
target face image (in this case of Michael Richards) and a sentence. Gray modules
(dark background) are pre-trained and frozen, whilst blue ones (light background)
are learned. The model correctly retrieves a video clip that matches the text
description (specified by the sentence) personalized to Michael Richards (specified
by his face).

example, it would enable a broadcaster such as the BBC or a stock company such

as Shutterstock to carry out a personalized compound query, using free-form text,

to search the archive on their visual content, without requiring any text annotation

of the archive. The scheme is clearly applicable also for seaching personal images

and videos.

In section 4.3 we outline the CLIP-PAD model, in particular the simple adaptor

mechanism for the CLIP model that allow us to retrieve images (and video) given

a personalized compound-query. In section 4.4 we describe the CiA dataset, a

new benchmark for video compound retrieval, and how it is generated. Finally, in

section 4.5 we demonstrate the high performance of the model against baselines on

both CiP and CiA under various di"erent retieval scenarios. In the supplementary

material, we additionally show a real-world retrieval example from various episodes

of the Seinfield TV Show.

4.2 Related work

Foundation video-text models. Ever since AlexNet [Krizhevsky et al. 2012b],

pre-trained models have been used to boost performance or bootstrap models on

downstream tasks [S. Ren et al. 2015]. Using video-to-text correspondence to

develop strong pre-trained models is not a novel phenomenon [Miech et al. 2019b;

Miech et al. 2020; Gabeur et al. 2020], however, recently the scale of training

data became so large that a new generation of pre-trained (sometimes also called

foundation) models was developed with the capacity of implicitly solving even the
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tasks they weren’t trained for explicitly (CLIP [Radford et al. 2021], ALIGN [Jia

et al. 2021b], BLIP [J. Li et al. 2022], FILIP [Yao et al. 2022], to name just a few).

Following these advances, we use CLIP as a backbone embedding for our model

and use a trainable-prompting paradigm to achieve our tasks.

Text-to-video retrieval. Video-text retrieval has long been a fruitful research

direction, with a plethora of datasets available [Hendricks et al. 2018; L. Zhou

et al. 2018; Lei et al. 2021a; Krishna et al. 2017; Rohrbach et al. 2017]. Due to

the processing costs, most models were traditionally developed on top of feature

“experts" [Croitoru et al. 2021; Yang Liu et al. 2019; Brown et al. 2020; Miech et

al. 2019b; Miech et al. 2018; Gabeur et al. 2020]. First, the features are extracted

from models that were pre-trained for a specific task (and often combined), and

then the retrieval model was trained. With the rise of large-scale models that

use video-to-text correspondence [Dong et al. 2019; Miech et al. 2019b; Miech

et al. 2020; Gabeur et al. 2020; Lei et al. 2021b; Dong et al. 2021], the focus

switched to direct similarity metrics between retrieval text queries and videos.

Foundation models dominate the video-text retrieval leader boards, even in the

zero-shot setting [Radford et al. 2021; Patrick et al. 2021; Hu Xu et al. 2021; Luo

et al. 2020; Bain et al. 2021; Bain et al. 2022]. This task is closely related to the

tasks of text-to-video-localization and (corpus) moment retrieval [Hao Zhang et al.

2021], for which various architectures have been proposed [S. Xiao et al. 2021; X.

Yang et al. 2021].

Compound (person-specific) query retrieval. Text-to-video retrieval is a no-

tably di"erent task to compound (person-specific) query retrieval as it requires

much less specificity. Traditional text-to-video retrieval datasets are often deper-

sonalized (e.g. in LSMDC, all names are substituted by “someone" [Rohrbach et al.

2017], so a query "Kramer enters the apartment", and "George enters the apart-

ment" would be indistinguishable). In the case of compound retrieval, the focus is

on specificity. Despite it being a common everyday task, very few datasets have

been released and we believe it is an under-explored task. We address this by

presenting a new dataset based on the existing Hollywood2 benchmark [Marsza$ek

et al. 2009] and High-Five human interaction dataset [Patron-Perez et al. 2010],

annotated with identities to enable compound-queries and responses.

CLIP and its shortcomings. CLIP is a dual-encoder foundation model intro-
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duced by [Radford et al. 2021]. The premise is rather simple, given an image

processed by a visual encoder and corresponding text processed by a text encoder

train the model contrastively (using symmetric contrastive loss), and train it on

an unprecedented scale (over 400M labeled images). Since its publication and re-

lease, CLIP models have been used in a myriad di"erent ways for a plethora of

tasks, often unrelated to their original training task [Radford et al. 2021; Hu Xu

et al. 2021; Luo et al. 2022; Narasimhan et al. 2021; Shen et al. 2022]. To harness

emerging properties of these models, CLIP-based models are used in a zero-shot

manner [Portillo-Quintero et al. 2021], simply by modifying the prompt to match

the desired output [Radford et al. 2021; Narasimhan et al. 2021]. If we wanted

to know if the image contains a bird or a dog, we’d simply feed an image and

two text prompts (“Image of a dog”, “Image of a bird”), and then find which

text prompt has higher similarity to the image. Other common ways of “adapting”

clip are via learning models on top of the visual embedding [Radford et al. 2021;

Shen et al. 2022; Luo et al. 2022], or via learnable prompting [Ju et al. 2021].

Despite the size and the variety of the training dataset CLIP is trained on, there

are some tasks that it is inherently less suited to – e.g. tasks containing actions.

This shortcoming is not surprising as the model is trained on images alone, and

as recent works have shown, adapting it to the video domain does take additional

ingenuity [Portillo-Quintero et al. 2021; Luo et al. 2022; Bain et al. 2021]. The

most prevalent approaches are training specific prompts to feed into the model [Ju

et al. 2021], augmenting the model architecture to accept di"erent embedding

types [Bain et al. 2021], or training aggregation models on top of it [Luo et al.

2022]. Our approach roughly falls amongst “learnable prompting" approaches.

4.3 Personalising CLIP: CLIP-PAD

To personalise CLIP, we adopt a prompt-learning method in order to adapt the

model for our task. We wish to use a free-form text query but adapted to the

specific target person. To achieve this we fine-tune the CLIP text encoder to

“recognise” the target person given a text query and a prompt starting from a

loose crop of the person’s face.
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Architecture overview. The architecture is illustrated in figure 4.1. The tar-

get face image is processed by a pre-trained face encoder, and passed through

a Multi-Layer Perception (MLP) to adapt the face encoding to the space of the

word encodings. The entire compound query is then encoded using the CLIP text

encoder. So, for example, to find an image of Tom Cruise running, the face image

would be of Tom Cruise, and the text query would be “An image of TOK run-

ning”, where TOK is the output of the MLP adaptor. Note, the only trainable

components of the architecture are the MLP adaptor, and in case of text-queries,

the CLIP Text encoder. All the other modules: ConvNet face encoder, and CLIP

image encoder are pre-trained and frozen. The details of each module are given in

the implementation details.

Dataset retrieval. In order to perform a text-to-image retrieval, embeddings

are generated for every image in the dataset using the CLIP image encoder. The

match for a given (compound) query is then obtained by finding the image repre-

sentation with the highest cosine similarity to the CLIP embedding of the query

text. Query text can be formed of text only (“An image of Tom Cruise running”),

text with a visual query (“An image of TOK running”), or a combination (“An

image of Tom Cruise TOK running”).

Training. We start from the pre-trained weights for CLIP [Radford et al. 2021],

and keep as many parameters fixed as possible, training only the MLP adapter and

the CLIP text encoder. The purpose of training the model is to make it identity-

aware. To achieve this, we train the MLP adaptor and the CLIP text encoder

to be able to discriminate amongst di"erent identities. To do so, we fine-tune

our model on a person-recognition dataset. During training, each batch contains

60% of queries containing the image token, 20% being names of celebrities as

strings, and the rest a combination of both. We found empirically that this ratio

yields the optimal performance in the general case where we might or might not

have a visual query. The model is trained using the symmetric contrastive loss

as proposed in [Radford et al. 2021] until it can perform the person-classification

task su#ciently well, with the criterion being di"erent for each evaluation dataset

as outlined in the implementation details.
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4.3.1 Implementation details

Model details. Our model starts from an unmodified pre-trained CLIP dual-

encoder architecture: the visual encoder is a ViT-B/32 transformer, and the text

encoder is a 3M-parameter 12-layer 512-wide model with 8 attention heads as

outlined in [Radford et al. 2021]. The face encoder is a SE-ResNet-50-128D model

pre-trained on the person dataset (from [Cao et al. 2018a]). It is a ResNet50 [K.

He et al. 2016] with Squeeze and Excitement (SE) layers [J. Hu et al. 2018] that

outputs 128-dimesional vector for each person. The output of the face encoder is

processed via a two-layer MLP, taking the dimension from 128 to 256 and 256 to

512 respectively with ReLu non-linearity. This 512 vector is then used as an input

embedding to a CLIP text encoder of the same dimension. This embedding is

then processed as if it was a standard input to a CLIP text encoder – i.e. position

embeddings are added following the protocol in [Radford et al. 2021] before it is

ingested by the encoder. Note that on the video data, we employ mean pooling

similarity calculator to aggregate visual embeddings from di"erent frames of the

video on top of the CLIP vision encoder as proposed in [Luo et al. 2022].

Training details. The training procedure and dataset depend on the target

dataset. In general, we would want as many known celebrities to be a part of

our model and thus ideally we would want to train it on a large VGGFace2 [Cao

et al. 2018a] dataset. This dataset however contains some of the test ‘unseen’ faces

from the Celebrities in Places (CiP) dataset, and having an embedding trained on

these images would yield an unfair comparison to the baseline [Zhong et al. 2016a].

Therefore, for evaluation on CiP, the model is trained on the loose crops of the

VGGFace dataset [Parkhi et al. 2015] – it being the same pre-training dataset used

by [Zhong et al. 2016a]. We choose to use loose crops (as opposed to traditionally

used tight crops) to minimise the domain gap to the target images that will often

show entire body as we are not concerned by a potential impact on the overall

person-classification task.

The model is trained for 10 epochs, evaluating it on a held-out validation set from

VGGFace2 at the end of every epoch. We early stop the model if it achieves 85%

or 95% accuracy on validation when trained on VGGFace and VGGFace2 datasets

respectively.
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For CiA, we train the model on loose crops of VGGFace2 [Cao et al. 2018a] fol-

lowing the same procedure as above. We additionally fine-tune it for 5 epochs on

the training movies of CiA, to account for the fact that CLIP might not have been

trained with action classes in mind and that actors might not be present in the

VGGFace2 dataset. We keep the ratio of the person queries constant during the

fine-tuning process.

The hyper-parameters and training ratios of queries were found via a linear search

based on model performance on the CiP held-out validation set. The optimal

parameters were selected based on maximum average performance when using

text queries, text+image queries, or image only queries. We then use the same

hyper-parameters for all other datasets.

4.4 Celebrities in Action Dataset

In this section we describe how we annotate the Hollywood 2.0 dataset for person-

centric retrieval. The Hollywood 2.0 dataset consists of 12 classes of human actions

and 10 classes of scenes distributed over 3669 video clips from 69 movies (33

training, 36 testing) [Marsza$ek et al. 2009]. Examples of actions include ‘eating’

and ‘running’, whilst the scenes include the ‘o#ce’, ‘shop’, and ‘car’. Test sets for

both actions and scenes have been manually cleaned, whilst the training set has

been annotated automatically and has inherent noise (upon manual inspection

of randomly selected 50 clips, 2 were unclear). To better evaluate classes with

human interactions, we also include 172 clips from the High-Five human interaction

dataset [Patron-Perez et al. 2010] which has collaborative actions such as ‘hugging’,

‘kissing’ and ‘giving a high five’. The limitation for person-centric queries is that

although the clips are labelled with the actions performed, the person performing

the action is not labelled.

In order to form the Celebrities in Action (CiA) dataset 1, we automatically an-

notate the clips with the person performing the action. To achieve this we use

the automatic video annotator by Brown et al. [Brown et al. 2021b]. In brief, this

method uses the IMDB cast list from the movie to obtain face images for each

actor in order to classify their occurrences. On the video side, faces are detected
1https://www.robots.ox.ac.uk/ vgg/research/celebrities-in-action/
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split clips % in
VGGFace2

person
(per clip)

actions
(per actor)

scenes
(per actor)

train 1308 23.6 2.5 4.1 3.1
val 328 23.6 3.1 4.6 2.9
test 1052 38.2 2.0 3.9 3.1

Table 4.1: CiA stats. We report the total number of clips in every split, percent-
age of annotated celebrities in the split clips that are present in the fine-tuning
VGGFace2 dataset [Cao et al. 2018a]. Furthermore, we show how many people
are on average present in each video clip, and we try to find if a given actor on
average performs di"erent actions or appears in multiple scenes in the data.

and tracked in each clip, and then an identity is associated with the face track if

it is classified as one of the known actors from that film. In the case of multiple

actors getting annotated (in 47% of video clips), we select the most confident one

as our final annotation. This can potentially cause incorrect or ambiguous exam-

ples as seen in the last two columns of figure 4.2. We do not address this issue as

ambiguous or incorrect labels are rare. We manually verify the label correctness

on a randomly selected 100 clips from the test set and find the actor annotations

to be correct for 97 of them (i.e. annotated actors are visible in the video clip). We

separate the training set into the training, and held-out validation set (for model

development) – not according to movies but rather, according to the clips in the

training data. We only use the training data to fine-tune CLIP for better action

performance.

To form queries from the data, we form template sentences in three ways: 1)

“{celebrity} is doing {action}”, 2) “{celebrity} in {place}”, and 3) “{celebrity}

in {place} doing {action}”. For the “{celebrity}” token, we consider both text,

image, and a combination.

Statistics of the dataset can be found in Table 4.1, and some example from the

annotated dataset are given in Figure 4.2.
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Will Smith hugging in the 
office

James Stuart eating in 
the room

Kevin Spacey driving a 
car in the car

James Stewart asnwering 
a phone in the living room

Will Smith handshaking 
in the office

Edward Norton eating in 
the kitchen

Tom Hanks running in 
the street

John Rhys-Davies 
driving a car in the car

Jim Carrey kissing in 
the kitchen

Frances McDormand 
driving a car in the car

Correct Ambiguous Incorrect

Figure 4.2: Examples of correctly labeled, ambiguous, and incorrectly labeled (all
regarding the person annotation) from CiA.

4.5 Experiments

In this section we evaluate the CLIP-PAD model for two person-centric retrieval

tasks using compound queries. The first is ‘a person in a place’, and for this we

evaluate on the existing Celebrities in Places benchmark dataset where images are

annotated with both the celebrity and the place. The second task is ‘a person

doing something’, and for this we evaluate on the ‘Celebrities in Action’ dataset

described in section 4.4.

Since CLIP has been trained on millions of images, it is likely that it will have

seen examples of some of the celebrites labelled with their identity. However, the

long-tailed nature of the “celebrity" classes makes it unlikely that the model would

have seen all or even most of them. Similarly, is likely that CLIP has seen all the

classes of places in the Celebrities in Places dataset. For this reason we include

zero-shot baselines where we simply evaluate the retrieval performance given the

celebrity’s name. For example, for the ‘Celebrities in Places’ dataset we evaluate

both for the celebrity alone with queries such as “An image of Tom Hanks”, as

well as for celebrities in a place with queries such as “An image of Tom Hanks in

the supermarket”.

4.5.1 Celebrities in Places

Celebrities in places (CiP) is an established benchmark for a person-centric com-

pound retrieval. Its test set contains 15.1k images with 2.3k celebrities in 16

places. This dataset contains a wide variety of celebrities from the VGGFace
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Query (# targets)

Ben Stiller on the beach
(6)

Emma Watson in the 
ice skating rink

(5)

Lady Gaga at the 
airport

(1)

T-Pain on the boat
(2)

Retrieval rank

1 2 3 4 5 R@1 / R@5

16.7 / 66.7

20.0 / 60.0

100.0 / 100.0

50 / 100

Figure 4.3: Qualitative retrieval examples for various queries on CiP [Zhong et al.
2016a] dataset sorted by retrieval rank. A green boarder indicate the correctly
retrieved class, and a red one indicates an incorrect one.

dataset (‘seen’ – 0.6k), and some that were not included in VGGFace (‘unseen’ –

1.7k). Places include visually di"erent scenarios such as the ‘beach’, the ‘stage’,

and the ‘golf course’ to name a few. Note that the dataset is not class-balanced,

so the most common place (‘stage’) has over 2k examples, while the least common

place (‘desert’) has only 102 examples. Similarly, the most common celebrity is

present in over 60 images, whilst the least common ones are present in only 1.

The model is evaluated by forming a query such as ‘Celebrity in place’ (where the

provided queries cover only a subset of the 2.3k celebrities: 792 unseen and 223

seen), and ‘place’ is 1 of 16 possible places, and retrieving the correct example

amongst 15.1k annotated images, and an additional annotated distractor-images

provided sampled from other datasets (36k images in total for the annotated test

set and distractors).

In table 4.2a, we first compare the performance of our model to other baselines

on non-compound queries. For example, we would query our model with ‘Image

of John Wayne’ for a face retrieval, or ‘Image of the golf course’ for the

place retrieval. We compare our model to the compound query retrieval baseline

by [Zhong et al. 2016a] which employs two separate ConvNets to extract face and

place embedding respectively and trains a joint embedding used for retrieval with

a multiclass hinge loss. We also compare our model to a zero-shot CLIP [Radford

et al. 2021] model evaluated in the same way as our model with the txt query.
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We can observe that the original CLIP model can very accurately retrieve places

without fine-tuning, however, it lacks the capability of retrieving people with high

precision. The di"erence in performance between the seen and unseen classes

is negligible. This is likely explained by the fact that CLIP’s visual descriptor

is highly discriminative ‘as-is’ and is likely to have seen some of the celebrities

belonging to the ‘unseen’ set. Lastly, we can see that personalising our CLIP text

encoder doesn’t impact the performance of the retrieval for ‘places’ (→1.6mAP)

while it dramatically improves the performance on the face-retrieval (+22.0mAP).

In table 4.2b we compare the compound-query retrieval performance. As we did

not observe large di"erence between the ‘seen’ and ‘unseen’ faces, we average

the results weighted by the number of queries. The personalised model performs

significantly better than both baseline results [Zhong et al. 2016a] and zero-shot

CLIP [Radford et al. 2021]. Qualitative examples can be found in figure 4.2.

Method mAP
(face:unseen)

mAP
(face:seen)

mAP
(places)

[Zhong et al. 2016a] 74.1 73.7 51.1
CLIP [Radford et al. 2021] 60.1 59.1 83.1

text 82.1 82.0 81.5
img 84.0 83.7 –
text+img 86.7 86.6 –

(a) Baselines results for retrieving non-compound query-classes of the CiP dataset as
compared to our model (bottom section) with di!erent person prompts.

Method mAP R@5

[Zhong et al. 2016a] 63.4 82.2
CLIP [Radford et al. 2021] 60.6 79.5

text 79.5 94.5
img 77.7 93.0
text+img 79.5 94.5

(b) Compound-retrieval results on the CiP dataset. Note that we average results on
seen/unseen faces.

4.5.2 Celebrities in Action

We first evaluate three zero-shot baselines in Table 4.3; we measure if the model

can solve actor classification, action classification and scene classification on the

training set in a zero-shot setting. If the task is to classify an actor, we follow the

original CLIP zero-shot protocol [Radford et al. 2021] and for a given video-clip we
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compute similarities to text queries using the actor names as classes (e.g. “Image

of Tom Cruise”) and pick the most similar one as a predicted class. Classification

for actions and scenes is done in an analogous way. Note again, that a zero-shot

CLIP model can classify both action and scene with a very high degree of accuracy,

however where it fails is the classification of the actor. Our model alleviates this

issue to a large extent. Furthermore, we see a notable improvement in classification

accuracy (6.2%) when querying our model with images. This is likely due to the

fact that only a small proportion of faces can be found in VGGFace2 dataset (see

Table 4.1), thus the additional information does help significantly.

Method Actor classification Action classification Scene classification
Random 0.7 8.3 10
CLIP [Radford et al. 2021] 9.1 73.1 91.6

CLIP-PAD-text 26.5 75.7 91.6
CLIP-PAD-img 32.7 – –
CLIP-PAD-text+image 33.8 75.7 91.6

Table 4.3: Baseline zero-shot classification results on CiA can be found in the top
section. Ours are in the bottom section, with modalities used as a query appended.
Results are given in % accuracy.

In order to compare our results with a more-traditional retrieval models, we com-

pare them to two modern baselines: a mixture of experts model [Yang Liu et al.

2019], and CLIP in a zero-shot setting using the straight-CLIP protocol [Rad-

ford et al. 2021; Portillo-Quintero et al. 2021]. We report recall at ranks 1 and

5 (R@1, R@5). The results can be seen in the table 4.4. Two things stand out

immediately: First is the discrepancy between the ‘action’ and ‘place’ retrieval of

zero-shot CLIP: even on ‘simple’ action classes, it does demonstrably worse when

compared to the compound retrieval on ‘places’, which it recognises well. Second

is the performance increase coming from our personalised model when compared

to zero-shot CLIP. Note that the baseline models cannot query the model by using

multi-modal queries. To overcome this limitation, we present a two-stage baseline

in the supplementary material.

4.5.3 Real-world retrieval example

In order to present a real-world example of personalised retrieval, we apply our

model on the entire Season two of the Seinfeld TV show. We want to see how many
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Method person query action place action + place

text rgb R@1 R@5 R@1 R@5 R@1 R@5

CE [Yang Liu et al. 2019] ↭ * 35.3 65.1 36.7 65.3 32.1 62.5
CLIP [Radford et al. 2021] ↭ 42.4 73.5 58.2 78.1 39.9 72.0

CLIP-PAD ↭ 62.1 81.3 67.8 87.0 64.2 81.1
CLIP-PAD ↭ 64.5 83.7 68.2 87.3 64.9 81.8
CLIP-PAD ↭ ↭ 65.0 85.4 71.5 88.6 66.3 82.7

Table 4.4: Retrieval results on CiA with celebrities doing ‘action’, in ‘place’, or
combined respectively. Our model’s results are presented in the lower part of the
table. ‘query’ column refers to the modality of the person-query used. CLIP has
not been fine-tuned or modified in any way, and we train the CE model on the
training set with experts and parameters given in the supplementary. ‘*’ denotes
that while CE does not use face embedding as a query, to make the comparison
as fair as possible we include the face query embedding as an additional ‘expert’
input to the model.

occurrences of “Michael Richards entering the room” we can correctly retrieve from

a total of 483 video clips. By our count, Richards is portrayed entering the room

26 times in the season. 21 of these were correctly retrieved in the top-25. The

top-25 retrieved clips are presented in Fig. 4.4.

For more information about the clip extraction process, as well as expanded results

with di"erent models and in a di"erent clip extraction regime, we refer the reader

to supplementary material.

Figure 4.4: Center frames of top-25 retrieved clips from Seinfield Season 2, sorted
from left to right and from top to bottom (top left is rank 1, bottom right is rank
25). Correctly retrieved examples have a green border, whilst incorrectly retrieved
examples have a red border. Figure best seen in colour.
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4.6 Conclusion

We have shown how CLIP can be modifed for person-centric retrieval using a face

image as a form of prompt engineering for a free-form text query. The retrieval

performance has been demonstrated on public datasets for celebrities. However,

the same method could be applied to search personal image and video collections in

order to find images of your father, say, in a particular place or doing a particular

action.

More generally, this idea of prompt engineering using an image can be extended

beyond faces to a particular instances of objects, for example a particular building

or a particular car. The prompt does not necessarily have to be an image either –

we could equally prompt the model using other modalities such as audio in order

to add instance recognition in text-to-audio retrieval [Oncescu et al. 2021].
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4.7 Supplementary material

4.7.1 Visual queries for unknown faces

The results show that our model performs well, even for the faces it hasn’t necessar-

ily seen during training time. In this section, we clarify the relationships between

di"erent training datasets and give examples of succesful (and unsuccessful) re-

trieved and classified examples for both the Celebrities in Places (CiP) [Zhong

et al. 2016a] and Celebrities in Action (CiA) dataset.

CiP

Celebrities in Places contains images for celebrities from the VGGFace dataset [Parkhi

et al. 2015] (noted as seen in [Zhong et al. 2016a], as the backbone CNN is trained

on VGGFace), and celebrities from other popular face recognition datasets (un-

seen). The retrieval network in [Zhong et al. 2016a] is also trained on a synthetic

dataset for scene retrieval, and might have seen the unseen face there, but the face

has not been explicitly labeled. A particularly curious aspect of their model is the

fact that the network does better in faces-only retrieval on unseen categories than

on the seen ones. This has been attributed in [Zhong et al. 2016a] to a much more

discriminative face descriptor that is obtained during their training.

We similarly train our model on VGGFace, but we omit training on the synthetic

dataset, as CLIP [Radford et al. 2021] has good zero-shot performance on scene

retrieval as-is (see table 2 in the main body of the paper). Unlike [Zhong et al.

2016a], who initialise their retrieval model randomly, the CLIP model has seen

400M images, and quite likely some celebrities from the unseen faces too. We

show examples of unseen faces that our model can retrieve correctly (recall@5),

and some it cannot in figure 4.5

CiA

Similarly, only around 37% of annotated cast members from the test set are present

in VGGFace2 [Cao et al. 2018a], and this increases to 76% when the faces in the

CiA training set are included. Thus the network should not have seen around

24% of the test set celebrities during training. We show classification results from

table 4 in the main body, broken down by ‘seen’ (103) and ‘unseen’ (32) celebrity
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Query Tgt. Frame Rank Tgt. Frame
Correct

Aamir Khan in the kitchen 3

Adam Driver in the desert 5

Sophie Turner in the banquet 3
Incorrect

Andrea Pirlo in the kitchen 24

Goran Visnjic in the supermarket 13

Zoe Levin in the co"ee shop 7

Figure 4.5: An example of correctly (within top-5) and incorrectly retrieved exam-
ples from the CiP dataset [Zhong et al. 2016a], where the person was not explicitly
seen during training. For each example, we provide a rank at which they were re-
trieved.

categories in table 4.5.

The main takeaway from this table is the fact that unseen faces benefit dispropor-

tionately from the addition of the visual query.
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Model Seen Unseen
random 0.9 3.1
text 31.3 11.1
img 35.8 22.7
text + img 36.7 24.4

Table 4.5: Performance of our model for person classification on the CiA dataset
test set, evaluated on classes that have been seen or unseen during training (not
accounting for CLIP [Radford et al. 2021] pre-training). Numbers are given in %
accuracy.

4.7.2 Real world retrieval example

In order to present a real-world example of personalised retrieval, we apply our

model on the entire Season two of the Seinfeld TV show. We want to see how many

occurrences of “Michael Richards entering the room” we can correctly retrieve.

Specifically, we form our query with the above text and a single randomly selected

query image from the top-100 Google face images. See Fig. 1 of the main paper

for illustration.

From each episode, we extract two 2 second long video clips each minute (16 frames

per clip at 8fps, at : 00 and : 30 timestamp of each minute). For ground truth,

the authors watched the Season, noting all occurrences satisfying the query. If an

occurrence happens outside of the given time frames, we added additional video

clip extracted with the same settings to the pool of clips. For 11 episodes, we

extracted a total of 483 video clips. By our count, Richards is portrayed entering

the room 26 times.

The performance of the model can be viewed in Table 4.6. Note that Michael

Richards (the actor in the role of Kramer) has not been seen during training of

the model which is not fine-tuned as he is not included in VGGFace or VGGFace2

datasets, however we are still able to localise him in 16 out of top-25 retrieved

example.

But what if we had more clips? We try to push this setup by extracting 4

two-second video clips for each minute at the same frame rate as above (at :00,

:15, :30 and :45 timestamps of each minute). This yields 994 total clips. Bear in

mind that in this scenario, determining positive examples becomes a challenge; for

example, authors note that Kramer enters the room at 7:17 in episode 9, however

95



one could argue that he’s barley visible in the doors at 7:16. Would that count as

a positive example, even if we were not exceptionally precise about it? With that

in mind, our results in this scenario still show promise. In the top-50 examples,

we retrieve 15 out of 26 positives, with additional 6 clips that could be considered

a close-positive.

Figure 4.6: Center frames of top-25 retrieved clips from Seinfield Season 2 with
the best model fine-tuned on Seinfeld cast. Frames are sorted from left to right
and from top to bottom (top left is rank 1, bottom right is rank 25). Correctly
retrieved examples have a green border, whilst incorrectly retrieved examples have
a red border. Best viewed in colour.

26 27

31 33

42

Figure 4.7: Center frames of examples retrieved outside the top-25 with a corre-
sponding rank to the left of the frame. Note that all of these examples feature
Richards’ character in the background, totally obscured or potentially out of con-
text.

What if the model sees the characters? Only one of the Seinfeld characters

from Season two is present in either of the training sets we fine tune the CiA model

on. To improve our chances, we additionally fine tune the model with images

containing Seinfeld characters scraped from Google images (500 per character)

with a fixed learning rate of 2e → 5 for 3 epochs. This method unsurprisingly
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Fine-tuned 2 clips per min 4 clips per min
(c)2-7 R@25 R@50 last rank R@25 R@50 last rank
no 0.61 0.92 53 0.46 0.58 113
yes 0.84 1.0 42 0.72 0.88 72

Table 4.6: Quantified retrieval results from our Seinfeld experiment. Note that
the model without fine-tuning has not seen Michael Richards as a character during
training for person-awareness.

yields the best results as seen in table 4.6. The center frame of the top 25 retrieved

results can be seen in figure 4.6, while the examples missed in the top-25 and their

corresponding rank can be seen in figure 4.7. In the top-25 retrieved examples we

count 21 occurrences of Richards entering the room, and all were retrieved in the

top 50.
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4.7.3 Celebrities in Action

In this section, we go more in-depth about our Celebrities in Action (CiA) dataset.

We present further data-collection details, show the most common failure cases,

and propose further improvements. We show several annotated examples in an

external HTML gallery attached.

4.7.4 Data collection and annotation

To recap, we automatically annotate the video clips from the Hollywood2 [Marsza-

$ek et al. 2009] and High-Five [Patron-Perez et al. 2010] datasets with the person

performing the action using the automatic video annotator by Brown et al. [Brown

et al. 2021b].

We scrape 200 images for every cast member automatically found using the IMDB

cast list to obtain a common face embedding for each cast member. Faces are then

detected and tracked in each clip at 5 frames-per-second, and then an identity is

associated with the face track if it is classified as one of the known actors from

that film.

In the case where multiple face tracks with di"erent identities are detected in the

scene, we select the one the model is most confident in. Given that the number

of training images for person classification is completely balanced, we argue that

high confidence for a face track would signify the most dominant (or the clearest)

face within the video clip.

If a face-track is not found, we discard the clip. For the test set only, if the face-

track is not classified with high confidence (over 0.5), we discard that clip from

our consideration. In total, we discard 153 video clips from the dataset.

We manually verify the label correctness on a randomly selected 100 clips from the

test set and find the actor annotations to be correct for 97 of them (i.e. annotated

actors are visible in the video clip and are performing an action class associated

with the video clip).

For clips taken from the High-Five dataset, we additionally annotate them with

a high-level place attribute from a ResNet-18 [K. He et al. 2016] pre-trained on

Places365 [B. Zhou et al. 2017] dataset and manually verify correctness.
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We separate the Hollywood2 training set into the training and held-out validation

set (for model development) – not according to films but rather according to the

clips in the training data. The Hollywood2 test set remains intact, other than clips

discarded as noted above. All clips from the High-Five dataset are added to the

test set.

Note that not all video clips contain annotations for ‘action’ and ‘scene’. In total,

there are 884 clips in our test set annotated with an actor and an action, 576 of

them have a scene annotation attached. In total, the dataset contains 135 actor

classes, 12 action classes and 10 scene classes. When results are reported, we

only report results on the appropriate set of clips: e.g. when reporting results on

‘scene’ or ‘action + scene’ retrieval, we retrieve the examples from the appropriate

clip-set.

Annotation failure cases

As our dataset is largely automatically annotated, we naturally observe some label

noise. In this section, we discuss the Hollywood2 dataset noise and the three most

common failure cases. In the last paragraph, we propose di"erent ways to improve

the dataset in the future.

1. Innate scene annotation dataset noise. Parts of Hollywood2 are au-

tomatically annotated, which inherently introduces noise into the dataset. The

scene settings are potentially overlapping (would a driveway be considered house-

exterior, road, or both?), how to distinguish a hotel room or a bedroom? Would

a 12-year-old scene classifier be able to correctly distinguish between them? We

find that for the test set, where data has been manually cleaned, these concerns

are minimal. If an example is confusing, a scene category is not assigned to it. We

do have to acknowledge the noise in the training data, however, in the main body

of the paper we show that CLIP-PAD performs well despite the noise.

2. The wrong actor was annotated. On average, there is more than one

(annotated) actor in each video clip, however, for a final annotation, we only select

the most confident one. This may naturally lead to erroneous cases as the best-seen

actor might not necessarily perform an action corresponding to the annotation for

that video clip (e.g. figure from the main paper). Furthermore, more “famous”
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actors might also have higher quality images available on Google images, hence

leading to better training data for the automatic annotation algorithm. In the

example above, Kevin Spacey is both the more famous, and clearer of the two

actors in the scene, hence this issue is clearly prominent.

In our preliminary quality control, these issues are rare (2 in 100) due to a strong

prior that the actor performing the action is the better seen and/or more famous

of the actors in the scene.

3. Ambiguous annotation. Hollywood2 dataset contains multiple actions that

require interaction [Marsza$ek et al. 2009]: hugging, kissing, handshaking and

fighting. For all of these, there can be more than a single correct answer. For

example in “Bruce Almighty”, Jim Carrey is hugging Jennifer Aniston – whilst

both actors are technically correct, only the first one would be accepted as correct.

In our preliminary quality control, we found this to be a common occurrence (16

out of 100),

4. Low recognition confidence and false positives. On average, the named

cast of a film contains >200 people, but we only have a limited number of clips and

people from each film represented in our data. We go through an e"ort of manually

annotating each video clip with the name of the film it belongs to. In this way, the

automatic face annotator only has to choose between the cast of that particular

film, but our classification accuracy is still low. In the HTML example gallery, the

name is associated with the generated video if the recognition confidence is higher

than 0.9, and these clips are relatively rare. We observe that only 195 clips (out

of over 1500) are annotated with such high confidence.

This means that whilst being mostly correct, our model is not fully confident in

its predictions. In “It’s a Wonderful Life” for examples, more than one actor in 3

clips is annotated as ‘James Stewart’, none with high confidence. In the sample

gallery the reader can see that whilst our predictions are correct, confidence is not

necessarily high. This is often due to the domain di"erence between the images

sourced from Google Image Search and the character’s appearance in the film.

Although we do not find this issue to be concerning (as we only select the most

confident annotation which we find correct in 99 out of 100 clips we’ve looked at
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manually), improvement in recognition confidence would aid our dataset overall.

Future improvements. We argue that even in the initial release, CiA presents a

thorough benchmark for compound retrieval of actions on video. There are future

improvements that could reduce the noise and further address the failure cases

above. The optimal way of addressing these issues would be manual annotation

which is an expensive and time-consuming solution.

One option would be the classification of scenes in automatically annotated and

not annotated video clips using a modern scene classifier. This would potentially

introduce additional categories to the data, but it would increase the variety of

the dataset. It would also require additional rounds of manual annotations to keep

the test set completely noise-free.

We could also optimise the video auto-annotator [Brown et al. 2021b] for our

films. The results can be improved by manually cleaning the automatically-scraped

Google images, or by running multiple iterative rounds of automated annotations.

Specifically, we could discard all cast members that we know are not in the selected

clips, gather additional data on those that are, and re-annotate the lot until the

annotations (and their confidence) change no more. This would hopefully reduce

the number of false positives and low-confidence classifications.

Even without the potential improvements, we believe our dataset is already a

formidable benchmark for various compound retrieval scenarios.

4.7.5 Additional experiments

Bellow, we expand on the existing experiments.

4.7.6 Further benchmarks on CiA

Despite the existing benchmarks, compound image retrieval is a fairly unexplored

task. Similarly, our method is the first one disambiguate between the more “tra-

ditional” text-to-video retrieval and our proposed task of compound query video

retrieval.

Furthermore, most video-retrieval methods that we are aware of encode video

and text in separate streams or do not allow querying with a multi-modal query.
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Method Text Image R@1 R@5
CE [Yang Liu et al. 2019] ↭ 32.1 62.5
DE [Dong et al. 2019] ↭ 35.1 66.2
CLIP [Radford et al. 2021] (0-shot) ↭ 39.9 72.0
CE [Yang Liu et al. 2019]* ↭ ↭ 39.1 71.5
DE [Dong et al. 2019]* ↭ ↭ 39.9 71.8
CLIP-PAD* ↭ ↭ 57.8 78.1
CLIP-PAD ↭ ↭ 66.3 82.7

Table 4.7: Additional results on our CiA dataset. [Dong et al. 2019] and [Yang Liu
et al. 2019] have been finetuned using default parameters. [Dong et al. 2019] does
not have a dedicated face embedding module which might impact its performance
negatively. Models using only text e"ectively perform text-to-video retrieval, while
models using text and image combine a visual query (an image of the actor) with
the text query – see last paragraph in sec. 4 of the main paper for details on query
formation). Note that models marked with “*” use the two-stage querying process
as described in text.

However, we apply two modern retrieval methods [Yang Liu et al. 2019; Dong et al.

2019] for which code is available, and compare it further to our model. Specifically,

we compare the performance for the ‘action + place’ metric on the CiA dataset

using uni-modal and multi-modal queries as outline below. To retrieve the correct

clip based on a text query only, we feed in the textual query in a form “person

doing action” (where person and action are defined in the data) to each method’s

respective text encoder and use that to find the most similar video clip. As these

models are not capable of multi-modal retrieval, when using the combination of

text and image, methods marked with ‘*’ in Table 4.7 are using a two-stage process.

In the first stage, we rank the clips according to the similarity to the textual query

and the similarity to the visual query (image of the target actor, processed by the

visual encoder provided by the respective methods). In the second stage, we take

the intersection of the two ranked lists by considering the top n elements of each

list, where n >= k, until k common elements are found. In order to make the

comparison fairer (as our model is capable of using multi-modal queries), we also

apply our model in the same fashion and denote the result as ‘CLIP-PAD*’. Note

that (a) there is a clear benefit of a compound query compared to the intersection

of ranked lists, and (b) our multi-modal method outperforms all others still.
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Method High five Hollywood 2 CiA
high-fiving

(40)
hugging

(48)
kissing

(43)
kissing
(103)

get out of car
(57)

drive car
(102) all classes

CLIP 49.1 47.5 54.9 55.1 81.8 85.0 73.1
CLIP-PAD 57.3 55.6 59.4 59.9 83.0 85.3 75.7

Table 4.8: Breakdown of action classification performance per-class for select
classes. For evaluation, we follow the same protocol as in Table 4 of the main
body of the paper, using only text as a query.

4.7.7 Looking closer at action classification

We notice that some action classes can be recognised with significantly less accu-

racy than others. As we can see in table 4.8, examples coming from the High-five

dataset tend to score lower on that particular benchmark. We note that the

number of examples is not as indicative of a performance nor is there a major dis-

tribution shift between the datasets (for example, ‘kissing’ has equal performance

for examples coming from High-five and examples coming from Hollywood2).
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CHAPTER 5. PERSONALIZING RETRIEVAL USING JOINT EMBEDDINGS; OR
"THE RETURN OF FLUFFY"

Chapter 5

Personalizing Retrieval using

Joint Embeddings; or "the Return

of Flu!y"

The paper has been accepted at CBMI2025.

In Chapter 4, we personalise the text model to recognize people and identities. In

this chapter, we extend this work in two meaningful ways. First, from a technical

perspective, we keep the text model untrained. This further reduces the degrada-

tion of semantic expressivity in Chapter 4. Second, from a practical perspective,

the model is now able to embed any arbitrary concept (such as ‘author’s phone’,

‘supervisor’s car’) as opposed to names only.
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5.1. INTRODUCTION
CHAPTER 5. PERSONALIZING RETRIEVAL USING JOINT EMBEDDINGS; OR

"THE RETURN OF FLUFFY"

Personalizing Retrieval using Joint Embeddings;
or "the Return of Flu!y"

Bruno Korbar Andrew Zisserman

Visual Geometry Group, University of Oxford

March 29, 2026

Abstract

The goal of this paper is to be able to retrieve images using a compound

query that combines object instance information from an image, with a

natural text description of what that object is doing or where it is. For

example, to retrieve an image of ‘Flu!y the unicorn (specified by an image)

on someone’s head’. To achieve this we design a mapping network that can

‘translate’ from a local image embedding (of the object instance) to a text

token, such that the combination of the token and a natural language query

is suitable for CLIP style text encoding, and image retrieval. Generating a

text token in this manner involves a simple training procedure, that only

needs to be performed once for each object instance. We show that our

approach of using a trainable mapping network, termed ω-map, together

with frozen CLIP text and image encoders improves on the state-of-the-

art for three standard retrieval benchmarks designed to assess personalized

retrieval.

5.1 Introduction

Large-scale pre-trained vision-language models (VLMs) alleviated the need for

training task-specific models due to their emerging capability for both intra- and

cross-modal retrieval. By enforcing the alignment of text and images, these models

allow us to classify objects and scenes, retrieve relevant images given a textual

description, and even spatially locate specific objects in an image. However, in

practical uses, we are often interested in searching for a specific “thing” in an
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"My dog Chia" 
with a stick.

𝜋-map

"My dog Chia"

"My dog Chia"

CLIP

"My dog Chia" 
running in the room.

"My dog Chia" on 
a couch.

Figure 5.1: Given a few template images, corresponding concept named in text (’“My
dog Chia”), our model learns a personalised embedding for the concept. This embedding
can then be used in addition to text to search amongst a dataset of similar images or
within video frames.

image. On our phones, we may have hundreds of images of dogs, but we may only

be interested in one specific dog – our dog “Chia”. Searching our library for “My

dog Chia with a stick", since the VLMs have no knowledge of our dog Chia, might

return either a generic dog or, for example, chia seeds. But what if we want to

‘teach’ a VLM what “my dog Chia” refers to? Given the name of the dog and a

few template images, can we ‘teach’ a VLM to recognise our dog? In prior work,

this problem has been referred to as the “personalization” of VLMs [Cohen et al.

2022; Yeh et al. 2023].

The great advantage of achieving this personalization is that we then can deploy

the compositional power of the VLM, and search for “my dog Chia" carrying out

various activities and in di"erent environments simply by writing our query as a

natural language sentence, as illustrated in Fig 5.1. Our approach is inspired by

the language models almost infinite expressively; given a specific-enough query,

the large language model used in most popular VLMs should be able to synthesise

information necessary for better text-to-image retrieval. Therefore, one could ar-

gue that the task of personalization might be expressed as learning that ‘my dog

Chia’ corresponds to ‘an adorable1 4-month old blue-eyed husky mix with grey

inverse mask and white socks and features, about 10 inches high’.

Our approach trains a ‘translation’ network that can map from a few example
1not strictly relevant
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template images of the object of interest to a suitable text embedding. The text

embedding is then used in query sentences for the personalized search for that

object. We are not the first to attempt this, and our solution builds on those of

others, but our method has (i) fewer requirements than prior work, and (ii) has

superior retrieval performance to prior work.

In terms of requirements: we are able to use frozen CLIP image and text en-

coders (whereas previous work fine-tuned the text encoder [Korbar and Zisserman

2022b]); and by using a local image embedding we require fewer and less diverse

training images than prior work for the personalization – avoiding the failing of

learning the context of the image background rather than the foreground object

of interest [Cohen et al. 2022]. Furthermore, we leverage a LLM’s expressivity

to automatically generate caption augmentations in the language domain. Also,

unlike previous work [Yeh et al. 2023], training does not require retrieval from a

large dataset, so it is e#cient.

In terms of performance, we demonstrate superior retrieval performance compared

to previous methods over three standard benchmark datasets: this-is-my’ [Yeh et

al. 2023], ‘Celebrities in Action’ [Korbar and Zisserman 2022b], and ‘DeepFash-

ion2’ [Y. Ge et al. 2019; Cohen et al. 2022].

5.2 Related Work

Methods for translating between image and text embeddings. Transla-

tion between the modalities of VLMs is a well explored topic related to the task of

personalization. Mokady et al. [Mokady et al. 2021] show that a single mapping

network can translate encoding from images to the text model. They fully finetune

the text encoder. Alayrac et al.propose training adapter models that map a visual

input to the LLM domain using a model dubbed ‘Perceiver Resampler’. With such

mappings, they only train adapter layers within a LLM [Alayrac et al. 2022]. Li et

al. [J. Li et al. 2023a] devise an even more e#cient model (‘Q-former’) and a two-

stage training method that translates any arbitrary large vision transformer into

the domain of LLMs with no need for additional adapter layers. These methods

have became a de-facto choice for tasks such as retrieval [Alayrac et al. 2022; Gorti

et al. 2022; Dzabraev et al. 2021], and for visual question answering [S. Li et al.
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2022; A. Yang et al. 2022b; Alayrac et al. 2022].

An inherent discrepancy between the text and image embeddings has also been a

subject of extensive study. Nukrai et al.show that noise injection during the CLIP

training process helps alleviate the ‘modality gap’ [Nukrai et al. 2022]. Schrodi et

al.show that this modality gap can be attributed to as little as two dimensions

within each embedding [Schrodi et al. 2024].

Test-time adaptation. The task of test-time adaptation (TTA) and various

fine-tuning approaches are closely related to the personalization of VLMs. The

goal of TTA is to leverages the unlabeled data that arrives at test time by adapt-

ing either the forward pass or parameters of the model according to some proxy

task [Saenko et al. 2010; Alfarra et al. n.d.]. While in the task of personalization we

aim to preserve model’s capabilities and only specialise it for one or two instances,

the task of TTA generally requires a distribution shift of an entire model. Zhao et

al. [S. Zhao et al. 2024] show that VLMs can be adapted to out-of-distribution

samples using reinforcement learning from CLIP’s feedback. Gao et al. [P. Gao et

al. 2024] show that a feature adapter can replace the need for fine-tuning VLMs.

Wortsman et al. [Wortsman et al. 2022] present a robust method of fine-tuning

VLMs to adapt to the test time data.

Personalization methods for Joint Embedding Retrieval. Korbar and Zis-

serman [Korbar and Zisserman 2022b] have explored how VLMs textual encoder

can be augmented to associate a given face embedding with the corresponding

name and use either interchangeably to retrieve relevant videos. This method re-

lies on having strong face embeddings and is, therefore, limited to the domain of

faces. Wang et al. [Zifeng Wang et al. 2022] demonstrated that expert embed-

dings from [Korbar and Zisserman 2022b] can be replaced by a method that finds

the closest generic prompt embedding to the novel class. They learn an ‘expert’

prompt which is a function of the generic prompt. They focus on novel class

discovery rather than on learning instance-specific attributes. Cohen et al. [Co-

hen et al. 2022] proposed extending VLM’s language encoder’s vocabulary with a

newly learned token which represents a specific instance. Their method assumes

a clean, manually annotated dataset of specific instances, which are seldom avail-

able. Yeh et al. [Yeh et al. 2023] learn a database of common traits of a given
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category (a process they dub “meta-personalization”) and then learn a specific

personalised embedding as a weighted combination of global category features.

While this approach does not need a large example database (as general-category

objects can be discovered automatically), it is limited to the number of common

category traits it can store.

Compound retrieval. In compound text-to-image retrieval – retrieval over

multiple semantic axes, the focus is on specificity over each axis. Ventura et

al.developed a large-scale compound retrieval benchmark collected automatically

by mining web-video captions [Ventura et al. 2024]. Zhong et al. [Zhong et al.

2016b] present a compound retrieval image dataset containing the axis ‘person’

and ‘scene’, while Korbar and Zisserman [Korbar and Zisserman 2022b] present a

video benchmark containing the axis of ‘person’, ‘action’, and ‘scene’.

5.3 Method

In this section, we first outline our personalised retrieval method, and then describe

what we dub a ‘Personalised Image Embedding Mapping’ model (PIE-map or ϑ-

map for short) and its training procedure. Finally, we compare our approach in

more detail to the related work.

Overview of retrieval and personalized training: Given a few example

(template) images of the object of interest, a personalized embedding (a text token)

is obtained by carrying out a short training procedure with ϑ-map. This only needs

to be done once. Once we have a personalised embedding, e.g. corresponding to

‘My dog Chia’, we can form a query (e.g. ‘My dog Chia playing in the park’)

simply by combining the token for ‘My dog Chia’ with the tokens for the words

‘playing in the park’. The tokens of this sentence are then processed by the CLIP

text encoder, and the resulting embedding is used to retrieve a relevant image(s)

from a large dataset by ranking with their dot product.

To train the personalised embedding for ‘My dog Chia’ (and an image-to-text

mapping ϑ-map), we first obtain a localized image embedding (of Chia) from the

example images. Training then proceeds by (a) learning a mapping from the image

embedding to the text embedding, whilst also ensuring that (b) that embedding
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Figure 5.2: Training and architecture details. (a) An overview of how a personal-
ized text token is produced for an object of interest (here the cute dog) from an
image, and it is mapped to a textual query. This query is trained to be similar
to the detailed description of an image, e"ectively learning to ‘pull-out’ this infor-
mation from the image and translate it into text. (b) Architecture details of the
ϑ-map network.

is ‘distinct’ amongst all other embeddings containing the general category (dogs).

The overview of the training method can be seen in Fig. 5.2.

5.3.1 Modelling

The goal of the model is to bridge the gap between the image local embedding out-

put and text embedding input whilst maintaining the instance visual information.

We do this through careful architecture design and a two-step training procedure.

ϑ-map architecture: The core idea of our model is to transform the visual

embedding into a text ‘word’. To project an image to the text embedding, we

use a three-layer MLP with residual connections, and two learnable embedding

vectors used for conditioning the outputs of each MLP layer. We multiply each

conditioning vector from the output of the first and second MLP layers respectively.

The conditioning vectors aim to guide the model to adjust the image to focus on

the dimension of most disagreement to the text embedding. [Schrodi et al. 2024]

notes that two dimensions completely separate the image and text embeddings. In

other words, if we were to remove the one or two most significant components from

either the text or the image vectors, the model would be unable to distinguish text

from image vectors. If we amplify these two components, the model’s focus shifts

to them in a similar way an attention mechanism would [Vaswani et al. 2017a]. To
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this end, we multiply the outputs of each MLP layer with conditioning vectors that

contain higher values for the most relevant component of the embedding, before

the final linear projection.

Notation: Let x be a template image. Let ys be a text token denoting a specific

instance (‘my dog Chia’), yg text denoting a generic object category (‘dog’), and

a dataset of image-text pairs. Let ft()̇ and fv()̇ be text and image encoders of

CLIP VLM respectively [Radford et al. 2021]. Our model is denoted as ϑ.

Localised embeddings are more robust: By definition, fv(x) is a global

embedding. Therefore, it is sensitive to the image background and context. Say

all photos of ‘my dog Chia’ come from a forest. The model would then be biased

to all images of a dog in a forest and might completely miss ‘Chia’ in the street (an

example of the former can be seen in the supplementary). We propose alleviating

this issue by using fv(xloc) – a localised version of the embedding.

There are multiple ways to localise CLIP embeddings. Shtedritski et al. [Shtedrit-

ski et al. 2023] demonstrated that drawing a red ellipse around the area of interest

focuses the semantic embedding to the region within it, and Sun et al. [S. Sun

et al. 2023] showed that it visually augmented image can be used as a localised

embedding for downstream tasks. Inspired by this work, we obtain an image with

a red ‘circle’ (an ellipse) by using a pre-trained language-guided detector to detect

objects in the image [S. Liu et al. 2023]. An illustration can be seen in Fig 5.3a.

We empirically demonstrate that adding a red circle around the instance to the

template images during training increases the overall performance and reduces the

number of template images we need for forming a personalised embedding.

Reducing information imbalance increases performance: An image is

worth 1000 words. Reducing the caption to ‘a photo of a dog’ drives the informa-

tion imbalance between an image and the caption. Schrodi et al. [Schrodi et al.

2024] notes that a practical way of dealing with such imbalance on downstream

tasks is to increase the information density of the captions. We augment the cap-

tion ys automatically by passing an image xloc and a prompt (see illustration in

Fig. 5.3) to the large language model [R. Team et al. 2024] to form a dense text

description y↘. The e"ect of caption augmentation can be seen in Tbl. 5.1.
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(a) Localisation of target object. [S. Liu et
al. 2023] returns bounding box coordinates
and an ellipse is fitted to it.

My dog Chia.

My dog Chia is a dog, and in the image is a young Alaskan Spitz, a 
breed known for its thick, fluffy coat and striking blue eyes. The puppy's 
coat is predominantly white with gray accents, which is typical of the 
breed. Its eyes are a notable feature, as they are not common in adult s 
but are often seen in puppies.

You are given an image and a generic caption of that image. 
[image] [caption]. Generate detailed description of the object of 
interest in the image starting with an object name. Ignore the 

background. Limit the output to 77 tokens. 

prompt

LLM

(b) Caption augmentation using an
LLM [R. Team et al. 2024]

Figure 5.3: Example pipelines of localising the image embedding and caption
augmentation.

5.3.2 Training

ϑ-map undergoes two phases of training. The first one is general, i.e. we perform

it once and keep it fixed throughout, and we refer to it as pre-training. The goal of

the first stage is to initialise the model to bring the two modalities closer together.

The second stage is the personalization stage. The goal of the personalization

stage is to obtain a specific token for template images of the object of interest.

Pre-training In order to initialise model weights, we pre-train ϑ-map on Ima-

geNet by minimising symmetric cross-entropy loss (following [Radford et al. 2021])

between fv(x) and ft(ϑ(fv(x)). Intuitively, we are trying to ‘teach’ pi-map to map

an image of a ‘dog’, to that of the text encoding of ‘dog’.

Personalization training The goal of personalization training is to learn a

unique embedding for each specific object (‘my dog Chia’). We first give a higher-

level overview, and then specify the exact losses later in the section. An outline

of our training pipeline is illustrated in Fig. 5.2 on the left.

We start with a template image of ‘My dog Chia’ x on which we draw a red

circle around the dog to obtain xloc. The pair is then passed through CLIP visual

encoder to obtain global embedding fv(x) and a local embedding fv(xloc). The

local embedding is mapped to text input using ϑ-map to obtain ϑ(fv(xloc)) which

becomes a basis of our personalised token. While most of the training is done in

the text domain, we do not want ϑ(fv(xloc)) to collapse to an encoding of a word
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‘dog’. Therefore we keep a regularization loss Li which keeps ϑ(fv(xloc)) and fv(x)

close. Formally we use contrastive loss formulation:

Li(ϑ(fv(xloc))) = →log( d(ϑ(fv(xloc)), fv(x))
∑

n↔=x↑ d(ϑ(fv(xloc)), fv(n))

where is a randomly sampled training minibatch, a distance metric is given by

d(a, b) = exp( aT b/ω
||aT ||2||b||2/ω ), and ω = 0.07 is a temperature hyperparameter. Intu-

itively, the regularisation loss Li ensures that the projected embedding ϑ(fv(xloc))

does not drift from the original embedding and thus retains its semantic informa-

tion.

Three text prompts are then formed. A generic text prompt (“A photo of a dog”,

yg), a specific text prompt (“My dog Chia”, ys) and a text-prompt formed by

taking “A photo of *” and replacing encoding of “*” with ϑ(fv(xloc)). ys is then

augmented with an LLM [R. Team et al. 2024] to form an augmented token y↘ (“My

dog chia is an alaskan spitz...”). These text embeddings yg, y↘, and ϑ(fv(xloc))

are then passed through CLIP text encoder ft. Since we are only training a single

embedding, we want to specialise it by making it close to y↘ (learning the semantic

correspondence to the detailed information), while making it less sensitive to the

more general class yg (therefore forcing our model to extract more specialised

information). We achieve that by optimising a contrastive objective Lt which

ensures that ft(ϑ(fv(xloc)) is similar in the embedding space to, ft(y↘) while being

away from ft(yg) and all other examples in the batch.

Lt(ϑ(fv(xloc)), y↘) = →log
d(ft(ϑ(fv(xloc)), ft(y↘))

∑
ni,nt ↔=x,y↗↑

∑
nt↔=ys↑ d(ft(ϑ(fv(ni)), ft(nt))

where is a set of negative examples comprising all other specific and all generic

captions in .

We then compute the total loss as

L = (1 → ϖ)Lt + ϖLi

where ϖ = 0.25 is loss balancing hyperparameter determined through line search.

113



5.3.3 Querying the model

If the image is given as a part of the prompt, it is first processed using ϑ-map and

then appended to the rest of the text. If multiple template images were given as

queries, their embedding is averaged after they are encoded with fv, before entering

ϑ-map. This embedding is then joined with a text prompt and passed through the

text encoder. We measure the similarity between the prompt embedding and the

dataset of visual features following [Radford et al. 2021]. An overview can be seen

in Fig 5.1.

5.3.4 Discussion: relation to previous methods

Compared to the CLIP-PAD approach of [Korbar and Zisserman 2022b], we do not

train the language encoder but instead use frozen versions of CLIP’s image and

language encoders, training only a separate module for the image-to-text transla-

tion mapping ϑ-map. This is a great advantage as ϑ-map can simply be ‘plugged

in’ to existing deployments of CLIP for retrieval.

Both PALVARA method of [Cohen et al. 2022] and personalization approach

of [Yeh et al. 2023] learn direct text-replacement from images; [Cohen et al. 2022]

from set encoding, and [Yeh et al. 2023] by learning a linear combination of known

features. This means that (a) during the personalization stage, both of these are

limited to learning from concepts they already ‘know’. [Yeh et al. 2023] can only

represent instances that can be expressed by the linear combination of their meta

categories and [Cohen et al. 2022] only personalises tokens learned from object

detection datasets. ϑ-map can on another hand be trained on top of an arbitrary

CLIP model directly as its pre-training stage is general. It also means that (b),

querying using an image token directly is impossible as [Yeh et al. 2023] requires a

text prompt and [Cohen et al. 2022]’s prompts are fixed after the personalization

stage. Because we learn direct mapping from image to text, any image can be

used directly as a query by mapping it into the text embedding space.

5.3.5 Implementation details

VLM details: For fair comparison with prior work ([Yeh et al. 2023; Cohen

et al. 2022]), we use OpenAI’s CLIP (VIT-B/16) [Radford et al. 2021]. In the
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supplementary, we show that the model can function with various models provided

by [Ilharco et al. 2021].

Initialise pi-map’s conditioning vectors: We found that initialisation of con-

ditioning vectors matters. To initialise the vectors, we first compute the image

embeddings of template images and corresponding text caption, compute the ab-

solute pairwise di"erence between embedding dimensions, and finally find the two

dimensions with the maximum abs. di"erence. We use this di"erence vector, ze-

roing out the largest and second largest dimension respectively, before taking the

softmax to initialise the first and second vectors respectively. The illustration of

our model can be seen in Fig 5.2 on the right. The e"ect of this initialisation

scheme can be seen in Table 5.1.

Localisation details: To obtain localised image xloc, we pass the original im-

age and its general category to a pre-trained language-guided detection model

GroundingDINO (‘GroundingDINO-B’) [S. Liu et al. 2023]. For a text prompt,

GroundingDINO returns coordinate of the bounding boxes of the object. We su-

perimpose an ellipse onto the image that passes through a centre of each side of

the bounding box.

Caption augmentation details: In order to augment the caption, we forward

the prompt defined in Fig 5.3 b) and feed it to the REKA-Core model [R. Team

et al. 2024].

Training details: We pre-train the model using a batch size of 256 and a

learning rate of 3e → 4 for 10 epochs. For personalization, we train the model for

50 epochs on ‘this-is-my’ and ‘CiA’ datasets, and for 80 epochs on ‘DeepFashion2’

with a cosine annealing learning rate starting at 1e → 4 with 200 steps of linear

warmup. All training is done with AdamW optimiser. In practice, a training

run for learning 15 personalised tokens on ‘this-is-my’ training set takes about 54

minutes, or 3.6 minutes per-token on a single A4000 chip.

Extension to videos: Keen-eyed readers would have noticed that x has thus far

been described as an image, but two of the datasets contain video training data.

For such cases, we sub-sample a training query video to 10 frames uniformly,

localise the specific instance if applicable, and encode the frames using visual

encoder fv. We then average embeddings to get fv(x) and fv(xloc).
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From ϑ-map to the text embedding: In order to use text as direct query, we

append a personalised prompt to the CLIP tokenizer, initialising its embedding

to be an average mapping of template images. The tokenizer then retrieves the

learned embedding for the text concept.

5.4 Datasets and Evaluation Measures

In this section, we describe the three datasets used for evaluating our personal-

ization method, as well as the evaluation measures used for each of them. An

example of each dataset can be seen in Figure 5.4.

5.4.1 This-is-my

Yeh et al.proposed ‘this-is-my‘ [Yeh et al. 2023] for personalised text-to-video re-

trieval. The dataset consists of 104 training segments, 683 evaluation segments,

and 30 test segments annotated with ten general categories (e.g. ‘dog’) and 15

specific categories (e.g. ‘my dog Biscuit’). We use it for method development and

downstream performance evaluation.

Evaluation procedure: In order to evaluate our model, we extract CLIP image

features from 30 test segments, uniformly sampling frames at 1fps following the

prescribed protocol in [Radford et al. 2021; Ilharco et al. 2021]. We embed the

textual query using CLIP, with its tokenizer trained to recognise each of the 30

instances. We define similarity for a given video as the maximum dot product

between the query and all video features. For the generic setting (‘An image of

*’) and report mean average precision (mAP) and mean reciprocal rank (MRR)

Casey's friend Marlan standing at intersection.

A woman riding Sherry's road bike in the dark.

(a) ‘this-is-my’ dataset [Yeh
et al. 2023].

Jim Carrey getting out of a car in the street.

Jeff Bridges fighting in the road.

(b) CiA dataset [Korbar and
Zisserman 2022b].

A photo of  white three-quarter pants.

A photo of  gray short skirt.

(c) DeepFashion2
dataset [Y. Ge et al.
2019].

Figure 5.4: Examples from our evaluation datasets.
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following [Yeh et al. 2023]. For the contextualised setting (‘A photo of * in the

car park’), there is only one correct match, hence w report MRR and recall-at-5

(R@5). For a fair comparison with SOTA, once the training hyperparameters are

set, we train the model on both the train and eval set as [Yeh et al. 2023] train

their model on both. In the cases where image is used as a query, we sample a

random 5 frames from held-out training videos for that concept to generate the

query.

5.4.2 Celebrities in Action

Celebrities in Action [Korbar and Zisserman 2022b] is a compound retrieval dataset

containing 2668 video clips from 69 movies separated into training, evaluation,

and test clips. Each clip is annotated with an actor’s name, action performed,

and place (‘Celebrity in place doing something’). We personalise a model on the

training set and evaluate it directly on the test set. Note that some of the more

famous celebrities (e.g. Tom Cruise) have almost certainly been seen in CLIP’s

training set, hence polluting the results. For more details, please see [Korbar and

Zisserman 2022b].

Evaluation procedure: We follow the same evaluation procedure as above, but

we report R@1 and R@5 in the ‘action+place’ setting (i.e. retrieving a clip using

a template ‘actor in a place performing an action’). R@1 and R@5 are defined

following [Alayrac et al. 2022], i.e. R@1=1 if a correct instance is the top-retrieved

result. R@5=1 if the correct instance is contained in the top-5 retrieved examples.

5.4.3 DeepFashion2

Cohen et al. [Cohen et al. 2022] proposed a modified version of DeepFashion2 [Y.

Ge et al. 2019] for personalization purposes. They curated a dataset of 653 training

and 221 evaluation images that have assigned one of 50 [CONCEPT] tags: e.g. ‘a

white skirt’, ‘a short dress’, etc. For the evaluation images, they collect in-context

captions such as ‘The [CONCEPT] is facing a glass store display’ (short caption)

or ‘White cabinets, some with open drawers, are alongside and behind the [CON-

CEPT]’ (long caption). Overall, 50 total concepts are contained in the dataset.
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Evaluation procedure: As DeepFashion2 is an image dataset, we simply encode

each image with a CLIP visual model, and follow the same evaluation protocol as

for the ‘this-is-my’ dataset otherwise. We follow the benchmark setting from [Yeh

et al. 2023] and use five images to train the embedding.

5.5 Results

In this section, we present the results of our method. Sec 5.5.1 presents various

ablation studies taken into account while designing the model. We then com-

pare our trained model with state-of-the-art (SOTA) on the datasets described in

Sec 5.4: ‘this-is-my’ [Yeh et al. 2023] (in Sec. 5.5.2), ‘Celebrities in Action’ [Korbar

and Zisserman 2022b] (in Sec 5.5.3), and ‘DeepFashion2’ [Y. Ge et al. 2019] (in

Sec 5.5.4) datasets. Finally, we discuss our findings and limitations in Sec. 5.5.5.

Qualitative results can be found in Figure 5.5.

5.5.1 Ablation study

In this section, we evaluate our design choices on the evaluation section of the

‘this-is-my’ dataset. As we want to obtain finer-grained insight into our model’s

performance, we compute what we call true R@5 (or tR@5, defined as a number of

correct examples retrieved in top-5 over a number of all positives) and precision-

at-5 (P@5; the proportion of positive examples retrieved in top-5). Note that

maximum theoretical tR@5=40.3.

Table 5.1 (a) shows that our model significantly outperforms naive CLIP baselines.

Table 5.1 (b) explores the e"ects of our modelling choices discussed in Sec. 5.3 on

the downstream performance. It is notable that caption augmentation plays a sig-

nificant role in achieving good results (+10.9 precision points). While localisation

plays only a minor role in the overall result, it allows us to achieve similar results

with a lower number of frames (Tbl. 5.2).

5.5.2 this-is-my

Results on this-is-my datasets are reported in Table 5.3. Our model using an image

(randomly selected and held out from the training set) comfortably outperforms

all other methods. It is notable that, although the text encoding is computed
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Natural language
queries Top retrieved results

Casey's friend 
Marlan is is holding 
a cart with paper 
cartons.

A photo of my blue 
pants leaning in 
front of a rock.

Figure 5.5: A qualitative sample of contextual retrieval sorted from left to right
from this-is-my [Yeh et al. 2023] and DeepFashion2 [Y. Ge et al. 2019] datasets.
Green and red rectangles correspond to the correctly and incorrectly retrieved
segments/images. Dotted green line shows correctly retrieved instances but in
wrong setting.

Table 5.1: Ablations on eval split of ‘this-is-my’ [Yeh et al. 2023] dataset.

(a) Baseline results. Results in grey
denote CLIP [Radford et al. 2021]
baseline.

Method tR@5
(max 40.3)

P@5

text – generic 12.3 56.1
text – specific 11.8 58.3
image 15.3 63.5
text + image 18.1 67.7
ours 33.7 87.2

(b) Ablating various model components.

Ablation tR@5
(max 40.3)

P@5

Ours 33.7 87.2
w/o Reg Loss 29.1 79.1
w/o Caption Augmentation 26.0 76.3
w/o Localisation 31.9 83.5
w/o Pre-Training 27.7 77.6
w/o Init-Scheme 32.9 86.2

using an average of the template training images, using an image as a query as

opposed to the text yields better results.

5.5.3 Celebrities in Action

Results on the CiA dataset can be seen in Table 5.4. Our method outperforms

the CLIPPad method despite its pre-training on VGGFace datasets. We attribute

this to the much more e#cient alignment training.

5.5.4 DeepFashion2

Our results on DeepFashion2 [Y. Ge et al. 2019] show marginal improvement over

previous methods. DeepFashion2 is also the only dataset where caption augmen-

tation did, in fact, cause adverse e"ects (54.7/78.2 with and 55.1/78.9 w/o). We

hypothesise this is due to the relative simplicity of the object (e.g. ‘white skirt‘)
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Table 5.2: The performance of the method depends on a number of query images.
Using local features reduces the amount of template images necessary. Results on
the eval split of ‘this-is-my’ [Yeh et al. 2023] dataset.

#template
imgs

with localisation no localisation
tR@5

(max 40.3)
P@5 tR@5

(max 40.3)
P@5

1 31.9 84.5 28.6 77.8
3 33.7 87.2 30.4 81.9
5 33.6 87.2 31.9 83.5
10 33.2 87.0 32.4 84.8

Table 5.3: Results on the test set of ‘this-is-my’ dataset [Yeh et al. 2023]. ‘RGB’
and ‘TXT’ columns denote whether an image or text was used as a query. ‘*’
denotes our reproduction of the method.

Method IMG TXT Context Generic
MRR R@5 mAP MRR

CLIP [Radford et al. 2021] ↭ 30.8 36.7 16.6 44.2
CLIP [Radford et al. 2021] ↭ ↭ 20.9 23.3 51.7 82.9
CLIP* [Radford et al. 2021] ↭ ↭ 24.3 28.9 52.4 83,4
Thisismy [Yeh et al. 2023] ↭ 42 50.7 56.4 87.4
Ours ↭ 43.1 52.0 58.4 88.3
Ours ↭ 42.1 50.9 57.0 87.6

when compared to more complex descriptions of humans or particular objects in

‘this-is-my’ and ‘CiA’ datasets. Full results can be seen in Table 5.5.

5.5.5 Discussion and Limitations

We demonstrate that our model learns image-to-text mapping with less examples

and achieving higher performance than all other personalization methods. With

the ability to use images as queries, it allows us to outperform even methods fully

fine-tuned on external datasets (Sec. 5.5.3). In the supplementary material, we

Table 5.4: Results on ‘Celebrities in Action’ dataset [Korbar and Zisserman 2022b].
‘IMG’ and ‘TXT’ columns denote whether image or text was used as query.

Method IMG TXT R@1 R@5
CLIP [Radford et al. 2021] ↭ 39.9 72.5
CLIPPad [Korbar and Zisserman 2022b] ↭ ↭ 66.3 82.7
CLIPPad [Korbar and Zisserman 2022b] ↭ 64.9 81.8
CLIPPad [Korbar and Zisserman 2022b] ↭ 64.2 81.1
Ours ↭ 69.7 85.2
Ours ↭ 64.9 81.2
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Table 5.5: Results on ‘DeepFashion2’ dataset [Y. Ge et al. 2019], personalization
split as defined by [Cohen et al. 2022]. Note that [Cohen et al. 2022] use ViT-B/32
instead of ViT-B/16. Results in grey denote CLIP [Radford et al. 2021] baseline.

Context GenericMethod MRR R@5 mAP MRR
txt 21.2 23.4 9.0 17.5
img 14.5 17.6 20.9 43.9
img + txt 21.0 26.9 21.7 43.6
PALVARA [Cohen et al. 2022] 28.4 39.2 - -
this-is-my [Yeh et al. 2023] 38.4 51.4 53.4 77.7
Ours (img) 38.5 51.8 54.7 78.2

discuss model’s capability to use template images to generalise to unseen classes

as well. Our model significantly outperforms all other methods on the common

personalization benchmarks, and the possibility of using images directly as queries

alleviates this problem completely.

5.6 Conclusion

We present a conceptually simple and e"ective method for learning personalised

tokens in VLMs using image-to-text mapping called ϑ-map. It is highly capable

in personalised text-to-image, text-to-video and image-to-image retrieval, outper-

forming all prior work on three personalization benchmarks while requiring only

a few examples to fully personalise the embedding. In future work, we hope to

expand on our method and develop a new, larger benchmark for personalised re-

trieval.

5.7 Supplementary material

5.7.1 Importance of Local Features

We investigate the quantitative importance of using local features for learning per-

sonalised embeddings in Tbl. 1 and Tbl. 2 of the main paper. To demonstrate the

importance qualitatively, we learn personalised embedding with 5 di"erent images

of the dog ‘Chia’ using our method and those of PALVARA [Cohen et al. 2022].

We obtain 40 images with Google image search to use as hard negatives (prompts

used: ‘a dog in a forest’ and an ‘a small husky in a forest’), and display top-5
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Figure 5.6: Importance of using localised features: learning personalised features
for ‘My dog Chia’ from two di"erent sets of template images. In a) all template
images come from the same time and place, while in b), the images are varied. Our
method ranks the correct image first on both occasions, while PALVARA [Cohen
et al. 2022] remains sensitive to the diversity of the template images.

in Figure 5.6. Our method shows resilience to the type of background features,

while PALVARA [Cohen et al. 2022] seems to exploit additional biases (such as

background) in the images.

5.7.2 Invariance to CLIP Models

In the main paper, we present results only using OpenAI’s CLIP (VIT-B/16) [Rad-

ford et al. 2021] in order to compare fairly with state-of-the-art methods. To

demonstrate that our method can work on various CLIP variants pre-trained on

di"erent datasets in a ‘plug-and-play’ fashion, we use fixed setup described in the

main body using personalised embeddings without image queries, and experiment

with various CLIP variants provided by [Ilharco et al. 2021]. Our results (Ta-

ble 5.6) demonstrate that our method can be applied in a plug-and-play fashion.

Most variants deviate only slightly from the baseline model (within 1.1 recall point

on ‘this-is-my’ and ‘CiA’ datasets).

5.7.3 Out-of-dataset Retrieval

All examples thus far were computed on curated datasets where template images

are visually similar to the test data. We wonder if trained embeddings could be

used for a more general setting – for example if we would be able to retrieve a video

clip containing an actor from a large corpus of ‘unseen’ movie segments when the

template images of the actor come from another source.

To evaluate this property, we personalise embeddings for 10 actors from the CiA
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Table 5.6: Exploration of performance using various CLIP variants. All results are
computed using text-only queries on the test sets of this-is-my [Yeh et al. 2023],
CiA [Korbar and Zisserman 2022b], and DeepFashion2 [Y. Ge et al. 2019] datasets.

ThisIsMy
Context CiA DeepFashion2

ContextCLIP Variant MRR R@5 R@1 R@5 MRR R@5
VIT-B/16 [Radford et al. 2021] 42.1 50.9 64.9 81.2 38.3 51.2
ViT-B/32 [Radford et al. 2021] 41.6 50.4 64.7 81.1 38.3 51.0
ViT-L/14 [Ilharco et al. 2021] 42.4 51.0 65.4 81.4 38.6 51.5
ViT-H/14 [Ilharco et al. 2021] 42.7 51.5 65.5 81.4 38.9 52.0
ViT-SO400M/14
(siglip) [Ilharco et al. 2021; Zhai et al. 2023] 43.4 52.0 66.0 82.3 39.4 53.7

dataset and find clips from the Condensed Movies dataset [Bain et al. 2020b] in

which these actors appear (each video clip has manually labelled cast annotations).

This leaves us with 697 target video clips. We then ask a large VLM [R. Team

et al. 2024; G. Team 2024] to caption these video clips starting with ‘<actor>

is’ to obtain video clip-level annotation. We remove clips that overlap with CiA.

To avoid potential noise in the data, we also curate our own set of high-quality

template images for these actors from imdb.com. This is done to avoid potentially

noisy or low-quality template images that might arise from sampling in CiA.

Then we use the generated caption as a text-query, and search for the correspond-

ing video clip in the entire dataset.

Implementation details and metrics: Visual features are extracted, and

search is performed using WISE [Dutta et al. 2024] software (approximate NN-

search follows the protocol from [Douze et al. 2024]). We measure actor R@10 and

P@10, as well as the clip R@10. Actor R@10= 1 if the actor is present in any

of the top-10 retrieved video clips; actor P@10 measures the proportion of video

clips containing the target actor in the top-10 retrieved video clips; clip R@10= 1

if the exact video clip is in the top-10 ranked examples. CLIP and CLIPPad used

images and text as person-specific queries. Our method uses pre-computed (text)

embeddings.

Results: We compare a CLIP vision and text benchmark with ϑ-net’s embed-

ding trained from template video clips from CiA as well as a manually curated

set of template images. Results can be seen in Tbl 5.7, where we compare the

results with zero-shot CLIP retrieval approach [Radford et al. 2021], as well as
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Table 5.7: Quantitative results on ‘unseen’ retrieval task. We personalise actor
embeddings on dataset a), and retrieve clips containing these actors from a disjoint
and unseen dataset b). We want to know if we can retrieve the correct video clips
despite the dataset gap.

Method Training
Dset

Actor Clip
R@10 P@10 R@10

CLIP NA 59.6 37.5 16.8
CLIPPad VGGFace2 78.4 55.8 32.1
Ours CiA 71.8 53.2 49.1
Ours Manual 77.7 62.4 54.0

with the pre-trained CLIPPad model [Korbar and Zisserman 2022b]. We show

that our model outperforms the CLIP benchmark by a large margin. The per-

formance of our model almost matches that of CLIPPad – a model trained on a

person-identification dataset [Cao et al. 2018b]. Interestingly, although our model

retrieves the correct actor less often than CLIPPad (→0.7 R@10 points), if the

actor is correctly recognised, it happens with higher precision (+6.6 percentage

points). Finally, our model is significantly better at combining textual prompts

with personalised embeddings (+21.9 R@10 points). We postulate this is due to

our method not training the text-encoder, hence preserving the semantic informa-

tion of text embedding better.

5.7.4 More Qualitative Examples

In Figure 5.7, we present more qualitative examples from the this-is-my [Yeh et al.

2023] and CiA [Korbar and Zisserman 2022b] datasets. A web gallery is attached

with examples from the retrieved examples described in Section 5.7.3.
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Natural language
queries Top retrieved results

A woman is talking 
to a man near.
Sherry's road bike 
and blackboard.

A woman is holding 
a sun glass in front 
of Alex's everyday 
bag.

(a)
Natural language

queries Top retrieved results

Harrison Ford 
talking in the room.

James Stewart 
entering the room.

(b)

Figure 5.7: Additional qualitative examples of retrieval on this-is-my (a), and CiA
(b) datasets. The green frame denotes correctly retrieved instances and captions.
The dotted green frame denotes a correctly retrieved instance (e.g. ‘Harrison Ford’)
in an incorrect setting. The red frame denotes incorrectly retrieved examples.
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CHAPTER 6. LOOK, LISTEN AND RECOGNISE: CHARACTER-AWARE
AUDIO-VISUAL SUBTITLING

Chapter 6

Look, Listen and Recognise:

Character-Aware Audio-Visual

Subtitling

The paper has been accepted at ICAASP 2024.

In this chapter, we employ methods from Chapters 4 and 5, with advances in

diarization and speech-to-text to develop a pipeline for named subtitling. Under-

standing who said what and when is a crucial building block for holistic story-

understanding.
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Abstract

The goal of this paper is automatic character-aware subtitle generation.

Given a video and a minimal amount of metadata, we propose an audio-

visual method that generates a full transcript of the dialogue, with precise

speech timestamps, and the character speaking identified. The key idea is to

first use audio-visual cues to select a set of high-precision audio exemplars for

each character, and then use these exemplars to classify all speech segments

by speaker identity. Notably, the method does not require face detection or

tracking. We evaluate the method over a variety of TV sitcoms, including Se-

infeld, Fraiser and Scrubs. We envision this system being useful for the auto-

matic generation of subtitles to improve the accessibility of the vast amount

of videos available on modern streaming services. Project page : https:

//www.robots.ox.ac.uk/~vgg/research/look-listen-recognise/
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Figure 6.1: Character-aware audio-visual subtitling. The generated data covers
what is said, when it said, and by whom it is said.

6.1 Introduction

With the rise of streaming platforms that allow watching videos “on-demand”,

more video content is made available to the general public and researchers than

ever in history. With more than 80% of users of one such platform relying on

subtitles [Netflix player control tests n.d.], automatic subtitle generation and cap-

tioning has become an important research topic in the community [Radford et al.

2022; Bain et al. 2023]. Unfortunately, many subtitles, whether automatically

generated or not, do not comply with the standards for Subtitles for Deaf and

Hard-of-hearing (SDH): namely, they do not include information about speaker

identification, nor do they contain sound e"ects and music.

In this paper, we take the next step towards automatic generation of SDH – we aim

to make the subtitles character-aware. Character-aware subtitles would also be of

great benefit to researchers. They would allow for the automatic generation of

large-scale video datasets, which could fuel the next generation of visual-language

models capable of learning higher-level semantics from the paired data.

There has been a plethora of works using audio-visual networks for speech recog-

nition [Afouras et al. 2019; Shi et al. 2022], speaker diarisation [J. S. Chung et al.

2020; Ding et al. 2020; E. Z. Xu et al. 2022] or character recognition [R. Sharma

and Narayanan 2022; Everingham et al. 2009; Haurilet et al. 2016; Nagrani and

Zisserman 2017] which are subtasks of our main goal. However, these works re-

quire additional processing for detecting and tracking faces. We present a simpler

method that does not require face detection or tracking and uses only o"-the-shelf

deep neural network models and the cast list for each episode.
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We make the following four contributions: (i) we propose a new task, character-

aware audio-visual subtitling, which aims to generate the what, when and by whom

for subtitles, with minimal required metadata.

(ii) we develop an automatic pipeline for this task that does not require face

detection or tracking (Section 6.1.1); (iii) we curate an evaluation dataset that

includes subtitles labelled with characters individually for three di"erent sitcom

series: Fraiser, Scrubs and Seinfeld (Section 6.2); and (iv) we assess the method

on the evaluation dataset and report the performance (Section 6.3).

6.1.1 Related work

Labelling people in videos. is a well studied topic in computer vision [Ever-

ingham et al. 2009; Haurilet et al. 2016; Nagrani and Zisserman 2017]. Often, the

availability of various levels of prior information is required such as scripts [Ev-

eringham et al. 2009], clean images for actor-level supervision [Nagrani and Zis-

serman 2017], or ground truth subtitles with correct timestamps [Mocanu et al.

2019; Akahori et al. 2017]. [Brown et al. 2021a] relaxes the need for cleaned data

and makes their method scalable by gathering a large amount of data via auto-

mated image search to obtain the corroborative evidence they use for supervision.

Like [Brown et al. 2021a], our model retrieves the necessary information via search

engines, however, it does not pre-process video frames, save for the transformations

required by a neural network.

Audio-only speaker diarisation. Speaker diarisation is the task of identifying

“who spoke when” from a given audio file with human speech. There are two

branches of works in this area: (i) using existing Voice Activity Detection (VAD)

and a speaker model together with clustering [Q. Wang et al. 2018; A. Zhang

et al. 2019; Kwon et al. 2021] and (ii) using an end-to-end model which goes

from the VAD to assigning speakers [Fujita et al. 2019; Horiguchi et al. 2020].

Both of them su"er when the number of speakers is large such as in TV shows

or dramas. Furthermore, the current state-of-the-art speaker recognition models

assume that the input is long (> 2 sec), while most of the speeches in TV shows are

relatively short including exclamations, which leads to the degradation of speaker

clustering performance. In this paper, we include the active speaker detection

model and person-identification model, which are strong in short videos, to identify
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Figure 6.2: Overview of our method. We first build a database of audio exemplars
for each character by filtering speech segments until only a high precision set
remains (left). Each speech segment is then assigned to a character by comparing
its voice embedding to the exemplar embeddings (right).

the character.

Audio-visual speaker diarisation. In the last few years, e"orts were made to

improve the performance of diarisation by borrowing the power of face recogni-

tion models or lipsync models, which are closely related to human speech [J. S.

Chung et al. 2020; E. Z. Xu et al. 2022; J. S. Chung et al. 2019]. [J. S. Chung

et al. 2020] utilises audio-visual active speaker detection model and speech en-

hancement models, but mostly in celebrity interviews or news segment where the

length of speeches are generally short. [E. Z. Xu et al. 2022] introduces an Audio-

Visual Relation Network (AVR-Net) that leverages the cross-modal correlation to

recognise the speaker’s identity. Our approach is di"erent from these works in

two ways: (i) we do not use any face detection or tracking; and (ii) we introduce

character-aware audio-visual subtitling that builds the character bank within each

video and figures out not only the speaker clusters but the speakers’ identity for

each utterances and the speech content.

Datasets. The Bazinga! dataset [Lerner et al. 2022] also provides subtitles labelled

with characters for a large number of TV series. However, it is an audio only

dataset, and consequently is not directly suitable for applying the audio-visual

approach we develop. sectionMethod
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This section explains our approach to creating subtitles for the video and attribut-

ing speakers to each speech segment.

Our method consists of two distinct stages. First, we detect speech segments from

the video, recognise the spoken words, and process the data to create a database

of what we refer to as speech exemplars – sample video clips where a speaker is

clearly audible, visible and identifiable. In the second stage, the speech exemplars

for each character are used to assign the identities to all speech segments.

In order to label the characters we require the following metadata for each episode:

(i) the names of the characters in the show; and (ii) for each character 1–10 sample

images of the actor and their names that we can use as visual examples. This

metadata can be obtained automatically from online database of movies or TV

series [International Movie Database n.d.].

6.1.2 Stage 1: building audio exemplars

The goal of stage 1 is to create a database of character voices. We take multiple

episodes of a TV series, and obtain a set of speech segments for each character.

In order to do this, we first split videos into speech segments, and transcribe

them. For each segment we determine if only one speaker is visible and is speaking

– a crucial step because it allows us to be confident that the speech segment

corresponds to the face in the frame. We collect a set of speech segments for each

character that we can confidently recognise from their face, and then filter the

samples in each set to remove potential label noise using voice embeddings.

We end up with a set of speech segments for each character that are recognised

with high precision, and refer to these as speech exemplars. The building of these

exemplars is illustrated in Figure 6.2, and we give details of each sub-step below.

1. VAD detection and Automatic Speech Recognition (ASR). In this

stage, we take an entire video and split it into segments where speech is detected

and recognised. We first detect the voice regions across the entire dataset and

determine the spoken content of each segment. We do this with a language-guided

VAD model. We apply the WhisperX [Bain et al. 2023] model on the audio stream

of our dataset which detects the speech regions with word-level timestamps.
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We concatenate the generated words to obtain the entire transcription per video,

then use a sentence tokenizer to separate them by sentences. Assuming each

sentence is spoken by a single speaker, we use the start and end times of the

sentences as our unit of speech segments.

We also find that most TV shows contain laughter tracks (audience laughter) which

are voice regions but are not of interest to this work. Thus, we run a pretrained

laughter detector [Gillick et al. 2021] for each of the remaining voice segments and

remove the ones from the candidates of exemplars if laughter is detected. After

this step, we know precisely when characters in the show are speaking and what

they are saying. We don’t yet know who is saying what.

2. Audio-visual speaker detection. The goal of this stage is to take speech seg-

ments from the previous stage and select only those with a single visible speaker.

This will produce a subset of speech segments where we can recognise the speaker.

To achieve this, we localise the speaker with an audio-visual synchronisation

model [Afouras et al. 2020] which produces a spatial location of the audible ob-

jects and has been shown to detect speakers well. In practice, it generates an

audio-guided heatmap over each video frame. We average the heatmaps over the

length of each speech segment to avoid unnecessary noise and detect peaks in the

heatmap through a combination of maximum filtering and non-maximum suppres-

sion. Example heatmap outputs can be seen in Figure 6.2. When a single peak is

visible throughout the video clip, we can assume that only one speaker is present.

If there are no detected peaks, or there are multiple ones, we discard that speech

segment from the candidates of exemplars.

3. Visual character classification. In this step a character name is assigned

to each of the single-speaker speech segments from the previous step where pos-

sible. This leaves us with a further reduced set of speech segments, each having

a character name associated with it. Character classification is the only step in

our annotation process that external data is used. Specifically, the 1–10 sample

images of each actor are used to form a visual embedding of that character.

Our classification model [Korbar and Zisserman 2022b] compares a visual embed-

ding of the frames of a speech segment to a combination of actor visual embedding

and actor name (details are given below). We select the best match or discard
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the clips which cannot be classified with a high degree of confidence. Note, (i) the

comparison is at the frame level, no face detector or cropping is required for this

visual recognition; (ii) we compute visual embeddings for all characters in a given

season, but only consider ones present in that episode at inference time.

4. Audio filtering. Finally, we group the labelled speech segments from the pre-

vious stage by character, and for each character we filter their voice samples to

remove potential noise from the groupings as follows: we compute voice embed-

dings for each sample, and consider that a sample is positive for a given character

if its 5 nearest neighbours are labelled as the same character. Note that for char-

acters where the number of samples n is smaller than 5, we keep all the samples

in our database. This gives us the final exemplar set for a given TV series and

hopefully leaves us knowing what each character sounds like.

6.1.3 Stage 2: Assigning characters to speech segments
The aim of this stage is to assign a character name to each of the detected audio

segments that we are confident of, regardless of whether a speaker is visible or not.

On a high-level, we achieve this by comparing the distance between each speech

segment and the audio exemplars for each character. We do not assign an identity

if the minimum distance is above a certain threshold.

Specifically, for each character we compute the mean of exemplar embeddings and

use it as a centroid representation for that character. To classify speech segments,

we embed them with the same model used to generate the exemplar embeddings,

and measure distances to class centroids. The segment is assigned to the speaker

corresponding to the nearest centroid. However, if the minimum distance between

the segment embedding and each centroid is bigger than a threshold d, then that

segment is classified as “unknown”. This covers uncertainty and also the cases

where we don’t have exemplars.

6.1.4 Implementation details

We detect speech and perform ASR with an o"-the-shelf WhisperX [Bain et al.

2023] model, and the sentences are tokenized with NLTK [Bird 2006] tokenizer.

We use the laughter detector by [Gillick et al. 2021] with a detection threshold of

0.8. All voice embeddings are encoded with ECAPA-TDNN [Desplanques et al.
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2020], which is pretrained with VoxCeleb [Nagrani et al. 2019].

For discovery of speaking faces, we use a pretrained LWTNet [Afouras et al.

2020]. For each generated heatmap we detect 4 peaks, and consider each a

positive if it’s larger than ωdet = 0.7. For actor face classification, we use the

CLIP-PAD model [Korbar and Zisserman 2022b] pretrained on VGGFace and

VGGFace2 [Parkhi et al. 2015]. Actor text-image embeddings are formed as

"An image of <TKN> Name Surname" where <TKN> is an average representation

of query images computed using a face-embedding network, as in [Korbar and

Zisserman 2022b]. To classify the actors in the scene, we measure the cosine simi-

larity between the visual embedding of the frames and the text-image embedding

and choose the ones with highest similarity score where the score is over threshold

ωrec = 0.85 as positives. All hyper-parameters are determined via grid search on

the three validation episodes, and kept fixed otherwise.

6.2 Evaluation Dataset

In this section, we describe a semi-automatic annotation pipeline used to generate

the ground truth character names, timestamps and subtitles for speech segments.

The goal is to annotate the identities for all subtitles with accurate time intervals

in the video.

6.2.1 Annotation procedure

The dataset collection process consists of two stages: (i) automatic initial anno-

tations by aligning a transcript with timed subtitles; and (ii) human annotators

reviewing and further refining these annotations. Note that our dataset di"ers

from other speaker diarisation datasets since we are also interested in the identity

of each speaker and speech transcriptions.

Aligning transcripts and timestamps. To associate character names with

corresponding temporal timestamps, we leverage two readily accessible source of

textual video annotation: original transcripts and subtitles with word-level times-

tamps. Transcripts are obtained from multiple online sources [The Frasier Archives

n.d.; Seinfeld scripts dot com n.d.; Scrubs fandom n.d.]. They include spoken

lines and information about who is speaking. However, they do not provide any
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Table 6.1: Evaluation dataset statistics. # episode: number of episodes, dura-
tion: total duration of the dataset, #IDs: total number of characters, speech
%: percentage of video time that is speech and # spks: min / mean / max of
number of speakers per video.

Dataset # episode duration # IDs speech % # spks
Seinfeld 6 2h 09m 36 60.6 6 / 9.2 / 12
Frasier 6 2h 11m 29 59.5 6 / 9.2 / 12
Scrubs 6 2h 02m 48 67.9 13 / 15.7 / 18

timing information beyond the order in which the lines are spoken. We use Whis-

perX [Bain et al. 2023] to obtain the timed subtitles. We find this suitable since

its transcription and timestamps are highly accurate, whereas the timestamps in

subtitles from other online sources often do not align with the actual speech in

the video. To align the original transcripts and timed subtitles, we employ the

approach from [Everingham et al. 2006]. We use Dynamic Time Warping (DTW)

to obtain the word-level alignment between the transcript and timed subtitles to

associate the speaker with each of these words. Please refer to the original paper

for the detailed process.

Manual correction. The output of the automatic pipeline is prone to several

errors such as (i) a mismatch between the text of the transcript and WhisperX’s

transcription results; and (ii) mispredicted timestamps. We correct any errors in

timestamps and character names manually using the VIA Video Annotator [Dutta

and Zisserman 2019].

6.2.2 Dataset statistics

Three TV series datasets are used to evaluate our method. We annotate the

first six episodes of Season 2 of Frasier, Season 2 of Scrubs and Season 3 of

Seinfeld. We utilise the sixth episode in each season as our validation set, while

the remaining episodes serve as our test set. The detailed statistics are shown in

Table 6.1.

6.3 Results

This section provides a detailed analysis of Stage 1 and 2, followed by the overall

result on our test set.
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Table 6.2: Exemplar yield after steps in Stage 1 (on Seinfeld).

Step # of exemplars % of total

VAD detection 2107 100.0
Audio-visual speaker detection 1271 60.3
Visual character classification 806 38.3
Audio filtering 407 19.3

Table 6.3: Exemplar recognition performance for named characters in Stage 1 in
Seinfeld. ‘others’ is a group of 21 characters, all named correctly.

Char. name # exemplars # correct Acc (%)

Total 407 406 99.8
Jerry 273 272 99.6
Elaine 30 30 100
Kramer 12 12 100
George 14 14 100
others 78 78 100

6.3.1 Detailed analysis of Stage 1 and 2

Performance evaluation of Stage 1. We evaluate the yield and classification

accuracy of the speech exemplars on the five episodes of Seinfeld in our test set.

In Table 6.2, it can be seen that 19.3% of voice activity segments can be consid-

ered as exemplars. We also evaluate the performance quantitatively by manually

inspecting the exemplars. The results, shown in Table 6.3, demonstrate that the

accuracy of Stage 1 is almost perfect, being 100% correct for most characters.

There are 11 characters for which we have no exemplars in the 5 episodes of Se-

infeld. They cover only 1.8% of speech segments – most of them speak less than

five sentences in the episodes.

Performance evaluation of Stage 2. We demonstrate the trade-o" between

the Proportion of Classified Segments (POCS) and overall precision by varying

the threshold d used in the nearest centroid voice classification to assign speech

segments as “unknown”. True positives are the segments that overlap with the

ground truth segments and the character is correctly identified. Figure 6.3 shows

the result. It can be seen that precision decreases as we classify more segments.

Also, long segments show higher precision in all three TV series at any given

POCS, which shows that the speaker model produces better representations for

longer segments.
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Figure 6.3: Stage 2 Precision-POCS Curves for the test set of the three TV series,
obtained by varying the threshold d (for classification as “unknown”). The left
figure shows the performance using all detected speech segments. The right figure
shows the performance only for the long segments (> 2 sec). We also show the
oracle points (‘x’ in each graph) for each TV series. The oracle point is where
all segments for which there are character exemplars are correctly classified, and
other segments are classified as “unknown”.

6.3.2 Overall performance on the test set

Performance measures. In addition to the traditional diarisation metric of

Diarisation Error Rate (DER), we report the overall character recognition accuracy

as well as the average of the per-character precision and recall metrics for the

characters of each show. We use a 0.25-second collar to calculate DER. Accuracy

is calculated for the segments that overlap with one of the ground truth segments.

The results are given in Table 6.4. We can see that the model performs best on

Frasier and worst on Scrubs in all metrics. This is due to the di"erence in size

of the casts in each dataset. Scrubs has more characters than Frasier (48 > 29)

for a similar total duration (see Table 6.1). Thus, Scrubs provides more potential

assignments for each segment, making identification more challenging.

We also report the diarisation performance with and without the overlapping

speech in Table 6.4. The di"erence in DER for these two categories is small

in Seinfeld and Frasier, meaning that there is not much overlapping speech within

these two shows.

Speech transcription performance. Our method uses the WhisperX ASR

model which also produces the speech transcription results. We compare the per-

formance with the state-of-the-art models in Table 6.5. Word Error Rate (WER)
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Table 6.4: Performance on the test set. We report the Diarisation Error Rate
both with and without consideration of the overlapping regions, DER(O) and
DER respectively. Acc denotes a character recognition accuracy for the segments
that overlap with the groundtruth. Ppc and Rpc are the average per-character
precision and recall, respectively.

Showname DER↗ DER(O)↗ Acc↓ Ppc↓ Rpc↓

Seinfeld 29.6 29.7 81.2 0.922 0.841
Frasier 23.8 24.3 83.1 0.933 0.888
Scrubs 32.6 36.4 76.1 0.883 0.853

Table 6.5: Word Error rate (WER) (%) on each dataset.

Model Version Seinfeld Frasier Scrubs
Wav2Vec2.0 [Baevski et al. 2020] ASR_BASE_960H 45.0 36.9 36.3
Whisper [Radford et al. 2022] medium.en 13.2 13.5 10.6
WhisperX [Bain et al. 2023] medium.en 11.8 11.2 9.2

00:17:15,931 ~ 00:17:17,034
Jerry : Oh, please. I love her.

00:17:18,235 ~ 00:17:19,616
George : I’ve just met her, 
but I’m very impressed.

00:17:20,640 ~ 00:17:23,531
Ralph : I don’t understand. 

I’ve never had a problem with 
these notes before.

00:17:23,832 ~ 00:17:24,332
Jerry : What’s the next 

move?
……

Figure 6.4: Qualitative example. Our method produces the speech segments with
timestamps, and assigns the character who spoke it.

is computed after applying the Whisper text normaliser to both ground truth and

predictions which can be found in the original paper [Radford et al. 2022]. We see

that WhisperX outperforms both Wav2vec2.0 and Whisper. This is because the

VAD Cut & Merge preprocessing reduces the hallucination of Whisper, which is

also mentioned in the original paper [Bain et al. 2023].

Qualitative example. We show a qualitative example of our results in Figure 6.4.

As can be seen, our method assigns the character for each speech segment, as well

as timestamps and the transcription.

6.4 Conclusions

In this work, we show promising first steps towards a model for character-aware

subtitling, which we hope will be beneficial for improving accessibility, and fa-

cilitating further research in video understanding. Our method is not perfect,

however. Our recognition e"orts fail on short segments such as exclamations and
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also do not deal with overlapping speech – though the latter does not appear to be

a serious limitation in practice. Furthermore, to generate the true SDH subtitles,

we would need to classify and categorise every sound, not just speech – something

our model is not yet capable of.
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CHAPTER 7. DISCUSSION

Chapter 7

Discussion

In this chapter, the reader can find a summary of the accomplishments, with an

emphasis on the significance of the work for the broader research community. This

is followed by potential future directions for this research.

7.1 Achievements and Impact

Open Vocabulary Tracking and Instance-Level Retrieval In recent litera-

ture, multi-object tracking has predominantly relied on class-dependent classifiers.

In other words, objects could only be tracked if they could be classified using a

trained deep neural network. In Chapter 2, we relax this constraint by using a

tracking query that is initialised from the initial object (i.e. the first frame) and

then tracked by maintaining similarity to the original object embedding. This

allowed us to achieve results comparable to those of class-specific methods on the

TAO dataset without the need for a classification loss. Our method, together with

that of [Meinhardt et al. 2021], became a foundation for what other methods refer

to as ‘tracking-by-query’ methods [De Plaen et al. 2024; Ruopeng Gao et al. 2024].

Similarly, class-agnostic instance-level retrieval is a relatively new task involving

the retrieval of a specific named instance from a larger data corpus. Inaugural

works on the topic compute the query for a named instance as a function of known

traits of various object categories [Cohen et al. 2022; Yeh et al. 2023]. This limits

the queries they can learn to the size of their “category dictionary”. Our work uses

a pre-trained language model’s innate ability to discern fine semantic di"erences
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in text, allowing us to use a seemingly endless vocabulary to learn personalised

queries. This then removes the limitation of vocabulary size for personalised re-

trieval. We believe this line of work will have many practical applications in search

and retrieval systems.

Long Video Processing In Chapter 3, we explore a task-specific sampling

mechanism that enables the use of much longer videos without sacrificing per-

formance in large visual-language models. Most existing visual-language models

are limited to processing 8 or 16 frames due to memory constraints [J. Li et al.

2023a; Alayrac et al. 2022]. Our work extends this capability to over 100 frames,

allowing us to achieve higher accuracy on semantic tasks compared to previous

approaches. This research has facilitated advancements in integrating long videos

into corporate machine learning systems.

Personalisation of Video Understanding The identity-aware compound re-

trieval method we presented in Chapter 4 serves as a seminal work in the field

of compound video retrieval, and the Celebrities in Action dataset introduced in

this chapter is rapidly becoming an important benchmark for the community [Bal-

drati et al. 2023]. Additionally, the technical approach we presented has inspired

analogous developments in related fields, such as movie description [T. Han et al.

2023b].

Moreover, our work on audio-visual character identification, as proposed in Chap-

ter 6, has the potential to significantly extend and simplify the automatic anno-

tation of video datasets. This advancement could prove invaluable for gathering

conversational datasets tailored to embodied artificial intelligence.

7.2 Extensions

RingAttention for Long-video Understanding The work presented in Chap-

ter 3, along with other concurrent and related studies, has demonstrated that only

a small proportion of video tokens need to be passed from the vision encoder to the

large language model [Maaz et al. 2023; J. Li et al. 2023a]. However, a practical

limitation remains in terms of memory consumption, which still restricts the ab-

solute number of frames that the model can observe. Recent advancements, such

141



as RingAttention, hold promise for significantly increasing the context available

to samplers like ours, potentially to an almost infinite extent [H. Liu et al. 2023].

This approach would maintain the benefits of the information bottleneck while

further expanding the number of frames that can be processed.

Further E!orts in Personalisation This thesis presents an overview of what

we believe are the most readily available and important tasks for personalisation:

complex retrieval tasks and audio-visual diarisation. These are only some of the

plethora of video understanding tasks that would benefit from personalisation. For

instance, personalizing audio-visual movie description tasks would enable mod-

els to automatically generate narratives for individual actors, independent of the

scene. Additionally, exploring the personalization of large-scale multi-modal lan-

guage models directly (i.e., without additional adapter strategies) would represent

a logical next step in this domain.

7.3 Conclusion

In this thesis, we explore, overcome, and introduce various challenges in mak-

ing video understanding tasks identity-aware. We begin by addressing technical

capabilities in two key areas: tracking (Chapter 2) and long video understand-

ing (Chapter 3). Subsequently, we delve into challenges and develop tasks that

enhance machine learning systems’ identity-awareness, including retrieval in Chap-

ters 4 and 5, and audio-visual diarisation (Chapter 6).

By overcoming these challenges and introducing new ones for the community to

tackle, we contribute a small step towards developing human-like perception ca-

pabilities for artificial intelligence.
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