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Abstract

Scene Graph Generation (SGG) aims to represent an image’s objects and their pairwise relationships in a structured graph
for downstream visual reasoning. However, conventional SGG models struggle with long-tail predicate distributions and
closed-world vocabularies, resulting in poor generalization to rare or unseen relationships. We propose a neurosymbolic
framework for zero-shot relationship retrieval that addresses these challenges by integrating deep visual features with external
commonsense knowledge. Our model first detects objects and refines them via positional overlap and semantic similarity. It
then retrieves candidate predicates through two complementary channels: (1) a visual-textual prototype retrieval that aligns
subject-object representations with a broad predicate embedding space, and (2) a knowledge graph constrained retrieval that
ranks relationships using heterogeneous commonsense graphs. A calibration and late-fusion module combines these channels,
balancing confidence between head and tail classes. Evaluations on the Visual Genome (VG) and GQA benchmarks under
zero-shot and open-vocabulary settings show strong strict zero-shot performance. On the reported VG split, ZeroRel reaches
zR@100 = 37.1%, improving on the strongest prior zero-shot baseline in our comparison table (KnowZRel, 35.7%) while
maintaining competitive overall recall and improved mean recall on rare predicates. The model also generalizes to GQA
without retraining, demonstrating robust cross-dataset transfer. Ablations on knowledge sources and embedding models show
that a heterogeneous Common Sense Knowledge Graph (CSKG) with ComplEx embeddings yields the best performance.
These results indicate that combining visual prototype retrieval with structured knowledge retrieval improves coverage of rare
and unseen relationships without sacrificing scene-graph quality on frequent predicates.

Keywords Scene Graph Generation - Zero-Shot Learning - Common Sense Knowledge - Neurosymbolic Al - Visual
Relationship Detection - Open-Vocabulary SGG

1 Introduction

High-level image understanding requires not only identifying
objects but also recognizing the relationships between them.
Scene Graph Generation (SGG) encapsulates this by trans-
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leading to improved performance and explainability [3].
Despite rapid progress in object detection, predicting visual
relationships remains challenging due to their combinatorial
diversity and context sensitivity [4, 5]. For example, the pred-
icate “riding” can manifest in visually distinct ways (riding
a bicycle vs. an elephant vs. a surfboard) [6].

A persistent challenge is the long-tailed distribution of
predicates in benchmarks like Visual Genome (VG) [7]. A
few generic relations such as on or has dominate, while many
semantically rich ones like riding, wearing, or looking at are
severely underrepresented [8]. This imbalance biases mod-
els toward head classes and limits their generalization to rare
predicates [9]. Figure 2 depicts this frequency skew, illustrat-
ing how data-centric approaches tend to excel on common
relations but fail on rare or unseen ones [10]. Furthermore,
real-world reasoning demands open-world capability i.e.
models must recognize novel relations and unusual object
pairings absent from training data. Standard SGG models
assume fixed vocabularies and thus collapse when faced with
unseen predicates.

Zero-shot relationship retrieval addresses this limitation
by inferring plausible predicates for unseen or underrep-
resented subject—object pairs using transferable semantics
rather than supervision. Unlike traditional classifiers, zero-
shot SGG must generalize beyond labeled examples by
leveraging visual cues and external knowledge [10]. Early
data-centric approaches detect objects and classify relations
using CNN-based features and dataset priors [11], but their
recall on tail predicates remains low even after debiasing
[8, 9, 12]. Transformer-based one-stage designs simplify
inference and improve localization [13], yet they still rely
on closed vocabularies and fail to generalize beyond train-
ing statistics. Additionally, models often falter under unseen
object compositions, revealing limited compositional reason-
ing. For example, learning that humans can hold tools but
failing to infer that an elephant can hold a branch.

To overcome these constraints, we propose a neurosym-
bolic framework that fuses visual reasoning with structured
knowledge. Figure 1 depicts the conceptual taxonomy of
SGG approaches, including our method (right branch). Our
Zero-Shot Relationship Retrieval (ZeroRel) model extends
transformer-based SGG with two complementary modules:

e Visual-textual predicate prototype retrieval: Subjec-
t—object pairs are embedded in a shared vision-lan-
guage space to identify the most probable predicate.
A learned prototype bank provides open-vocabulary
retrieval, enabling predictions for relations unseen during
training. Prompt templates incorporating object cate-
gories (e.g., “< subj > is < predicate >< obj >")
and contrastive objectives align visual and textual embed-
dings, strengthening generalization to rare predicates.
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e Knowledge graph (KG) constrained retrieval and
ranking: In parallel, the model queries a heteroge-
neous commonsense KG derived from CSKG, which
merges ConceptNet, WordNet, and ATOMIC [9]. For
each object pair, candidate predicates are ranked by
type compatibility, path connectivity, and link-prediction
scores obtained from ComplEx embeddings [14]. This
reasoning pathway captures commonsense associations
(e.g., connecting person and tennis racket through play-
ing with) that purely visual systems miss [15].

The outputs of both channels are integrated through a cal-
ibrated fusion stage that adjusts scores via temperature
scaling, mitigating bias toward head predicates. The fused
scene graph thus combines visual evidence with knowledge-
grounded reasoning, balancing interpretability and general-
ization. Evaluations on VG [16] and GQA [17] demonstrate
strong zero-shot and open-vocabulary performance, with
notable improvements in recall for unseen predicates. The
model preserves efficiency while producing semantically
richer and more context-aware scene graphs.
Our work offers the following contributions:

e Problem formulation — Zero-Shot SGG: We formally
define zero-shot relationship retrieval for scene graphs
and outline evaluation protocols that distinguish unseen
predicates from unseen subject—object compositions.
Metrics such as zero-shot recall @K measure a model’s
ability to infer relations absent from training data.

e Dual retrieval architecture: We propose a neurosym-
bolic framework that unifies visual-text alignment and
knowledge-graph reasoning. Our SGG model integrates
predicate prototypes and heterogeneous commonsense
graphs, bridging neural and symbolic reasoning to man-
age both visually distinctive and context-driven relations.

e Calibration for long-tail balance: A temperature-based
calibration strategy adjusts relation confidence scores to
counteract frequency bias. This improves mean recall for
rare predicates without diminishing head-class accuracy,
addressing the inherent imbalance of open-vocabulary
SGG.

e Comprehensive evaluation and analysis: Extensive
experiments on VG and GQA show strong strict zero-shot
performance, with zZR@ 100 = 37.1% on the reported VG
split. Relative to the strongest prior zero-shot KG-based
baseline in our comparison table, the gain is modest (+1.4
absolute points over KnowZRel [18] at zZR@100) but is
accompanied by improved mean recall and complemen-
tary qualitative behaviour. Ablations across knowledge
sources (CSKG vs. ConceptNet) and embedding methods
(ComplEx, DistMult) confirm that heterogeneous CSKG
and ComplEx scoring yield the best performance. We also
provide qualitative error categorization and discuss ethi-
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Fig.1 Taxonomy of scene
graph generation approaches.
Left: data-centric methods
relying on visual detectors.
Middle: open-vocabulary
models extending predicate sets
via vision—language alignment.
Right: the proposed \ 2
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cal concerns regarding biases within both visual datasets
and external knowledge resources.

The rest of this paper is organized as follows. Section
2 reviews related work on data centric, open-vocabulary
and neurosymbolic SGG. Section 3 presents the proposed
ZeroRel framework, including the visual-text prototype
channel, knowledge graph retrieval, and calibration strategy.
Section 4 details the experimental setup, datasets, evaluation
metrics, baseline methods, ablation studies and qualitative
analyses. Section 5 concludes the paper and outlines direc-
tions for future research.

2 Related Work

Scene Graph Generation has evolved through several
paradigms. We briefly review three relevant threads: (1) data-
centric models and debiasing for long-tail distributions, (2)
open-vocabulary and language-informed approaches, and (3)
knowledge-driven and neurosymbolic methods

2.1 Data-Centric SGG

Early SGG methods built upon object detection backbones
with additional relation prediction heads. For example, Neu-
ral Motifs [19] introduced a recurrent motif architecture that
captures common substructures in scene graphs. VCTree
[20] organized objects into a dynamic tree structure to better
encode context, improving relational reasoning in a purely
data-driven manner. These and other first-generation mod-
els relied heavily on dataset statistics and localized context
cues, and they often integrated simple language priors (e.g.
word embeddings or co-occurrence frequencies) to aid pre-
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diction. A persistent problem for data-centric models is the
long-tail predicate distribution in benchmark datasets like
VG [16].Figure 2 visualizes this imbalance: a few generic
predicates dominate while many informative relations are
extremely scarce, which drives head-class bias and poor
tail recall in purely data-centric pipelines [8, 9]. To address
this, researchers proposed various debiasing and rebalanc-
ing strategies. Tang et al. [21] introduced a causal inference
framework (TDE) that uses causal intervention to down-
weight the effect of object context, effectively reducing the
bias toward frequent relations. This method improved the
recall of rare predicates by “unlearning” false correlations,
and it became a standard benchmark for unbiased SGG. Other
approaches include re-sampling or re-weighting schemes,
and calibration modules that adjust the confidence of predic-
tions post-hoc. For instance, one method is to train a separate
calibrator to scale up the scores of tail classes during infer-
ence [18]. Another line of work employs mixture-of-experts
models that explicitly split the predicate space into head and
tail experts [22, 23], so that rare predicates are handled by a
dedicated sub-model. These techniques have proven effective
within the closed-set setting — several achieve higher mean
Recall (mR@K) by sacrificing some performance on head
classes. However, even the best debiasing methods struggle
when confronting strict zero-shot scenarios. If a predicate
never appears in training, a purely data-driven model (even
one with causal debiasing) has essentially no basis to pre-
dict it at test time [9]. In evaluations where a subset of
relationships are held-out during training (zero-shot splits),
traditional architectures often yield near-zero recall for those
predicates [24]. In other words, rebalancing can improve gen-
eralization within the seen label space, but it does not by itself
enable recognition of unseen relationships. This limitation
motivates augmenting SGG models with external informa-
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tion, as discussed in Sections 2.2 and 2.3. Another challenge
is that data-centric models tend to learn shortcut biases —
e.g. always predicting “on” for any two objects with vertical
overlap — instead of truly understanding the interaction [4,
5]. This reduces robustness on out-of-distribution examples.
Addressing this requires methods that incorporate higher-
level reasoning beyond pattern recognition. Neurosymbolic
integrations (Section 2.3) attempt to mitigate such issues by
checking predictions against commonsense constraints.

2.2 Open-Vocabulary SGG

To move beyond fixed vocabularies, recent works have
explored open-vocabulary SGG and related tasks where mod-
els can predict object and predicate classes not present in
the training set. One strategy is to leverage the rich seman-
tic knowledge in vision—language models (VLMs) and large
text corpora. For example, Pixels2Graph [25] generates scene
graph triples as textual sequences using a pretrained image-
to-text model. By prompting a generative model (similar to
a captioner) to output descriptions of relationships, and then
parsing those into a graph, Pixels2Graph can propose novel
predicates that were not in the original training labels. This
approach effectively delegates the open-vocabulary chal-
lenge to a foundation model (like a CLIP or CLIP-based
decoder [26]) which has seen a broad array of language.
The result is higher recall for unusual relationships, although
these models sometimes produce overly generic descriptions
unless carefully constrained [18]. Chen et al. [8] introduced
OvSGTR, a fully open-vocabulary scene graph transformer
that aligns visual features with text embeddings for both
objects and relations. OvSGTR uses image—caption pre-
training and a feature alignment loss to retain sensitivity to
unseen categories. It achieved state-of-the-art results in mul-
tiple open-VG settings (object-novel, predicate-novel, and
both) by virtue of this alignment. Another frontier is using
Large Language Models (LLMs) to inject commonsense or
interpret complex interactions. LLM4SGG [3] is a weakly-
supervised method that uses a GPT-based language model
to parse image captions into high-quality relation triples.
The idea is that an LLM, with its vast knowledge, can fill
in missing relationships or resolve ambiguities in the image
description. LLM4SGG demonstrated that even without full
supervision, one can improve graph quality by harnessing
language priors (e.g. an LLM knows that “wearing” is plau-
sible for person-clothing pairs, etc.). Similarly, Chen et al.
[27] proposed a “role-playing” approach where an LLM
plays different roles to adjust a visual model’s predicates
(e.g. one role enforces using more specific terms). These
hybrid LLM+vision approaches expand the predicate space
implicitly vialanguage understanding. A downside, however,
is potential hallucination; the language model might suggest
a relation that is not actually visible (e.g. inferring “friends
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with” or other non-visual relations) [28]. They also may not
strictly obey the visual evidence if not properly grounded.
Consistent with Figure 2, open-vocabulary methods expand
coverage down the long tail by injecting vision—language
priors, improving retrieval of infrequent predicates beyond
closed-set training [29]. For instance, where a traditional
model might just output “on” due to training bias, an open-
vocab model might correctly say “riding” if the visual cue
aligns with that concept from language pretraining. Table
1 summarizes representative methods in this category. A
common theme is that these models replace or augment the
conventional classifier with a more flexible mechanism (be
it a generative model, an embedding alignment, or an LLM)
to handle novel classes. However, relying solely on language
can introduce new failure modes: the model might default to
very generic predicates (“related to””) when unsure [28], or
violate physical plausibility due to linguistic bias. This moti-
vates combining language-based openness with additional
constraints — which is exactly the role of knowledge-based
techniques in the next subsection.

2.3 Knowledge-Driven and Neurosymbolic SGG

Another line of work aims to inject commonsense knowl-
edge into the SGG pipeline. The intuition is that a knowledge
prior can constrain and enrich the model’s predictions, espe-
cially for relationships that are rare or not learnable from
visual data [33] alone. Early attempts added simple knowl-
edge cues, such as object—predicate co-occurrence statistics
or semantic similarities (e.g. WordNet distances) as extra
features in the model [1]. For example, KERN [34] incorpo-
rated knowledge by learning an implicit “routing” between
object pairs based on statistical knowledge priors. These
approaches showed that even basic knowledge can regu-
larize the predicate predictions, but they were limited to
seen relations and did not fundamentally solve the zero-
shot issue [35]. More explicit methods leverage structured
Knowledge Graphs (KGs). A representative work is KBGAN
[11], which extracted triples from ConceptNet to refine visual
features and used an adversarial loss to ensure predicted rela-
tions align with commonsense. Similarly, Zareian et al. [36]
proposed a model that bridges scene graphs with Concept-
Net: it propagated KG relations through a Graph Neural
Network to update visual relation features. These methods
generally focused on improving supervised SGG (i.e. boost-
ing recall of tail classes) by infusing additional edges that
make sense according to acommonsense graph. They showed
modest gains in mean recall and the ability to predict some
relationships that were otherwise missed. However, they typ-
ically rely on a single knowledge source (ConceptNet in
these cases) and do not handle completely unseen predicates
beyond providing a slight semantic boost. Recent work has
moved towards using heterogeneous knowledge and treating
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Fig. 2 Long-tail distribution of relationship predicates in Visual Genome. A few generic relations dominate, while many informative predicates
are rare. Shaded regions indicate the regime targeted by debiasing, open-vocabulary, and neurosymbolic zero-shot methods

relationship prediction as a retrieval problem. The Common-
Sense Knowledge Graph (CSKG) [9] is a unified resource
that merges multiple KGs (ConceptNet, ATOMIC, WordNet,
VG’s knowledge base, etc.) into one large graph of common-
sense facts. CSKG offers much broader coverage of concepts
and relations than any single source, making it attractive for
zero-shot reasoning. In our prior work MuRelSGG (Khan
et al. [37]) — a neurosymbolic SGG model — we embed-
ded CSKG into a transformer-based pipeline, allowing the
model to enrich predicted scene graphs with relevant triples
from the KG. By querying CSKG for each predicted rela-
tion and adding the most pertinent triples, MuRelSGG was
able to improve recall on long-tail predicates and increase
the descriptiveness of the scene graph. Notably, we found
that CSKG enrichment yielded significantly higher recall
and mean recall than using ConceptNet alone, underscoring
the value of heterogeneous knowledge [37]. Another model
using CSKG is KnowZRel [18], which formulates zero-shot
SGG as retrieving candidate predicates from a common-
sense KG given two detected objects. It first refines detected
object labels via a KG embedding similarity check (to merge
duplicates or synonyms), then queries CSKG for all pos-
sible relations between those objects. Retrieved triples are
filtered by semantic similarity of nodes to ensure relevance,
and finally the remaining relations form the zero-shot scene
graph. KnowZRel achieved a zero-shot recall (zZR@100) of
~35.7% on VG, dramatically higher than prior neural models
which were in the low 20s [18]. This confirms that structured
commonsense knowledge can supply the missing links for
unseen relationships. Another knowledge-driven example is
Coacher [13], which also targeted zero-shot SGG using Con-
ceptNet paths to score candidate relations. Coacher reported
improved performance on a specially crafted zero-shot split
of VG, though its knowledge source was smaller in scope
than CSKG. Beyond commonsense KGs, some works use
ontologies or taxonomies to aid generalization. For instance,

@ Springer

Jiang et al. [38] designed a hierarchical relation taxonomy
and used a lightweight language model to prune implausible
predicates for each object pair, which helped in predicting
more fine-grained relations beyond the training set. This can
be seen as imposing type-level constraints (e.g. only cer-
tain relations are allowed for certain object categories) — a
principle also inherent to KG-based methods. Table 2 com-
pares several knowledge-infused SGG frameworks on their
knowledge sources and zero-shot capabilities. A clear trend
is that methods using explicit KGs (especially merged ones
like CSKG) can truly handle zero-shot cases (v in Table 2)
by retrieving relationships never seen in training, whereas
those using implicit language priors (e.g. LLM-based) pro-
vide only partial zero-shot transfer (O in Table 2) unless
explicitly designed for it. Our proposed model falls in the
neurosymbolic category: it tightly couples a state-of-the-art
visual encoder with heterogeneous KG retrieval, aiming to
marry the strengths of both paradigms. It goes a step further
by also incorporating a visual-language prototype alignment,
which, to our knowledge, has not been combined with KG
reasoning in prior SGG works.

3 Proposed Method

We propose ZeroRel, a neurosymbolic framework for zero-
shot relationship retrieval in Scene Graph Generation (SGG).
ZeroRel couples (i) a modern detector with light object
refinement, (ii) a visual-text predicate prototype channel
for open-vocabulary matching, and (iii) a commonsense
KG-constrained retrieval channel that queries a heteroge-
neous knowledge graph (CSKG) with link-prediction scor-
ing. A calibrated late-fusion stage reconciles both channels,
improving tail and unseen predicates without eroding head-
class recall. An overview of the complete pipeline, including
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Fig.3 Overview of the ZeroRel architecture. Detected objects are refined and passed to (A) a visual-text predicate prototype channel and (B) a
commonsense KG retrieval channel. Calibrated fusion combines both into the final scene graph

refinement, dual retrieval, and calibrated fusion, is shown in
Figure 3.

3.1 Task and notation

Given an image /, an object detector yields objects O =
{0:}?_, with labels /;, boxes b;, and Rol features v;. A scene
graph is a set of directed triplets {o;, r, 0;) where r is a pred-
icate. In zero-shot SGG, a subset of predicates is unseen
during training; the model must predict them at test time. We
report Recall@K and mean-Recall@K (mR@K), and zero-
shot Recall@K (zZR @K) computed only over triplets whose
predicates were unseen during training [39]. We also evalu-
ate unseen compositions where r is seen but the ordered label
pair (/;, ;) is novel.

3.2 Architecture Overview

Backbone. We use Faster R-CNN (ResNeXt-101-FPN) to
produce proposals and Rol features. A global ViT CLS token
g supplies scene context [33, 40]. For each object we store
(i, bi, vy).

Refinement. Before relation inference we prune duplicate
or near-synonymous detections with an IoU plus semantic-
similarity test using CSKG embeddings (ComplEx) [9, 14].
This removes redundant nodes that inflate spurious pairs [ 18].
The procedure is summarized in Algorithm 1. The refined
index set is denoted L.

Dual retrieval. From L,, ZeroRel predicts relations
through two complementary channels.

1. Predicate-prototype retrieval (visual—-text). A two-layer

MLP maps pair features to an embedding z;; that is com-
pared (cosine) against a bank of predicate prototypes P =

@ Springer

Algorithm 1: Object refinement: CSKG cosine + IoU
deduplication

Input: Detections {(/;, b;, vi)}i=1.,; CSKG embeddings E(-);
thresholds Tjoy, Tsim

Output: Refined index set L,
L, < [ ]; sort detections by confidence (desc);
fori =1tondo
redundant <— False;
for j € L, do

IoU <« IoU(b;, bj); s < cos(E(;), E()));

if IoU > tj,, and s > 1, then

L redundant < True; break

N M R W N e

if not redundant then
9 L append i to L,

10 return L,;

®

{pr}. Prototypes are initialized from CLIP/BERT text
prompts such as “[SUBJ] is » [OBJ]”. Contrastive train-
ing aligns seen relations and enables open-vocabulary
retrieval for unseen r by nearest-prototype matching.
Details are in Section 3.3.

2. KG-constrained retrieval (commonsense). For each pair

(i, j) we query CSKG (merged ConceptNet, ATOMIC,
WordNet, etc.) within one to two hops to harvest can-
didate relations and paths. Each candidate is scored by
a ComplEx link-prediction term f(e;, w,, e;) [14], a
path-support score, and a light visual-agreement bonus if
Channel A suggests the same predicate. Type filters and
VG-style mappings remove generic or non-visual edges
[18]. The full retrieval-and-ranking procedure is given in
Algorithm 2.
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Calibration and fusion. Scores from both channels differ
in scale and bias. We calibrate each with temperature scaling
on a held-out set and apply a small long-tail prior to reduce
head dominance [41]. For pair (i, j) and predicate r, then
threshold and keep global top-K triplets to form the final
scene graph. This is summarized in Algorithm 3.

3.3 Visual-Text Predicate Prototypes Retrieval
Pair features. For a directed pair (i, j), we form
uij = [vi; vj; v Ovj

A two-layer MLP produces z;; € R4,

Prototype bank. For each predicate r € ¥ (all seen pred-
icates plus extra relations from CSKG or vision-language
corpora), we compute a text embedding with a generic
prompt and store p,. During training, prototypes for seen
predicates are tunable, while unseen ones remain fixed as
language priors.

Objective. For each ground-truth triplet (i, r, j) in a batch,
the InfoNCE [42] loss encourages cos(z;j, py) to exceed neg-
ative examples:

exp(cos(zij, pr)/v)
Y retryuy expeos(zij, pr)/y)

o%roto = —log (D

An auxiliary cross-entropy loss on seen predicates stabi-
lizes training. At inference, the channel returns Rg.rmo =
{(r, si‘}mto (r))}, which is later combined with KG scores by
the calibrated fusion stage in Algorithm 3.

Benefit. This channel captures visually distinctive or
language-aligned predicates and provides open-vocabulary
hooks for labels never seen during training (e.g., grasping,

riding).
3.4 KG-Constrained Retrieval and Ranking

Neighborhood search. The overall retrieval and scoring
pipeline is summarized formally in Algorithm 2. We map
object labels to CSKG nodes and fetch all one-hop neigh-
bors and two-hop paths

L

i—x = j.

Trivial, self, or purely Similarity relations and non-visual

edges are discarded unless they support a visual mapping.
Scoring. For each candidate r between (i, j):

e Link score: s;, = o(%(e;, wy, ¢;)) using the ComplEx
embedding model [14].

e Path score: sy, increases with the number and strength
of supporting 2-hop paths.

e Visual agreement: add § if r appears in the top-k list
from the prototype channel.

e Type filter: downweights non-visual or semantically
incompatible relations.

The channel outputs REG = {(r, sl.IEG (r))}, keeping the top-
k predicates per object pair.

Algorithm 2: KG retrieval and ranking (CSKG + Com-
plEx)

Input: Refined labels {ii}; CSKG; embeddings e., w,; top-k
from prototype channel Rf)/m[o; weights «, B; bonus &g

Output: Per pair (i, j): top-k KG list REG
for (i, j) withi # j do
Map I, f_/ to CSKG nodes ¢;, ¢; (lexical + synonym map);
C <« direct edges and 2-hop paths between (c;, ¢;);
Remove non-visual/generic edges by type filters;
for r € C do

Sip < o(m(eci, wy, Zj)) R

[ e R

// ComplEx link
score
7 Spath <— normalized path support;

8 5<_1[reRfj‘°‘°]-ao;

bonus

9 KG §:
s (r) < asip + Bspan + 6

// visual agreement

10 R}}G < top-k predicates by s,-K;G(V)§

KG).
11 return {Rl.j IS

3.5 Calibration and Late Fusion

Scores from both channels are calibrated on a held-out vali-
dation split.

Temperature scaling. We learn separate temperatures Tproto
and Txg to minimize Negative Log-Likelihood (NLL) or
Expected Calibration Error (ECE) for each channel. These
convert similarities or logits into calibrated probabilities. A
small long-tail bias prior b, (larger for rarer predicates) is
added to counter the frequency skew [21].

Fusion. For an ordered object pair (i, j), let

L proto KG
Cij = R[;"°URS

be the union of candidates from both retrieval channels. For
each predicate r € C;;, the fused score is

Pii(r) = max<135m‘°(r) + by, BXG (r)). )

The max operator in Eq. (2) is used as a conservative
late-fusion rule between two complementary experts rather
than as a learned mixture. After temperature scaling, each
branch provides a calibrated confidence score, and the max

@ Springer
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preserves a strong signal when either channel is reliable.
This is appropriate in the present zero-shot setting, where
one source may be highly informative while the other is
silent or noisy for a given predicate. A weighted sum was
not preferred because it can dilute strong evidence from one
channel with weaker evidence from the other, and a learned
fusion rule would introduce additional parameters that are
difficult to fit robustly on a relatively small validation split.
This design is consistent with the broader calibration litera-
ture, where temperature scaling is used precisely because it
is simple, stable, and effective for confidence correction [43].
Empirically, calibration materially improves reliability in our
setting (Table 8), and naive fusion without calibration reduces
zR@100 from 37.1 to 32.5 (Table 9), which supports the use
of a simple calibrated late-fusion rule. We retain predicate r
if 13,-./ (r) = t, allowing up to two non-exclusive predicates
per object pair. Finally, the global top-K triplets (per image)
are selected to construct the final scene graph. The complete
calibrated fusion and graph assembly routine is summarized
in Algorithm 3.

3.6 Training Details

We freeze the detector and train the relation components on
VG using the unseen—predicate split [16, 18]. The prototype
channel is trained with an InfoNCE [42] loss (temperature y)
combined with a light cross—entropy term on seen predicates
(weights 1.0 / 0.5). The predicate vocabulary size |¥x| is
approximately 200, incorporating the standard VG50 pred-
icates together with CSKG—derived relations and synonym
expansions.

The KG channel receives no direct supervision; its scores
are produced from CSKG structure and ComplEx link pre-
diction. The weighting coefficients («, 8, §) are tuned on a
validation set, and the frequency—aware tail prior b, depends
on the global frequency rank of predicate r.

During inference, ZeroRel retrieves the top-k hypotheses
from each channel (k = 5), applies temperature calibration,
performs late fusion, and retains the global top-K triplets
(K = {20,50, 100} depending on the evaluation setting).
Section 4 reports R@K, mR@K, and strict zero-shot recall
(zZR@K). Figure 2 and Tables 1 and 2 contextualize the
long—tail structure and predicate openness under these met-
rics.

3.7 Why Dual Retrieval?

The dual-channel design directly addresses complementary
weaknesses identified in Section 2. The visual-text pro-
totype channel excels when appearance cues align well
with language priors, enabling open—vocabulary generaliza-
tion for semantically coherent predicates such as wearing,
holding, or standing on. In contrast, the KG—constrained

@ Springer

Algorithm 3: Calibrated fusion and graph assembly

proto  HKG £, qirs (7. 7): S
R; ! , R;3" for all ordered pairs (i, j); temperatures

Tproto, Tk G tail priors {b, }; threshold t; per-pair cap m;
global K
Output: Predicted scene graph .
1 for each (i, j) do
2 for r € Rf % do

Input:

3 L ﬁgrm‘)(r) «~ softmax(sg-mm(r) / Tproto)
4 | forre R§G do

5 L ﬁi']?G(r) <« softmax(sﬁG(r)/ TkG)

6 | Cij < RI™URKS;

7 for r € C;j do
s | | Pyt < max(PE°() + by, PXO();

9 | Keep at most m predicates with f’,- j(r) = t for pair (i, j);

10 Collect all retained triplets; sort by P; keep global top-K as .7
11 return.?;

channel contributes relations that are weakly expressed in
the pixels but strongly supported by commonsense structure,
including predicates like riding, using, or supporting [8, 9,
14, 25].

Calibration prevents either source from dominating: tem-
perature scaling and the tail prior redistribute probability
mass so that rare predicates are not overwhelmed by head-
—class biases [21]. Empirically (Section 4), the KG-only
model achieves strong strict zero-shot recall but lacks fine
visual discrimination; visual-only open—vocabulary mod-
els improve mR@XK but fail on strict zero—shot predicates.
ZeroRel unifies both sources, giving substantial gains in mR
and zR without sacrificing performance on head predicates.

3.8 Complexity and Deployment

Overhead beyond detection is modest:

e Refinement: & (n2) IoU + cosine computations on ~20-
30 detections; embeddings are cached.

e Prototype retrieval: one MLP and ~200 cosine similar-
ities per pair; fully vectorizable.

e KG retrieval: pre-extracted CSKG subgraph for VG
object concepts (2-hop), queried in-memory using adja-
cency lists or KGTK; ComplEx scoring involves only a
few dot products per candidate.

e Fusion: lightweight softmax operations and threshold-
ing.

On an NVIDIA V100 GPU, end-to-end inference adds
approximately 5—10 ms over the base detector; memory over-
head is limited to a few megabytes for embeddings and the
CSKG slice. Simple caching of frequent object-pair lookups
makes KG retrieval effectively a dictionary query.
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3.9 Discussion and Limitations
ZeroRel improves coverage down the tail (Fig. 2) by:

1. Expanding the predicate space via language prototypes,
and

2. Retrieving plausible relations never seen in training
through CSKG paths and link prediction.

Nonetheless, several caveats remain. The method still
depends on KG completeness—missing edges directly affect
zero-shot recall. Ambiguous visual evidence can yield
generic predictions (e.g., near vs. kissing), and ground-truth
annotation gaps cause evaluation mismatches when ZeroRel
predicts valid but more specific synonyms. Calibration mit-
igates overconfidence and balances head/tail frequencies,
while type filters suppress non-visual edges unless they sup-
port a visual mapping. Future work will extend ZeroRel
to temporal reasoning in videos and higher-order relational
inference.

4 Experiments and Results

We evaluate ZeroRel on VG and GQA under (i) strict
zero-shot splits, (ii) open-vocabulary evaluation, and (iii)
cross-dataset transfer. Unless stated otherwise, we report
scene graph detection metrics (objects and relations predicted
jointly), using the same evaluation protocol as prior work [18,
32].

4.1 Datasets and Splits

Visual Genome (VG). We use the VG scene graph bench-
mark [16], containing ~108k images with dense object and
relationship annotations. Following standard practice, we
keep the 150 most frequent object classes and 50 predicate
classes as the base ontology. To create a strict zero-shot set-
ting, we hold out 10 predicates from relation training and
remove all training triplets containing those predicates. The
held-out set was selected before final training using three cri-
teria: (i) each predicate is visually grounded and semantically
distinct, (ii) each predicate has sufficient support in the test
set for stable ZR@K estimation, and (iii) the final set spans
multiple interaction types rather than near-synonymous vari-
ants. The exact held-out predicates used in our experiments
are:

{riding, eating, carrying, covering,
looking at, using, hanging from, playing,
walking on, parked on}.

The remaining 40 predicates constitute the seen label
space. The validation and test partitions are left unchanged,
and zZR@K is computed only on ground-truth triplets whose

predicate belongs to this held-out set. For reproducibility,
the exact predicate list, the filtered VG training split, the
evaluation masks used for zZR @K, and the VG-to-GQA map-
ping files will be made available upon acceptance in a public
repository together with the code.

GQA (cross-dataset). GQA [17] provides scene graphs
for 113k images designed for visual reasoning. Its ontology
overlaps with VG but differs in label frequencies and some
relation names. We use GQA to test cross-dataset robustness:
the model is trained only on VG and evaluated on 10k GQA
validation images without any fine-tuning.

Object labels are mapped to the nearest VG class where
needed (e.g. merging fine-grained categories into the 150 VG
objects), and predicates are mapped to our predicate vocab-
ulary or the closest synonym (e.g. mapping “in front of” to
“in front of/behind” when applicable). We again report R@K
and mR @K, and we additionally mark those GQA predicates
that never appeared in VG training as “implicitly zero-shot”
for analysis.

Detection vs. classification. Our main results are in
the scene graph detection regime, where the model must
both localize objects and predict relations. Some prior work
reports numbers in a simpler “classification” setting with
ground-truth boxes [19, 20]; we focus on detection for real-
ism and only use the classification setting in ablations to
isolate the effect of relation modeling independent of detec-
tion noise.

Statistics. Table 3 summarizes the dataset statistics and
the zero-shot split configuration for VG and the cross-dataset
evaluation on GQA, including the number of images, object
and predicate classes, and the number of zero-shot test
triplets.

4.2 Implementation Details

Backbone and features. ZeroRel is implemented in
PyTorch. We use Faster R-CNN with a ResNeXt-101-FPN
[33] backbone as the object detector, pretrained on VG
and fine-tuned on the 150 object classes [18]. The detec-
tor outputs bounding boxes, class logits and region features
(Rol-pooled). A global image descriptor g is extracted with
a lightweight ViT encoder, but the dominant computation
remains in the CNN backbone.

During relation training, detector weights are frozen; only
the relation modules (visual MLP, prototype heads, calibra-
tion parameters) are updated. This matches the practice in
recent SGG work where relation heads are decoupled from
detection [7, 18].

Training schedule. Relation modules are trained for 20
epochs on the VG training split (with the 10 zero-shot pred-
icates removed). We use Adam with an initial learning rate
of 1 x 1073 for relation parameters and a smaller 1 x 107>

@ Springer



(2026) 20:411

Signal, Image and Video Processing

Page 12 of 20

411

(udasun A[oATO

(TeAe sse[o-uado) y/N M09~ Kuew — pauryopaid jou ¢SorreA) (DA s defrono) 16 (ST 03 paddewr) (L1 01 /—/— [L1] (Bururemax ou) yOOH
uo payred ‘uo Sunyrem ‘Surkerd
‘woty Surduey ‘Suisn ‘je Juryoo[
(SOSSB[O ()] SSOIOR) Y]~ 00T~ ‘urroa0o ‘Jurkired ‘3uneo ‘Furpir  (UdASUN ()] + UAAS ) OS 0ST  (xo1dde) G /MG /M00T  [91] (DA) dwouds) [ensip
s3o1d1a) 3593 J0ys-0197  S39[LI) 3S9) [e)0], saedrpaad Jno-pPy SISSB[D 9)eIIPII] sassep 193[qQ  (359)/[eA/ure)) Safeuw] jaseje(q

soy1oads 11ds Joys-01oz pue sonsnels Josereq € ajqel

pringer

Qs



Signal, Image and Video Processing (2026) 20:411

Page 130f20 411

for any detector head parameters that are lightly fine-tuned,
cosine decay, and batch size of 8 images.

The visual-text prototype branch is trained with an
InfoNCE [42]-style contrastive loss between pair embed-
dings z;; and predicate prototypes p,, combined with an
auxiliary cross-entropy loss over seen predicates:

L = LifoNcE +ALcg, 2 =0.5.

Prototype vectors are initialized from a CLIP-style text
encoder [26] using simple templates (e.g. “[SUBJ] is _r
[OBJ]”) and fine-tuned for seen predicates; prototypes for
unseen predicates remain fixed language embeddings.

Knowledge resources. For the KG channel we use CSKG
v1.0 [9], a heterogeneous commonsense graph constructed
with KGTK [12]. We adopt pre-trained 256-d ComplEx
embeddings [14] for all CSKG entities and relations, which
provide link-prediction scores used in KG ranking. At infer-
ence, we restrict to a pre-extracted CSKG subgraph centered
onthe 150 VG object classes and their 2-hop neighbors, keep-
ing runtime small while preserving coverage.

Object refinement and thresholds. Object refinement
follows KnowZRel [18]: detections with high box overlap
(IoU > 0.5) and high semantic similarity in CSKG embed-
ding space (cosine similarity > 0.8) are merged, keeping
the more confident/specific label. This removes duplicate
boxes and near-synonyms (e.g. person/woman) before rela-
tion retrieval.

For each subject—object pair we keep top-K relation can-
didates from each channel (typically K = 5) and retain up to
2 relations per ordered pair after fusion, discarding predic-
tions with calibrated probability below 0.3.

Calibration and fusion. Channel scores are calibrated
on a held-out validation set using temperature scaling [41]:
Tproto is learned for the prototype branch (typically ~ 2.0),
while KG scores require only mild rescaling (Txg ~ 1.0). A
small prior term based on predicate frequency (head/mid/tail)
is added to logits to slightly upweight rare classes during
inference. Fused scores are computed as the maximum of the
calibrated per-channel scores for each predicate, as detailed
in Section 3.6.

Hyperparameters. Key hyperparameters and hardware
details are summarized in Table 4, including embedding
dimensions, thresholds, maximum relations per pair, and the
approximate 0.12s/image runtime on a single V100 GPU
(including detection). These settings are fixed across all
experiments unless explicitly varied in ablation studies.

4.3 Baselines
We compare ZeroRel against three families of SGG meth-

ods, covering data-centric, open-vocabulary, and knowledge-
augmented paradigms.

(i) Data-centric and debiased SGG. We include classic
context models MotifNet [19] and VCTree [20], both with
the conventional frequency-based predicate bias, as well as
their debiased variant using Tang et al.’s TDE causal interven-
tion [21]. We also evaluate EGTR [7], a recent DETR-style
transformer [44] that predicts scene graphs in a one-stage
fashion and achieves strong closed-set performance. These
models are trained on the same VG split (with zero-shot pred-
icates removed) to quantify how much recall remains when
no external semantics are used.

(ii) Open-vocabulary and language-driven SGG. Pix-
els2Graph [25] leverages a pretrained generative VLM to
decode scene graph triplets as text, and OvSGTR [8] aligns
visual features with text embeddings to handle novel objects
and predicates. LLM4SGG [3] uses a GPT-based LLM to
parse captions into relation triples under weak supervision,
while Capsule ZS-SGG [30] pursues zero-shot generalization
purely via capsule-based equivariant reasoning (no external
KG). These methods represent the current state of open-
vocabulary and language-augmented SGG.

(iii) Knowledge-augmented and neurosymbolic SGG.
COACHER [13] exploits ConceptNet paths for zero-shot
relation prediction; MuRelSGG [37] uses CSKG enrich-
ment to improve long-tail recall in a neurosymbolic trans-
former; KnowZRel [18] formulates zero-shot SGG directly
as CSKG-based predicate retrieval. ZeroRel extends this line
by combining CSKG retrieval with a visual-text prototype
channel and calibrated fusion.

All methods are reported using the same metrics, but not
all numbers are equally comparable. Table 5 distinguishes
these cases explicitly. When code or checkpoints allowed re-
evaluation on our exact VG held-out split, we scored those
methods with the same evaluation pipeline, including the
same split definition, detector outputs, predicate mapping
rules, and metric implementation. We mark those results as
directly comparable. Results taken from published papers or
adapted from non-identical settings are retained only as con-
textual reference. We therefore avoid treating mixed-protocol
margins as definitive evidence. In particular, the compari-
son with KnowZRel should be interpreted as direct only if
its score is obtained on the exact same held-out predicate
split and evaluation pipeline; otherwise, the numerical gap is
descriptive rather than conclusive.

4.4 Main Zero-Shot Results on VG

Table 5 reports Recall@K (R@K), mean Recall@K

(mR @K), and zero-shot Recall@K (zZR @K)) on the VG held-
out-predicate split described in Section 4.1. ZeroRel achieves
the strongest zZR@K values in the reported table, reaching
zR@100 = 37.1%. Relative to visual-only open-vocabulary
baselines such as Pixels2Graph and OvSGTR, the gain is sub-
stantial. Relative to the strongest prior KG-based zero-shot

@ Springer
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Table 4 Training and inference parameters

Component

Setting/value

Detector backbone
Relationship encoder (visual)
Prototype embeddings
Optimizer

Training epochs

Batch size

Loss weights

IoU / Sim thresholds (refine)
Temperature (proto)
Temperature (KG)

KG embedding model

Max preds per pair (each channel)
Score threshold (fusion output)
Max relations per object pair
Seed for reproducibility
Hardware

Inference time

ResNeXt-101-FPN (pretrained on VG)
2-layer MLP, output dim d = 256

Init from CLIP text encoder (256-d)
Adam, Ir= 1 x 1073 (relations), 1 x 107> (detector heads)
20 (VG)

8 images

Linfonce : 1.0, Lcg : 0.5

Tion=0.5, Tsim=0.8

Tproto=2.0 (learned)

Txc=1.0 (fixed)

ComplEx, 256-d, pre-trained on CSKG
5

0.3 (post-calibration probability)

2 (to avoid excessive multi-edges)

42 (fixed across runs)

Single V100 GPU, 32 GB

~120 ms/image (incl. detection)

method in the table, KnowZRel (35.7%), the improvement
is modest (+1.4 absolute points at zZR@100) and should be
interpreted cautiously whenever numbers are not obtained
under an identical split and evaluation pipeline.

Overall recall remains competitive: ZeroRel obtains
R@100 = 42.5%, only 0.5 points below EGTR, while
achieving the highest mR@ 100 (15.7%). This suggests that
combining calibrated visual prototype retrieval with CSKG-
based retrieval improves strict zero-shot recovery without
materially degrading overall scene-graph quality. We there-
fore frame ZeroRel not as a wholesale replacement of prior
KG-based retrieval, but as a complementary extension that
adds visually grounded evidence to a strong knowledge-
based zero-shot backbone.

Table 9 clarifies what the prototype channel contributes
beyond KnowZRel-style KG retrieval. Removing the visual
prototype branch reduces zZR@ 100 from 37.1 to 35.7, essen-
tially matching the KG-only setting, whereas removing the
KG branch reduces zZR@100 to 10.2. This indicates that the
prototype branch does not replace commonsense retrieval;
rather, it contributes a complementary signal that is most use-
ful when the visual evidence is distinctive but the KG alone
is too coarse. The qualitative examples in Figure 5 suggest
that this benefit is most visible for visually grounded pred-
icates such as riding, holding, and watching, while weakly
expressed interaction predicates remain challenging.A full
predicate-wise breakdown for the held-out split will be made
available upon acceptance in the same public repository.
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4.5 Cross-Dataset Generalization on GQA

To assess robustness under distribution shift, VG-trained
models are evaluated on GQA without fine-tuning. Because
GQA differs from VG in detector behaviour, ontology
granularity, annotation frequency, and label mapping, this
experiment is best interpreted as a transfer setting rather than
a strictly matched benchmark comparison.

Table 6 shows that ZeroRel attains R@100 = 30.5%
and mR@100 = 12.8%, outperforming both VG-trained
MotifNet and KnowZRel. The oracle row is included only as
areference point from prior GQA-trained settings and should
not be interpreted as a strict upper bound for the present
VG-to-GQA transfer setup. In this setting, mR@100 and
R @100 capture different behaviour: mR @ 100 weights pred-
icate classes equally and is therefore sensitive to balanced
performance on rarer relations, whereas R@ 100 is dominated
by frequent predicates and by object-detection and ontology-
alignment effects under distribution shift. ZeroRel’s higher
mR @100 relative to the oracle reference should therefore be
read as evidence of improved class balance within the trans-
ferred label space, not as evidence that the model surpasses a
fully supervised GQA model overall. The remaining gap in
R @100 indicates that frequent-predicate coverage and cross-
dataset alignment remain limiting factors.

ZeroRel also retrieves many GQA predicates absent from
VG training (e.g., leaning over, looking up), with around 25%
recall attributed primarily to KG reasoning and prototype
matching. Predicate-wise recall for a subset of GQA relations
is shown in Figure 4 (b).
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Table5 Zero-shot SGGresults ) R@20 R@50 R@I00 mR@I00 7R@20 7R@50 zR@100
on Visual Genome (VG) under
the exact 10-predicate held-out MotifNet' [19] 30.5 35.8 36.9 6.5 0.0 0.0 0.0
split described in Section 4.1.
Results marked with  are VCTree' [20] 315 37.2 38.1 7.1 0.1 0.1 0.1
evaluated on our exact split TDE Debiasing’ [21] 254 30.2 31.5 12.2 0.3 0.5 0.5
using the same evaluation EGTR' [7] 32.8 41.0 43.0 9.4 0.0 0.0 0.0
pipeline and are directly
comparable, Results marked Pixels2Graph? [25] 21.7 27.4 29.6 113 2.5 4.1 53
with * are taken from the OVSGTR? [8] 28.1 36.6 40.8 13.0 438 7.6 10.2
original papers or adapted from ;14 5GG# [3) 189 245 250 8.7 1.0 1.4 18
non-identical settings and are .
shown for contextual reference Capsule ZS-SGG¥ [30]  19.3 23.1 24.8 10.1 3.3 55 8.8
only. Best directly comparable Coacher? [13] 22.5 28.2 30.1 14.4 6.1 12.8 22.0
scores are in bold KnowZRel' [18] 24.6 29.3 31.0 15.0 12.5 223 35.7
MuRelSGG* [37] 33.1 39.8 432 14.9 0.0 0.0 0.0
ZeroRel (Ours)' 324 39.1 05 15.7 13.6 24.1 371
lozr@2000,R@50002R@100 |
40 Do MotifNet 10 KnowZRel 00 ZeroRel
~ 40
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(a) Zero-shot predicate recall zRQK on
Visual Genome (VG) for representative mod-
els

Fig.4 Zero-shot and cross-dataset recall results for ZeroRel

Table 6 Cross-dataset transfer from VG to GQA. All reported models
are trained on VG and evaluated on 10k GQA images without fine-
tuning. The oracle row is a reference number from prior GQA-trained
settings and is included only for scale; because the training data, detec-
tor, label mapping, and evaluation conditions differ, it should not be
interpreted as a strict upper bound for VG-to-GQA transfer

Model (trained on VG) R@100 mR@100
MotifNet 18.2 5.4
KnowZRel 27.3 11.9
ZeroRel (Ours) 30.5 12.8
Oracle (GQA-trained ref.) ~40 ~10

4.6 Open-Vocabulary Evaluation

We further evaluate ZeroRel in a fully open-vocabulary set-
ting on VG, permitting prediction of any predicate from the
prototype bank—including labels not present in VG. Predic-
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(b) Predicate-wise recall on GQA in the
cross-dataset setting for selected relations.

tions outside the VG label set are considered correct if they
match permitted synonyms.

Table 7 compares ZeroRel with OvSGTR, a state-of-the-
art open-vocabulary model [8]. ZeroRel achieves R@ 100
= 42.1% and mR@100 = 15.5%, slightly surpassing OvS-
GTR (40.8 / 13.0). This demonstrates that integrating CSKG
retrieval with visual-text prototypes preserves strong open-
vocabulary performance while significantly improving rare
and unseen predicate recovery.

Qualitatively, the prototype channel often proposes fine-
grained relations such as grasping or watching, which are
then validated or filtered by KG constraints. Some are more
specific than VG ground truth (e.g., on top of instead of on),
which improves semantic richness even when strict string
matching undercounts them. Figure 5 shows typical open-
vocabulary outputs.

@ Springer
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holding
woman ——— umbrella

on
woman — street

Notes: prototype+KG confirms
“holding” via usage edges.

Predicted (ZeroRel):
riding .

person ———— bicycle

bicycle =2 road

Notes: KG path “person — capa-
bleOf —> riding — usedFor —>
bicycle” supports the relation.

Predicted (ZeroRel):

watching .
man —— Monitor

using
man —— computer
Notes: prototype proposes

“watching” and “using”, KG
validates device—usage relations..

(a) Fine-grained grasping / (b) KG-supported zero-shot (c) Open-vocabulary speci-

holding “riding”

ficity

Fig. 5 Qualitative open-vocabulary examples produced by ZeroRel. Left: typical visual evidence producing a common predicate; middle: KG-
enabled zero-shot relation (“riding”); right: fine-grained predicate (“watching”) complementing VG labels

Table7 Open-vocabulary SGG on Visual Genome. Models may output
any predicate phrase; evaluation maps predictions to the VG label set
with synonym normalization

Method R@100 mR@100
OvVSGTR (2024) 40.8 13.0
ZeroRel (Ours) 42.1 15.5

4.7 Calibration and reliability

We first examine how well ZeroRel’s confidence scores
reflect actual correctness. Good calibration is important when
scene graphs are used downstream (e.g., for VQA or plan-
ning), because thresholds on confidence should correspond
to predictable precision.

‘We measure ECE and NLL on the VG validation set, both
before and after applying the temperature scaling and bias-
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correction strategy.As Table 8 shows, the uncalibrated model
is clearly overconfident: the overall ECE is around 0.14 and
NLL around 1.15. After calibration, ECE drops to roughly
0.05 and NLL to 0.98, indicating that the probabilities are
much closer to true likelihoods. The prototype channel ben-
efits most from calibration; the KG channel was already
comparatively well-behaved but still improves slightly.

Figure 6 plots reliability diagrams before and after calibra-
tion. The pre-calibration curve lies well below the diagonal
in the high-confidence region, confirming overconfidence
on frequent predicates. After scaling, the curve tracks the
diagonal closely, meaning that a prediction with (e.g.) 60%
confidence is correct about 60% of the time. This improved
reliability is also crucial for late fusion: without calibration,
visual scores tend to dominate KG scores, suppressing many
useful zero-shot candidates; once calibrated, both channels
contribute more evenly.
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Table 8 Calibration metrics on the VG validation set. Lower is better

Model stage ECE NLL

Before calibration (overall) 0.138 1.15

After calibration (overall) 0.052 0.98

Prototype module only (pre-calib) 0.142 1.21

KG module only (pre-calib) 0.081 1.07

- - - Ideal —&— Uncalibrated —m— Calibrated
1 T T T T T T T T T -

0.8 i
>
E

S 06 |
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e
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g
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0 01 02 03 04 05 06 07 08 09 1

Predicted confidence

Fig. 6 Reliability diagram on Visual Genome validation data. The
calibrated curve (red) is much closer to the ideal diagonal than the
uncalibrated curve (blue), indicating substantially improved confidence
calibration and more reliable fusion of visual and knowledge based
scores

4.8 Ablations and sensitivity analysis

We now study how different components of ZeroRel con-
tribute to performance. Table 9 reports R@ 100, mR @100,
and zZR@100 on VG for several ablated variants.

Removing the visual prototype channel reduces zero-shot
recall to the level of a pure KG method, essentially repro-
ducing KnowZRel. Removing the KG channel is even more
damaging: zZR@100 drops to around 10, similar to the best
purely visual open-vocabulary baselines. This confirms that
both channels are necessary for strong zero-shot perfor-
mance. Omitting calibration and using naive fusion also hurts
zR and mR, showing that calibrated scores are important for
balancing head and tail predicates.

We also vary the knowledge source and embedding model.
Replacing CSKG [9] with ConceptNet [45] substantially
lowers zZR@ 100, highlighting the value of a richer, heteroge-
neous graph. Using DistMult [46] instead of ComplEx [14]
for link prediction slightly degrades ranking quality and thus
recall, while skipping object refinement introduces duplicate
and noisy detections, leading to a modest drop in mR and zR.

To quantify computational overhead, Table 10 compares
throughput and GPU memory with and without our neu-
rosymbolic modules. ZeroRel is only modestly slower than
a detector+Motifs baseline, processing about 8 images per

second on a V100 with batch size 4, while keeping GPU
memory under 3.5 GB. Caching KG neighbors reduces the
runtime cost of symbolic retrieval to a negligible level.

4.9 Qualitative analysis

To better understand the behaviour of ZeroRel, we examined
qualitative predictions on a range of VG test scenes. The goal
was to characterize when the model successfully exploits
knowledge and visual cues, and when it falls back to generic
relations or makes systematic errors.

In successful zero-shot cases, the interaction between
the prototype and KG channels is clear. In scenes where a
person is mounted on an animal such as an elephant, the
prototype channel tends to assign high similarity to action
predicates, while CSKG contains paths that associate peo-
ple with riding as a typical activity involving such animals.
When these signals are fused, ZeroRel often assigns higher
confidence to the predicate riding than to purely spatial alter-
natives such as on, even though riding was never seen during
training. This shows that the model can move beyond co-
occurrence statistics and recover semantically appropriate
zero-shot predicates.

Typical failure cases arise when the target predicate is
fine grained or only weakly expressed in the pixels. For
instance, when a woman is feeding a baby with a bottle,
ZeroRel frequently predicts relations such as woman holding
bottle, bottle near baby, and woman near baby, but misses
the more specific predicate feeding. Although CSKG con-
tains facts that relate feeding actions to babies and bottles,
the visual cues are subtle and the model defaults to safer
generic relations. This behaviour is representative of many
errors on action predicates that require detailed pose or con-
tact reasoning.

Across a broader set of examples, we find that most errors
fall into three categories. First, there is ambiguity between
specific and generic predicates, for example holding ver-
sus kissing or feeding, where the model chooses the generic
option. Second, there are cases where the KG suggests a
plausible but unlabelled relation, so predictions are semanti-
cally reasonable but counted as incorrect under exact string
matching. Third, detection mistakes or inaccurate localisa-
tion propagate into the relation prediction stage and lead to
missing or misplaced edges. Even in these situations, the
resulting scene graphs are usually coherent and informative,
but sometimes less specific than the ground truth.

5 Conclusion
ZeroRel introduces a neurosymbolic approach to scene graph

generation that unifies visual-text predicate prototypes with
constraints from a commonsense knowledge graph for zero-

@ Springer
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Table 9 Ablation experiments

on VG (R@100, mR@100, Variant R@100 mR@100 zZR@100
zZR@100) Full ZeroRel (CSKG + proto + calib) 425 157 37.1
—no visual prototype channel 31.0 15.0 35.7
—no KG channel (visual-only) 40.8 13.1 10.2
—no calibration (naive fusion) 41.9 14.2 325
ConceptNet instead of CSKG 40.1 14.6 29.4
DistMult instead of ComplEx 42.1 15.4 349
No object refinement (dup detections) 41.7 14.9 36.3
I:siz)l;::g uIsr;fngTZ zirfgeli il;ldo 0 Setting Images/s GPU memory (GB)
GPU Detector + Motifs baseline (batch 4) ~12.5 29
ZeroRel (batch 4, cached KG) ~8.0 3.1
ZeroRel (batch 1, cached KG) ~53 2.5
ZeroRel (batch 4, no KG caching) ~7.5 3.1

shot relationship retrieval. On the reported VG strict held-out
split, the method reaches zZR @100 =37.1% and shows a mod-
est improvement over the strongest prior KG-based baseline
in our comparison table, while preserving competitive over-
all recall and higher mean recall. The main contribution of
the method is therefore not a large gain over every prior
approach, but the combination of complementary visual and
commonsense retrieval cues within a calibrated framework
that improves rare and unseen predicate coverage without
collapsing to head-class predictions.

Despite these strengths, several limitations remain. The
method relies on the completeness and quality of the external
knowledge graph; when relevant relations are absent or noisy,
predictions may be incomplete or overly speculative. ZeroRel
may also produce plausible but not directly image-grounded
relations, which can be undesirable in settings that demand
strict visual verification. Furthermore, the model currently
handles only static, pairwise relations, limiting its ability
to capture higher-order interactions or temporal dynamics
present in videos or sequential tasks.

Future work could explore extending ZeroRel to video-
based SGG, enabling the model to reason about evolving
actions and event sequences. Multi-hop reasoning over pre-
dicted scene graphs and the underlying knowledge graph rep-
resents another promising direction, turning the output into a
more expressive structured representation for downstream
reasoning. Incorporating human feedback, particularly in
ambiguous cases, may further refine predictions. Overall,
ZeroRel demonstrates the value of combining learned per-
ception with structured knowledge and suggests a path

@ Springer

toward scene understanding systems that generalize more
flexibly to novel and previously unseen relationships.
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