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Abstract

Scene Graph Generation (SGG) structures vi-
sual scenes as graphs of objects and their re-
lations. While Multimodal Large Language
Models (MLLMs) have advanced end-to-end
SGG, current methods are hindered by both
a lack of task-specific structured reasoning
and the challenges of sparse, long-tailed re-
lation distributions, resulting in incomplete
scene graphs characterized by low recall and
biased predictions. To address these issues,
we introduce SGG-R3, a structured reason-
ing framework that integrates task-specific
Chain-of-Thought (CoT)-guided Supervised
Fine-Tuning (SFT) and Reinforcement Learn-
ing (RL) with Group Sequence Policy Opti-
mization (GSPO), designed to engage in three
sequential stages to achieve end-to-end un-
biased scene graph generation. During the
SFT phase, we propose a relation augmenta-
tion strategy by leveraging an MLLM and re-
fined via embedding similarity filtering to alle-
viate relation sparsity. Subsequently, a stage-
aligned reward scheme optimizes the procedu-
ral reasoning during RL. Specifically, we pro-
pose a novel dual-granularity reward which
integrates fine-grained and coarse-grained re-
lation rewards, simultaneously mitigating the
long-tail issue via frequency-based adaptive
weighting of predicates and improving relation
coverage through semantic clustering. Exper-
iments on two benchmarks show that SGG-
R3 achieves superior performance compared to
existing methods, demonstrating the effective-
ness and generalization of the framework.

1 Introduction

Scene Graph Generation (SGG) aims to parse im-
ages into structured semantic graphs that represent
objects and their interrelationships, providing a
crucial bridge between vision and language that fa-
cilitates downstream applications including visual
question answering (Kenfack et al., 2020), image
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Figure 1: Pipeline comparison of Scene Graph Gener-
ation between the two-stage classification framework
and the end-to-end generative MLLM method.

retrieval (Schroeder and Tripathi, 2020), and em-
bodied navigation (Zhu et al., 2021; Gadre et al.,
2022; Huang et al., 2025a). Traditional SGG meth-
ods (Xu et al., 2017; Zellers et al., 2018; Tang
et al.,, 2019) predominantly follow a two-stage
paradigm, decoupling the task into object detec-
tion followed by relation prediction, with efforts
concentrated on refining the latter module. To
improve efficiency and mitigate error propagation,
end-to-end SGG approaches (Lin et al., 2020; Li
et al., 2022; Cong et al., 2023; Hayder and He,
2024) have emerged, which are often based on
Transformer (Vaswani et al., 2017) architectures
that unify object extraction and relation analysis.
However, such methods tend to produce predic-
tions that are biased toward high-frequency rela-
tions and have limited generalization to unseen
concepts due to overfitting on annotated data.

Recently, Multimodal Large Language Models
(MLLMs) (Liu et al., 2023; Wang et al., 2024b;
Bai et al., 2025) have advanced rapidly, demon-
strating considerable capabilities in object ground-
ing and relational reasoning. Unlike conventional
classification-based SGG methods that treat rela-
tion prediction as discrete labeling over fixed ob-
ject proposals, MLLMs facilitate the end-to-end
generation of scene descriptions in an open-ended
manner. As illustrated in Figure 1, guided by the
task prompt, the model directly generates a tex-
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tual representation of the scene graph, eliminating
the need for the two-stage generation process re-
quired by conventional methods. However, apply-
ing MLLM to end-to-end SGG presents two criti-
cal challenges. First, the absence of SGG-specific
structured reasoning pipeline compels model to
navigate an excessively vast search space. For in-
stance, using generic directives like “think step-
by-step in <think></think> tags” without gran-
ular procedural guidance makes it difficult to form
a valid Chain-of-Thought (CoT), leading to hal-
lucinations and low recall. Second, the inher-
ent sparsity and long-tailed distribution of relation
data (detailed analysis in Appendix B.1) drive fine-
tuned models to predict incomplete graphs with
biased relations. While existing research (Chen
et al., 2025; Li et al., 2025b) utilizes Supervised
Fine-Tuning (SFT) and Reinforcement Learning
(RL) to optimize output, these efforts often strug-
gle with precise object grounding and unbiased re-
lational modeling due to the absence of a special-
ized structured reasoning process.

Notably, SGG fundamentally differs from typi-
cal visual question answering, as it requires dense
and sequential prediction of both objects and their
relations, thus necessitating a tailored CoT pro-
cess. To this end, we introduce SGG-R3, a struc-
tured reasoning framework that integrates CoT-
guided SFT and RL paradigm. To alleviate re-
lation sparsity and the long-tailed distribution is-
sue, we first generate relation-augmented data by
leveraging Qwen2.5-VL-32B (Bai et al., 2025).
This dataset is then filtered by computing the co-
sine similarity between Sentence-BERT (Reimers
and Gurevych, 2019) embeddings of the gener-
ated relations and the original dataset relations,
thereby maintaining semantic alignment and yield-
ing higher-quality samples for SFT. To establish
foundational reasoning capabilities, the model is
supervised fine-tuned on relation-augmented data
formatted as CoT, explicitly engaging in three se-
quential steps of object category detection, ob-
ject instance grounding, and multi-type relation
extraction. The RL phase further enhances the
model’s capabilities in visual grounding and re-
lational reasoning. We introduce a novel dual-
granularity reward that integrates fine-grained and
coarse-grained relation rewards, which adaptively
weights predicates based on their frequency to
alleviate the long-tail issue, while also enhanc-
ing overall relation coverage by using DBSCAN-
based (Ester et al., 1996) semantic clustering to

group and match similar relations. Our main con-
tributions are summarized as follows:

* We propose a structured reasoning frame-
work for end-to-end unbiased scene graph
generation, which enhances controllability
and logical coherence by decomposing the
generation into three sequential stages.

* We introduce a relation augmentation method
for SFT and a novel dual-granularity reward
for RL, jointly mitigating the long-tailed dis-
tribution issue and promoting the generation
of unbiased scene graphs.

» Extensive experiments on two benchmarks
show that SGG-R3 outperforms previous
methods across multiple metrics, demonstrat-
ing its superior capability in visual grounding
and relation identification.

2 Related Works

2.1 VLM for Scene Graph Generation

Vision-Language Models (VLMs) provide a
promising approach for SGG by leveraging cross-
modal alignment. Current works (Zhang et al.,
2023; Li et al., 2024b; Chen et al., 2024) typically
retrieve objects and relations through global or re-
gional feature matching for open-vocabulary SGG.
(Yu et al., 2023) tackles the long-tailed distribution
by mining fine-grained predicates via a VLM and
an adaptive semantic clustering loss. Meanwhile,
MLLMs are fine-tuned to generate scene graphs
in an end-to-end manner via SFT and RL. (Chen
et al., 2025) pioneers the application of RL to
end-to-end SGG by designing a graph-constrained
reward to optimize structured outputs, while (Li
et al., 2025b) incorporates a cognitive CoT mech-
anism to improve relation recognition. However,
both approaches still fail to address the sparsity
and long-tail issues of relations.

2.2 Chain of Thought in Visual Reasoning

The success of CoT in Large Language Mod-
els (Wei et al.,, 2022) has motivated its adap-
tation to visual reasoning tasks. By breaking
down complex problems into sequences of inter-
mediate reasoning steps, CoT guides models to
produce incremental solutions rather than direct
answers. Several related methods (Shao et al.,
2024a; Huang et al., 2025b; Liu et al., 2025; Chu
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Figure 2: Overview of the SGG-R? framework. The “R3” denotes three key contributions: Relation augmentation,
structured Reasoning, and Reward alignment. First, candidate relations generated by the Qwen2.5-VL-32B with
CoT prompt are filtered via Sentence-BERT embedding similarity against the original data. The model is then
supervised fine-tuned on the CoT-formatted augmented data with CoT prompt, followed by reward-driven rein-

forcement learning aligned with the original dataset.

et al., 2025; Yuan et al., 2026) integrate explicit vi-
sual evidence during generation to bridge the gap
between visual perception and logical reasoning.
(Xu et al., 2025) adopt structured sequential stages
to achieve marked improvements on reasoning-
intensive tasks. Unlike general visual reasoning,
SGG’s dense prediction nature necessitates a tai-
lored structured reasoning process.

3 Methodology

This section begins with a formal definition of the
SGG task, followed by the introduction of our
three-stage progressive reasoning process. Fur-
thermore, we present a type-aware relation aug-
mentation strategy designed for the SFT phase. Fi-
nally, we detail the stage-aligned reward functions
and the RL algorithm integrated in our framework.
The overall architecture is illustrated in Figure 2.

3.1 Problem Formulation

The goal of SGG is to convert an input image [
into a structured graph representation G = (V, €).
Here, V denotes the set of object nodes, where
each node v € V corresponds to an object instance
represented by a tuple (b, c). The vector b € R* de-
scribes the object’s bounding box coordinates, and
cis its category label. The set £ comprises relation
triplets of the form (vs, p, v,), where vs,v, € V

represent the subject and object of the triplet, re-
spectively, and p is the predicate describing their
interaction. In a closed-set setting, all object cate-
gories ¢ and predicate categories p are drawn from
predefined sets C and P, respectively.

3.2 Three-stage Structured Reasoning

The model acquires structured reasoning capabil-
ities via visual instruction tuning in a prompt-
response format. Guided by the theory of prompt
space complexity (Zhang et al., 2025), we de-
sign a CoT prompt that enforces explicit task con-
straints and a three-stage cognitive process (see
Appendix A.4). During SFT, the response is struc-
tured to systematize the unordered SGG process
into a rigorous, sequential three-stage pipeline (de-
tails in Appendix A.6). The structured reasoning
stages are defined as follows.

Stage 1: Object Category Detection. Direct
bounding box detection for predefined object cat-
egories is prone to error propagation, resulting in
imprecise localization, hallucination artifacts, and
suppressed recall. To mitigate this, our model first
identifies only the categories present in the image,
effectively narrowing the search space to relevant
object categories.

Stage 2: Object Instance Grounding. Based
on the category set from Stage 1, the model per-
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forms instance grounding by sequentially process-
ing each identified category. Specifically, it detects
and localizes all object instances belonging to the
current category before proceeding to the next one.

Stage 3: Multi-type Relation Extraction.
This stage focuses on extracting (subject-
predicate-object) relation triplets. To capture the
semantic and visual diversity of predicates, the
model explores latent inter-object associations
across three predefined predicate types. For
example, in VG150 (Xu et al., 2017) we consider
spatial, possessive, and interactive relations,
while in PSG (Yang et al., 2022) we distinguish
spatial, static-interactive, and dynamic-interactive
relations, with details in Appendix A.3. The
output order of relations within each type adheres
to the subject instance sequence in Stage 2.

To maintain  structural integrity  dur-
ing reasoning, SGG-R? explicitly
marks each stage with dedicated tags:

<CATEGORY></CATEGORY>, <OBJECT></OBJECT>,
and <RELATION></RELATION>. These tags
correspond to the start and end of each stage
respectively, with outputs standardized in JSON
format. All stages are completed in a single
inference pass.

3.3 Type-aware Relation Augmentation

SFT enables the model to learn structured outputs
and the target data distribution, yet its generaliza-
tion is often constrained by the sparsity and long-
tailed nature of relation annotations. To address
this, we propose a type-aware relation augmen-
tation strategy based on Qwen2.5-VL-32B (Bai
et al., 2025) to increase the number of relation in-
stances for each predefined predicate type.
Following the CoT prompt (see Appendix A.5),
the strategy first generates an image description
conditioned on ground-truth entities. This descrip-
tion, alongside predefined predicate types, guides
the subsequent generation of relation triplets. To
ensure validity, rule-based heuristics enforce that
subjects and objects align with ground-truth anno-
tations and predicates strictly belong to the avail-
able category set. This approach substantially in-
creases training examples and introduces seman-
tic diversity (detailed analyses in Appendix B.1
and B.3). To mitigate the generation of implau-
sible relations, we maintain augmentation qual-
ity by encoding each generated triplet ¢ into an
embedding e; via Sentence-BERT (Reimers and
Gurevych, 2019). A triplet ¢ is retained exclusively

when its cosine similarity with any ground-truth
triplet embedding exceeds a threshold 6 € [0, 1]:

A(t) = 11[3 ta € Tar © sim(eq, ery,) > 9] )

where 7Ty denotes the set of ground-truth triplets.
This filtering mechanism improves the quality of
SFT data, facilitating a generalizable model that
provides robust initialization for subsequent RL.

3.4 Reward Modeling

Reward modeling is central to reinforcement learn-
ing with verifiable rewards (RLVR). We introduce
a composite reward scheme meticulously aligned
with the CoT pipeline, incorporating both process
rewards to guide reasoning at each stage and for-
mat rewards to standardize structured output. This
joint optimization simultaneously enhances visual
grounding and relation extraction, facilitating ro-
bust end-to-end SGG.

3.4.1 Format Reward

The format reward Ry mat Optimizes structural in-
tegrity by verifying the completeness of required
tags and correctness of JSON syntax at each stage.

3.4.2 Category Detection Reward

The category recognition reward Rcategory 15 mea-
sured on the F1 score between predicted and
ground-truth category sets, encouraging compre-
hensive detection while penalizing over-prediction
to mitigate reward hacking. Here, P = TP /(TP +
FP) and R = TP/(TP + FN), where TP, FP,
and FN denote true positives, false positives, and
false negatives, respectively.
2PR

P+R
3.4.3 Instance Grounding Reward

€]

Rcategory =

The instance grounding reward Ry,q. including
Rpox and Ryecan is computed via bipartite match-
ing between predicted and ground-truth object
pairs, as detailed in the Appendix A.7. Follow-
ing prior work (Chen et al., 2025), Rpox combines
ToU and L,; distance to measure bounding box ac-
curacy. Recognizing the limitations of MLLMs in
object detection recall (Li et al., 2025a), we intro-
duce a recall-oriented reward R,.c. to explicitly
incentivize high-recall matching. For a ground-
truth object v; = (bj, ¢;) matched to a predicted
object v; = (b;, ¢;), the per-pair recall ; is formu-
lated as:

1.0, IoU(b;,b;) > 0.5 A (¢; = ;)

r; =< 0.5, IoU(bj,b;) > 05 (¢; = ;) 3)
0.0, otherwise
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Figure 3: Coarse-grained semantic clustering reward.
A triplet is matched if its semantic embedding aligns
with any ground-truth cluster centroid beyond a thresh-
old, relaxing the strict matching requirement.

The overall instance grounding reward is then de-
fined as the average of these per-pair scores across
all ground-truth instances.

3.4.4 Dual-granularity Reward

The dual-granularity reward combines fine-
grained and coarse-grained rewards to jointly
optimize relation recall and semantic coverage,
leveraging Sentence-BERT to obtain the relation
embeddings.  The fine-grained reward incor-
porates frequency-based adaptive weighting of
predicates to alleviate long-tail bias in relation
extraction. For each ground-truth triplet ¢; and
its matched prediction ¢;, let e; and e, denote
the embeddings of the triplet and its predicate,
respectively. The similarity sim; is calculated as:

simj = simg (e, et,) X simp(ep;, €p,) 4)

where sim¢ and simj, denote the cosine similarities
of triplet and predicate embeddings, respectively
(with sim; = 0 for unmatched triplets). The fine-
grained reward is formulated as:

theTgt simy X w(pj)

th.ngt w(pj)

Rene = (5)

where w(p) is an adaptive weight based on the fre-
quency of ground-truth predicate, defined as:

’U}(p) = Whbase + Winc * Oé(p) (6)
_ log(1/fp) —log(1/ fmax)
a(p) N 1Og(1/fmin) - 1Og(1/fmax) (7)

Here, fp, fmax, and fmin denote the frequency of
predicate p, the maximum and the minimum pred-
icate frequency in the training data. Meanwhile,
Whase and wipe represent the base weight and the
incremental weight.

The coarse-grained reward Rcoarse 1S designed
to enhance model generalization beyond the lim-
ited sparse annotated data. It employs a clus-
ter algorithm to encourage the model to gener-
ate relation triplets that are semantically proxi-
mate to ground-truth, without requiring exact sub-
ject and object matching, as illustrated in Fig-
ure 3. First, ground-truth triplets are embedded
and clustered into semantic prototypes Cgr using
DBSCAN. Each resulting cluster ¢; € Cqgr is rep-
resented by the mean embedding e.; of its member
triplets. The reward is decomposed into two com-
plementary metrics. Cluster coverage Ncovered
measures the number of ground-truth clusters that
are matched by at least one predicted triplet ¢;,
where the similarity threshold is set as 7 € (0, 1):

Ncovcrcd = Z I [3 tq, € 7;)er : sim (eti,ecj) Z T]
c;€CaT
®
where Tpreq is the set of predicted triplets. Clus-
ter density pcovered assesses the concentration of
predictions within the matched clusters:
checcovered N;ged

= v ©
¢j€Ccovered ~ 8t

Pcovered —

Here, N 7.4 and Ngc'tj denote the number of pre-
dicted and ground-truth triplets in cluster c;, re-
spectively, and Ccovereq 1S the subset of ground-
truth clusters that are successfully matched. Fi-
nally, the coarse-grained reward combines cover-
age and density to form a unified metric:

N ver
Reoarse = < |CC(,)Ge ‘ed) X Pcovered (10)
T

3.5 Reinforcement Learning with Group
Sequence Policy Optimization

We adopt Group Sequence Policy Optimization
(GSPO) (Zheng et al., 2025) as the online al-
gorithm for the RL phase. To address the
high-variance training noise and instability asso-
ciated with token-level importance sampling in
large-scale RL, the GSPO objective Jgspo ex-
tends GRPO (Shao et al., 2024b) by adopting a
sequence-level importance ratio s;(6), replacing
the original token-level version, which is formu-
lated as:

G
E min

Jaspo(0) = Eng {yi by ~moy (1o) [
i=1 (11)

G
(si(ﬁ)gi, clip(si(6),1 —&,1+¢) )]
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Here, the sequence-level importance ratio s;(6)
is defined as the geometric mean of the policy ratio
79/ e, Over the entire output sequence y; for nu-
merical stability. This sequence-level formulation
enhances optimization robustness for the genera-
tion of long-form, structured JSON outputs.

[yl
Si — exp Z U yz t|$ Yi, <t) (12)
yi| & 7r001d Yit|T, Yi,<t)

The group-normalized advantage A, is retained
as the advantage, and estimated by normalizing the
reward 7(z, y;) using the mean and standard devi-
ation of rewards within the current group, without
relying on a learned value function V:

~ _ r(®,y:) — mean ({r(z, )} 1)
Ai= std ({r(z,ys) Z.:l) (13)

4 [Experiments

4.1 Experiment Setup

Datasets. We evaluate our method on two stan-
dard SGG benchmarks. The first is the widely
adopted Visual Genome (VG150) dataset (Xu
et al., 2017), which includes 150 object categories
and 50 relation categories, and follows the prior
work (Chen et al., 2024, 2025) to split image-
graph pairs with 56,224 training, 5,000 validation,
and 14,700 testing. The second is the Panoptic
Scene Graph (PSG) dataset (Yang et al., 2022),
constructed based on COCO (Lin et al., 2014),
containing 80 thing categories, 53 stuff categories,
and 56 relation categories. It provides 46,563 train-
ing pairs and 2,186 test pairs for evaluation.
Evaluation Metrics. We follow the standard
SGDET (Xu et al., 2017) evaluation protocol for
SGG, in which models must generate scene graphs
directly from images without ground-truth object
bounding boxes. The main evaluation metrics are
Recall, mean Recall (mRecall), and zero-shot Re-
call (zsRecall). A triplet is correct only if both the
subject and object bounding boxes have IoU > 0.5
with their matched ground-truth boxes, and the
subject, object, and predicate categories are all
correctly predicted. Recall is computed among
all predicate categories, mRecall averages the re-
call per predicate category, and zsRecall specifi-
cally measures the models generalization to rela-
tion triplets that are unseen during training. We
adopt K = 100 for all recall calculations.
Implementation Details. Our implementation is
built upon the TRL (von Werra et al., 2020) li-

VG150 Dataset

Method Params |

Recall mRecall Mean  zsRecall

Non-VLM Methods

MOTIFS - 30.3 6.6 18.5 0.2
VCTree - 31.3 8.0 19.7 0.7
GPS-Net - 31.7 9.8 208 -
PE-Net - 352 145 249 3.6
RelTR - 30.7 126 217 24
SGTR - 28.4 152 218 5.8
SGTR+ - 30.1 170 236 5.8
HiLo - 292 17.6 234 -
Pair-Net - 293 154 224 -
DSGG - 38.5 173 2719 3.9
EGTR - 34.3 10.1 222 -
VLM-based Methods

vs? - 40.9 7.8 24.4 -
OVSGTR - 1.3 88 251 -
PGSG - 23.6 12.7 18.2 7.6
OwSGGT 72B 32 34 33 2.0
R1-SGG' 7B 27.6 10.9 19.3 4.4
Ours

SGG-R** (SFT) 3B 17.5 8.2 12.9 24
SGG-R3* (SFT + RL) 3B 36.0 14.8 254 6.1

Table 1: Performance (%) comparison of our proposed
method against non-VLM and VLM-based baselines
on the VG150 test set. Bold text indicates best per-
formance, underlined text indicates second best. The
“Mean” denotes the average of Recall and mean Recall.
t and ¥ denote Qwen2-VL and Qwen2.5-VL as the base
model respectively.

brary, with vLLM (Kwon et al., 2023) for accel-
erated sampling during the RL stage. The training
is conducted on 8 NVIDIA A800 (40GB) GPUs.
Implementation details are provided in the Ap-
pendix A.1.

4.2 Comparisons with State-of-the-Arts

We benchmark our framework on the VG150 and
PSG test sets against a comprehensive suite of
baselines, including traditional non-VLM meth-
ods (Zellers et al., 2018; Tang et al., 2019; Lin
et al.,, 2020; Yang et al., 2022; Li et al., 2022;
Zheng et al., 2023; Cong et al., 2023; Zhou et al.,
2023; Im et al., 2024; Li et al., 2024a; Wang et al.,
2024a; Hayder and He, 2024) and VLM-based ap-
proaches (Zhang et al., 2023; Chen et al., 2024;
Li et al., 2024b; Wang et al., 2024c; Xu et al.,
2025; Dutta et al., 2025; Chen et al., 2025; Liet al.,
2025b), as summarized in Table 1 and Table 2.
We adopt Qwen2.5-VL-3B (Bai et al., 2025)
as the base model and conduct experiments un-
der two settings: one trained solely with SFT, and
another further optimized via RL. Initially, it can
be observed that the model’s performance after
SFT is lower than that of previous methods on
both datasets. However, after further RL training
initialized with the SFT model, the model shows
substantial improvements across all metrics, with
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Method Params | PSG Dataset

| Recall mRecall Mean zsRecall
Non-VLM Methods
MOTIFS - 22.0 9.1 15.6 -
VCTree - 20.6 9.7 15.2 -
GPS-Net - 20.6 7.2 13.9 -
PSGFormer - 21.0 19.8 20.4 4.9
PSGTR - 353 21.5 28.4 6.4
SGTR - 32.0 235 27.8 3.6
HiLo - 514 40.9 46.2 -
Pair-Net - 42.4 29.7 36.1 -
DSGG - 50.0 434 46.7 -
VLM-based Methods
OvSGTR - 414 28.3 34.9 -
PGSG - 334 22.1 27.8 8.9
ASMv2 13B 14.8 11.8 13.3 -
LLaVA-SpaceSGG 13B 154 13.2 14.3 -
OwSGG 72B 14.0 13.7 13.9 6.4
R1-SGG' 7B 435 332 384 7.7
Relation-R17 3B 25.9 213 23.6
Ours
SGG-R** (SFT) 3B 333 26.1 29.7 0.0
SGG-R** (SFT +RL) 3B 52.5 44.3 48.4 7.7

Table 2: Performance (%) comparison of our proposed
method against non-VLM and VLM-based baselines
on the PSG test set. Bold text indicates best perfor-
mance, underlined text indicates second best. The
“Mean” denotes the average of Recall and mean Recall.
T and ¥ denote Qwen2-VL and Qwen2.5-VL as the base
model respectively.

qualitative comparison provided in Appendix B.4.
This indicates that RL significantly enhances the
capability for relation extraction.

On VG150 shown in Table 1, our method
achieves the highest mRecall among all VLM-
based approaches while maintaining a competi-
tive Recall. Although our mRecall outperforms
most baselines, it lags slightly behind some non-
VLM methods (Zhou et al., 2023; Wang et al.,
2024a; Hayder and He, 2024). We attribute this
gap to the exhaustive object-pair coverage inherent
in classification frameworks, which remains a per-
sistent challenge for generative models. Notably,
the mean of our Recall and mRecall ranks sec-
ond among all evaluated methods. Our approach
also surpasses all non-VLM models in zsRecall,
demonstrating superior generalization and the abil-
ity to recognize diverse relations.

Furthermore, our method demonstrates leading
performance on the PSG dataset, as detailed in
Table 2. It significantly outperforms all multi-
modal methods and marginally exceeds non-VLM
approaches in terms of Recall and mRecall, indi-
cating a substantial reduction in relation bias. The
average of our Recall and mRecall metrics also
ranks first among all evaluated methods, substan-
tially surpassing most baselines. In terms of zsRe-
call, our model achieves highly competitive perfor-

VG150 Dataset PSG Dataset
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Figure 4: Quantitative analysis of the average number
of relations generated per image on the VG150 and
PSG test sets: SFT, SFT + RL; with/without relation
augmentation (RA).

mance, although it falls slightly short of (Li et al.,
2024b). In summary, our framework achieves lead-
ing overall performance against both non-VLM
and VLM-based baselines on the two benchmarks.

4.3 Comparisons with MLL.M-based
Methods

Relation Recognition Evaluation. As shown in
Table 3, we compare our proposed method with
state-of-the-art MLLM-based baselines (Chen
et al., 2025), which directly generate objects and
relations without a structured reasoning process.
Following the baselines, we use the Failure Rate
metric to assess the structural integrity and valid-
ity of the generated JSON format. For a fair com-
parison, we report results based on both Qwen2-
VL (Wang et al., 2024b) and Qwen2.5-VL, evalu-
ating the performance with and without our rela-
tion augmentation. Furthermore, a detailed anal-
ysis of MLLM zero-shot performance in SGG is
provided in Appendix B.2.

When trained on equivalent data volumes, our
2B and 3B SFT models demonstrate superior ro-
bustness over baselines.  Specifically, the 2B
model achieves a 57.23% reduction in VG150
failure rates, validating the CoT framework’s ef-
ficacy in improving instruction following ability
and structural correctness. While relation sparsity
on PSG initially limits gains, subsequent RL op-
timization enables the 3B model to surpass the
7B baseline across all metrics, with mRecall in-
creasing by 1.25% on VG150 and 4.62% on PSG.
These results indicate that for models of compa-
rable capacity, refined post-training is the primary
performance driver.

During the SFT phase, relation augmentation
further reduces the output failure rate. For in-
stance, our 2B SFT model achieves a 26.17%
lower failure rate than the 7B baseline on VG150,
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Method Training Params | VG150 Dataset PSG Dataset

| Failure Rate | Recall mRecall Mean | Failure Rate | Recall —mRecall Mean
Baselines
RI-SGG'  SFT 2B 75.01 4.82 1.04 2.93 9.79 21.83 13.79 17.81
RI-SGG*  SFT 3B 63.16 6.60 1.61 4.11 6.30 22.63 14.60 18.62
RI-SGG'  SFT 7B 39.54 9.62 3.30 6.46 0.96 24.73 17.11 20.92
RI-SGG'  SFT +RL 2B 0.10 21.09 7.48 14.29 2.70 38.49 31.21 34.85
RI-SGG'  SFT +RL 7B 0.12 23.75 11.43 17.59 0.00 43.48 33.71 38.60
Ours (w/o RA)
SGG-R*T  SFT 2B 17.78 9.93 2.08 6.01 0.23 22.66 12.25 17.46
SGG-R**  SFT 3B 6.24 11.98 2.36 7.17 0.18 2227 11.45 16.86
SGG-R’*  SFT +RL 3B 0.12 27.85 12.68 20.27 0.00 47.63 38.33 42,98
Ours (w/RA)
SGG-R*T  SFT 2B 13.37 13.90 8.08 10.99 0.05 33.06 24.67 28.87
SGG-R**  SFT 3B 3.30 14.88 8.80 11.84 0.05 33.31 26.13 29.72
SGG-R**  SFT+RL 3B 0.06 30.66 14.52 22.59 0.00 52.49 44.30 48.40

Table 3: Performance (%) comparison with MLLM-based end-to-end SGG baselines on the VG150 validation set
and PSG test set. The “Mean” denotes the average of Recall and mean Recall. T and * denote Qwen2-VL and

Qwen2.5-VL as the base model, respectively.

suggesting a synergistic effect between the in-
creased quantity of relational data and our struc-
tured reasoning process, which in turn enhances
the structural integrity of the generated out-
puts. Specifically, our 2B and 3B SFT models
demonstrate superior Recall and mRecall on both
datasets. Subsequent RL training successfully
maintains this performance advantage. Notably,
our 3B model maintains a substantial lead over the
7B baseline: on VG150, it outperforms the base-
line by 6.91% in Recall and 3.09% in mRecall,
while on the PSG dataset, these gains are even
more pronounced at 9.01% and 10.59%, respec-
tively. Qualitative visualizations of our SGG re-
sults are provided in Appendix B.5.

Object Detection Evaluation. In SGG, we adopt
Recall and mean Recall as the primary metrics for
evaluating object detection, rather than the stan-
dard Average Precision (AP). This choice stems
from the task’s requirement to identify all plausi-
ble objects (even unlabeled ones) to support rela-
tion prediction. Here, a predicted object is con-
sidered a match if its IoU with a ground-truth box
> 0.5 and their categories match.

As reported in Table 4, our SFT models signif-
icantly outperforms the baselines across all met-
rics on both datasets. For instance, the 3B model
achieves gains of 19.14% in Recall and 14.35% in
mRecall on the VG150 dataset, demonstrating su-
perior object detection capabilities. Notably, RL
optimization yields a substantial boost over the
3B SFT model, it simultaneously enhances both
Recall and mRecall, surpassing the 7B baseline
by 10.58% in Recall and 9.31% in mRecall on
VG150. Meanwhile, the zero-shot performance

Method Training Params [ VG150 [ PSG

| Recall mRecall | Recall mRecall
Open-sourced MLLMs
Qwen2.5-VL zero-shot 32B | 24.84 2539 | 35.66 39.52
Baselines
RI-SGGT SFT 2B 10.72 14.76 4743 46.72
RI-SGGH SFT 3B 14.98 18.89 51.97 49.94
RI-SGGT SFT +RL 7B 39.49 38.26 52.08 52.94
Ours
SGG-R*T  SFT 2B 32.04 3115 56.52 53.78
SGG-R3¥ SFT 3B 34.12 33.24 56.50 53.46
SGG-R3¥ SFT + RL 3B 50.07 47.57 61.32 59.27

Table 4: Object detection performance (%) comparison
of our method against the baselines on the VG150 and
PSG test sets. ' and ¥ indicate the use of Qwen2-VL
and Qwen2.5-VL as the base models.

of Qwen2.5-VL-32B falls short of both the base-
line and our proposed approach. These results in-
dicate that our CoT framework improves both the
precision and coverage of object recognition. Fur-
thermore, the category and instance grounding re-
wards during RL effectively guide the model to-
ward identifying a more exhaustive set of valid ob-
ject instances, thereby establishing a robust foun-
dation for comprehensive scene graph generation.

4.4 Ablation Study

To verify the efficacy of the proposed relation
augmentation (RA) and dual-granularity reward
(DGR), we conduct extensive ablation studies.
Specifically, we categorize predicates into Head,
Body, and Tail classes based on training frequency
to evaluate each module’s contribution to long-tail
relation recognition. Details regarding these parti-
tions are provided in Appendix A.2.

Effectiveness of Relation Augmentation. Ta-
ble 5 shows that RA significantly boosts perfor-
mance in both SFT and RL stages. Specifically,
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Setup VG150 Dataset PSG Dataset
RA DGR  Training | Recall mRecall zsRecall]| Head Body Tail | Recall mRecall zsRecall] Head Body Tail
Relation Augmentation (RA) Ablation
X X SFT 12.88 241 0.90 13.99 1.13 0.53 22.27 11.45 0.00 22.32 14.92 1.21
v X SFT 17.74 8.23 2.35 18.67 9.90 4.96 33.31 26.13 0.00 32.24 33.04 16.01
X v SFT + RL 31.57 12.62 5.03 ‘ 32.95 14.90 4.76 ‘ 47.63 38.33 0.00 ‘ 46.98 43.10 24.77
v v SFT + RL 35.95 14.78 6.11 36.98 15.58 8.13 52.49 44.30 7.69 50.95 50.84 34.14
Dual-granularity Reward (DGR) Ablation
v X SFT + RL 34.55 13.94 5.01 ‘ 35.58 15.07 7.22 ‘ 50.40 42.26 7.21 ‘ 49.25 46.61 32.33
v v SFT + RL 35.95 14.78 6.11 36.98 15.58 8.13 52.49 44.30 7.69 50.95 50.84 34.14

Table 5: Performance (%) comparison for ablation studies of relation augmentation (RA) and dual-granularity
reward (DGR) modules. v indicates the component is enabled, X indicates the component is disabled.

RA enhances the SFT model’s ability to recognize
body and tail predicates, yielding gains of 8.77%
and 4.43% on VG150, and 18.12% and 14.80%
on PSG. Building on this RA-enhanced initializa-
tion, RL further elevates Recall and mRecall, with
tail performance increasing by 3.37% on VG150
and 9.37% on PSG. These findings suggest that
RA provides a superior foundation for RL to ex-
plore long-tail relations. Notably, while RL train-
ing without RA fails to achieve any zsRecall on
PSG, its incorporation yields a 7.69% improve-
ment, which underscores RA’s pivotal role in fa-
cilitating a generalized “cold start”.

Additionally, Figure 4 compares the average
volume of generated relations per image with and
without RA. Experimental results demonstrate that
while the inherent sparsity of the raw data limits
relation density, RA significantly promotes rela-
tion generation. Specifically, RA-enhanced mod-
els output an additional 13.0 and 11.4 relations
per image on VG150 and PSG after SFT. Fur-
thermore, RL training further stimulates reasoning
depth, leading to a continued increase in the total
number of relations. Throughout the RL phase, the
model initialized with RA consistently maintains
a higher relation density than its non-RA counter-
part across both datasets.

Impact of Dual-granularity Reward. We eval-
uate the impact of DGR by comparing it against
a baseline utilizing a standard relation recall re-
ward. As shown in Table 5, with the RA-enhanced
SFT model as initialization, DGR yields consis-
tent gains across both Recall and mRecall. For in-
stance, on the PSG dataset, DGR improves Recall
by 2.09% and mRecall by 2.04%, demonstrating
its effectiveness in mitigating the long-tail distri-
bution of relations. Specifically, DGR facilitates
balanced improvements across all predicate types,
thereby mitigating generative bias. Furthermore,
by leveraging semantic clustering to guide the opti-

mization process, DGR enhances the model’s gen-
eralization to novel or rare relational contexts, as
evidenced by a 1.10% increase in zsRecall on the
VG150 dataset.

5 Conclusion

This paper presents SGG-R?, a structured rea-
soning framework that aligns next-token predic-
tion with end-to-end unbiased scene graph gener-
ation via a two-phase training pipeline. We pro-
pose a structured reasoning process encompass-
ing category detection, instance grounding, and
multi-type relation extraction. To generate com-
prehensive and unbiased scene graphs, we employ
a relation-augmentation strategy to mitigate the
cold-start challenge during SFT and introduce a
dual-granularity reward scheme during RL. Em-
pirical evaluations on the VG150 and PSG bench-
marks demonstrate that SGG-R3 achieves superior
capabilities of visual grounding and relation ex-
traction, exhibiting significant potential for diverse
downstream applications.

Limitations

The proposed framework has limitations in effi-
ciency, data fidelity, and label coverage. First, the
use of MLLMs leads to non-negligible inference
latency, which may constrain its use in real-time
applications. Second, although we use filtering
strategies, the relation augmentation process can-
not guarantee entirely accurate triples; some erro-
neous or hallucinated data may still persist. The
quality of this augmented data essentially sets the
upper bound for model performance. Finally, our
training is currently limited to a closed-set vocabu-
lary, which may restrict the model’s ability to rec-
ognize novel relations in the wild. Future work
will focus on extending this framework to open-
vocabulary settings to improve its generalization
across diverse, real-world scenarios.
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Appendix
A Implementation Details

A.1 Experiment Configurations

Our experiments are conducted on eight NVIDIA
A800 (40GB) GPUs. During the supervised fine-
tuning (SFT) stage, we employ the AdamW opti-
mizer with a cosine learning rate scheduler, setting
the initial learning rate to 1 x 10~ for training 1
epoch. The per-device batch size is set to 2 with 2
gradient accumulation steps, resulting in an effec-
tive total batch size of 32 (2 x 2 x 8).

For the reinforcement learning (RL) phase, we
utilize six GPUs for training and two GPUs for
vLLM deployment to accelerate inference, using
a sampling size of 8. The total batch size for RL is
96 (8 x 2 x 6). The model is trained for 1 epoch
using the AdamW optimizer with a initial learn-
ing rate of 5 x 10~7; further hyperparameter de-
tails are provided in Table 6. To compute seman-
tic embeddings, we employ the all-MiniLM-L6-
v2 (Reimers and Gurevych, 2019) model to project
relation triplets or predicates into 384-dimensional
embeddings.

The similarity threshold for filtering augmented
relation triplets is set to 0.9. When applying DB-
SCAN to cluster ground-truth triplets, we empir-
ically set the clustering threshold ¢ = 0.75 and
min_samples = 1 based on the distribution char-
acteristics of the semantic space. During the eval-
uation phase, the similarity matching threshold be-
tween predicted triplets and their corresponding
ground-truth clusters is likewise set to 0.75.

A.2 Evaluation Setup

In the evaluation phase, we categorize predicates
into Head, Body, and Tail based on their fre-
quency in the training dataset to precisely assess
model performance under long-tail distributions.
Specifically, the top 30% most frequent predicates
are designated as head, the middle 30% as body,
and the bottom 40% as tail. We then evaluate the
recall performance within each group. Detailed
statistics regarding the predicate counts and fre-
quencies for each category are provided in Table 7.

A.3 Semantic Taxonomy of Predicates

Recognizing that distinct relations necessitate spe-
cific semantic and visual cues and acknowledging
that a single object pair may have multiple concur-
rent relationships depending on different perspec-

Hyperparameter Value
Precision bf16
Max completion length 2048
Per-device batch size 8
Gradient accumulation steps 2
Scheduler type Cosine
Temperature 1.0
Top-p 0.9
Top-k 50
Group size 8
Num iterations per generation 1
Beta (3) 0.0
Random seed 42

Table 6: Hyperparameter settings for reinforcement
learning training.

Category \ VG150 PSG

| Count Freq.% | Count Freq.%
Head 15 94.60 16 93.97
Body 15 3.95 16 5.32
Tail 20 1.45 24 0.71

Table 7: Distribution of long-tail predicate types across
two datasets. The table shows the number and fre-
quency of predicates in each category: Head (top 30%),
Body (middle 30%), and Tail (bottom 40%).

tives, we partition the predicates of each dataset
into three distinct taxonomies based on their under-
lying semantic properties. For VG150, relations
are classified into spatial (e.g., on, near), posses-
sive (e.g., has, belong to), and interactive (e.g.,
wearing, standing on) types. Similarly, for the
PSG dataset, we distinguish between spatial (e.g.,
on, in), static-interactive (e.g., sitting on, parked
on), and dynamic-interactive (e.g., walking on,
Jjumping over) relations.

A4 Structured Reasoning Prompt

We design a three-stage Chain-of-Thought (CoT)
prompt (see Figure 9) to direct the structured out-
put process of end-to-end Scene Graph Generation
(SGQG). In closed-set scenarios, the prompt incor-
porates the full set of object categories and rela-
tion predicate categories of three predefined types
from the dataset. Specifically, the prompt guides
the model through a sequential reasoning process
based on these predefined categories, with each
stage explicitly defining task objectives and con-
straints. To ensure robust parsing, all outputs are
strictly constrained to standardized JSON formats
within dedicated tags. Furthermore, we leverage
in-context learning with representative examples
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to enhance the model’s adherence to these struc-
tural constraints.

A.5 Relation Augmentation Prompt

To mitigate the inherent sparsity of relation annota-
tions, we leverage Qwen2.5-VL-32B for data aug-
mentation. Our CoT prompting framework (see
Figure 10) integrates predicate categories of three
predefined types and ground-truth object sets, in-
cluding category names and bounding boxes. The
prompt is structured into a sequential two-stage
reasoning process, where each stage explicitly de-
fines task objectives and requirements. To en-
sure precise instruction following and structural
consistency, we also supplement representative in-
context examples.

A.6 CoT Data Construction

We derive the CoT sequences from the original
object annotations and augmented relation anno-
tations. The data is organized into a three-stage
sequential structure as illustrated in Figure 5:

Stage 1: Category Identification. We extract
unique object categories from the object instance
set to construct an initial list. Given M object in-
stances V = {(¢;, bz)}f\il where ¢; and b; denote
the category and bounding box respectively, we de-
rive a unique category set C = {c,}N_| (N < M).

Stage 2: Sequential Instance Grounding. The
instances in V' are rearranged to align with the
order of C. To distinguish between multiple in-
stances of the same category, we append unique
numerical suffixes (e.g., person.l, person.2) to
each instance.

Stage 3: Multi-relational Mapping. Finally,
the set of K relation triplets R = {(s;,p;,0j) } 1=,
is organized. Triplets are first grouped by their pre-
defined predicate types and then sorted based on
the sequential order of subjects s; established in
Stage 2. This alignment ensures that relational rea-
soning consistently follows the grounded object se-
quence.

To maintain clarity throughout the
soning  process, we explicitly encapsu-
lates each stage within dedicated tags, de-
noting the start and end of each stage:
<CATEGORY></CATEGORY>, <OBJECT></OBJECT>,
and <RELATION></RELATION>. All outputs are
standardized in JSON format within these tags.
This sequential organization aligns with the
instruction structure of the CoT prompt.

rea-

A.7 Bipartite Matching

Following (Chen et al., 2025), the assignment be-
tween predicted and ground-truth entities is formu-
lated as a bipartite matching problem. The objec-
tive is to find an optimal mapping between the set
of predicted nodes Vyrea = {vi = (c4,b;) M,
and ground-truth nodes V,;; = {v; = (¢;, bj)}é-vzl,
where each node consists of an object class ¢ and
its corresponding bounding box b. The matching

cost between v; and v; is defined as:

ﬁmatch(via Uj) :)‘1 (1 - Sim(eci’ ecj))
+ A2 (1 —IoU(b;, bj))
+ Asl[bi = bjlla

(14)

where sim(e,,, €., ) denotes the cosine similar-
ity between semantic embeddings of object classes
extracted via Sentence-BERT, IoU(-) is the Inter-
section over Union, and ||- ||; represents the L; dis-
tance. The hyper-parameters Aq, Ao, and A3 serve
as balancing coefficients that weight the relative
contributions of semantic consistency, spatial over-
lap, and coordinate proximity, respectively.

To minimize false positives and enhance match-
ing precision, we implement a threshold-based fil-
tering mechanism. Only candidate pairs below
a predefined cost threshold are retained for final
assignment, which is determined by minimizing
the global cost. This filtering provides a robust
foundation for subsequent instance grounding op-
timization.

B Additional Analysis and Results

B.1 Dataset Analysis

Long-tail Analysis. Table 7 details the predicate
distribution across both datasets, revealing a se-
vere long-tail imbalance. In VG150, the head pred-
icates comprising only 30% of the predicate cate-
gories, but accounting for over 90% of all training
samples, leaving the body and tail categories sig-
nificantly underrepresented. This extreme skew-
ness highlights the substantial distribution bias in-
herent in these benchmarks, necessitating targeted
strategies to improve rare category recognition.

Sparsity Analysis. As reported in Table 8, while
the original datasets average approximately 11 ob-
jects per image, relation density remains dispro-
portionately low at 4.8 for VG150 and 5.6 for PSG.
This disparity indicates that most valid inter-object
associations are unannotated, creating a sparse
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| Before RA | After RA
Dataset O/l

| Total Head Body Tail | Total Head Body Tail

‘ Count Type Count Type Count Type Count Type ‘ Count Type Count Type Count Type Count Type
VG150 11.7 | 269196 25151 254656 20592 10645 2981 3985 1578 | 976465 30928 827105 24742 62374 3320 86986 2866
PSG 11.0 | 261666 18126 245886 16430 13932 1287 1848 409 | 810219 23530 742387 20542 55220 2150 12612 838

Table 8: Statistics of relation augmentation on VG150 and PSG training sets, with breakdowns for head/body/tail

categories.

“O/T” denotes average objects per image; “Count” refers to the number of relation triplets; “Type”
denotes the number of relation triple combination patterns.

{"objects": [{", "bbox": [114, 247, 257, 348]},

Or'iginal data (before relation augmentation)

"table- merged 3n, "

"bbox": [18, 307, 640 4801}, {"id

merged"} 1} </CATEGORY>
Object instance grounding stage: Where are the instances of each object category?

<OBJECT>{"objects": [{"id": "bottle.1", "bbox": [49, 292, 73, 372}, {1id": "eup.1", "bbox": [408, 300, 455, 338]},

1 box [466, 417, 500, 443]} {"id"; " 2", "bbox": [169, 422, 216, 453] ;"

{"id": "table- mergedl " &

“predicate”: "on", "object": "

"keyboard.5", "bb 37, 407, 440, 442] s , 422,216, 458]}, {"id": "keybo I-
191, 559, 331]}, light. 10", "bbox": [0, 73, 37, 270] , "bbox": [49, 292, 73, 372]}, X": [466, 417, 500, 443J) . "bbox": [408, 300, 455, 3381}, {
[265, 192, 410, 324]}], "relations": [{"subject": "cup.13", , "object": "table-merged.3"}, 6", "predicate: "on", "object": "table-merged.3"}, {"subject": "tv.9", "predicate:
"tv.14"} 1}
The absence of an inherent order and the high density of objects pose significant perceptual hurdles, making it difficult for me to exhaustively
detect and precisely ground every instance within the scene.
CoT data (after relation augmentation)
Object category detection stage: What are the object categories shown in the image?
<CATEGORY>{"categories": [{"id": "bottle"}, {"id": "cup"}, {"id": "tv"}, {"id": "laptop"}, {"id": "mouse"}, {"id": "keyboard"}, {"id": "book"}, {"id": "light"}, {"id": "tabl d"}, {"id": "pap d"}, {"id": "wall-oth

{ "id": lvl "bbox": [414, 191, 559, 331]},{"id": "tv.2", "bbox": [265, 192, 410, 324]}, {"id": "laptop.1", "bbox": [114, 247, 257,
"bbox": [130, 326, 247, 335]}, {"id

keyboard.2", "bbox": [237, 407, 440, 442]},{"id": "book.1", "bbox": [445, 385, 558,
: "wall-other-merged. 1", "bbox": [0, 0, 640, 3971} ]} </OBJECT>

box" [553, 303, 640, 3471}, {

T ) - "lapl B
“object”: "table-merged.1

L "keyboard.2",
"object": "table-merged.1"}, {"subject": "paper-merged. 1",

"predicate”: "beside",

"predicate": "on",

"predicate"; "on", "object": "table-merged.1"}, {"subject": "book.1",

"object”: "tv:2"}], "static_action_relations": [{"subject": "ight. 1", "predicate": "attached to?" "object": "wall-other-merged.1"}], "dynamic_action_relations": [J} SRELATION>

By following a structured reasoning trajectory, I can now detect and localize objects sequentially based on their categories. This ordered
approach allows me tfo infer relations step-by-step, resulting in enhanced visual clarity and a more fine-grained scene analysis.

O

Figure 5: Comparison between original and CoT data. The original data are transformed into our three-stage

format through a structured curation process.

scene graph that hinders MLLM fine-tuning. Fol-
lowing our RA strategy, the average relation count
rises to 17.4 per image, and the number of rela-
tions increases across all frequency groups. By
generating plausible annotations for previously ne-
glected pairs, our approach substantially enriches
the relational supervision for the SFT phase.
Diversity Analysis. As shown in Table 8, the re-
sults reveal that RA not only expands the total vol-
ume of relations but also significantly enriches the
variety of triplet types across all frequency groups.
This demonstrates its effectiveness in enhancing
semantic diversity and provides more generalized
triplet combination patterns for model learning in
the SFT stage.

B.2 MLLM Zero-shot Performance in SGG

We evaluate the zero-shot end-to-end SGG capa-
bilities of Qwen2.5-VL (3B, 7B, 32B) using our
CoT prompt. As shown in Table 9, the results
demonstrate that MLLMs possess the untapped
potential to handle dense relational reasoning in
a streamlined, end-to-end fashion, bypassing the
need for complex, multi-stage pipelines.

However, zero-shot performance remains sub-
par across all metrics, with Recall, mRecall, and
zsRecall persisting at extremely low levels com-
pared to our fine-tuned methods. Severe deficits
across head, body, and tail categories indicate a
fundamental failure to capture complex relational
dependencies. While scaling the model size signif-
icantly enhances instruction following ability and
reduces failure rates, it does not resolve the core
bottleneck in relational reasoning. For instance,
despite the 32B model achieving a low 9.95% fail-
ure rate on VG150, its Recall of 8.40% is strik-
ingly inferior to the 35.95% achieved by our fine-
tuned approach. A similar disparity on PSG under-
scores the limitations of general-purpose MLLMs
in dense relational reasoning under zero-shot set-
tings, further validating the necessity of our pro-
posed training pipeline.

B.3 Qualitative Analysis on Relation
Augmentation

To mitigate implausible relations generated by
Qwen2.5-VL-32B, such as <hand.l, at, per-
son.I>, candidate relations are retained only if
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Model Params ‘

VG150 Dataset

PSG Dataset

| Failure Rate| Recall mRecall zsRecall| Head Body  Tail | FailureRate| Recall mRecall zsRecall| Head Body  Tail
Zero-shot Performance
Qwen2.5-VL 3B 76.95 0.46 0.34 0.12 0.46 031 013 51.05 3.69 3.69 0.00 2.66 4.15 242
Qwen2.5-VL 7B 24.89 3.40 2.38 0.78 3.09 326 198 8.69 8.78 11.02 0.00 6.82 1045 7.25
Qwen2.5-VL 32B 9.95 8.40 5.66 1.68 8.20 6.13 496 5.67 15.69 17.38 0.00 1403 18.60  13.90
Fine-tuned Performance
Qwen2.5-VL 3B | 0.06 | 3595 14.78 6.11 | 3698 1558  8.13 | 0.00 | 5249 44.30 7.69 | 5095 50.84  34.14

Table 9: Performance (%) comparison of Qwen2.5-VL and our fine-tuned approach on the VG150 and PSG test

sets.

their maximum embedding cosine similarity to
any ground-truth predicate exceeds a threshold.
This refinement filters out 23.19% and 13.83% of
initial outputs for VG150 and PSG, respectively,
enhancing data quality.

As illustrated in Figure 6, while the original
datasets feature dense object annotations, they
are often characterized by severe relation spar-
sity. Our augmentation strategy effectively re-
covers plausible inter-object associations, substan-
tially enhancing the connectivity and complete-
ness of the resulting scene graphs. For instance,
it supplements missing spatial relations, such as
<paper-merged. 1, beside, tv.1> and <mouse.2, on,
table-merged.1> for PSG samples, while clari-
fying possessive dependencies like <building.1,
has, window. 1> and <sign. 1, attached to, pole.1>
for VG150 samples. These relations are fre-
quently omitted in the original annotations, and
our method effectively mitigates this sparsity by
generating more plausible relations.

B.4 Qualitative Analysis of End-to-End SGG
with SFT and RL

Comparative analysis in Figure 7 indicates that the
SFT-only model is prone to hallucinations during
dense object localization, exhibiting autoregres-
sive degeneration such as redundant instances of
window. This behavior triggers sequence length
limits, leading to premature truncation of outputs
and underscoring the limitations of SFT. In con-
trast, RL optimization effectively eliminates these
repetitive loops, enabling precise localization of
eight window instances. Notably, the outputs
maintain strict cross-stage sequentiality: object lo-
calization adheres to the identified category order,
while relation extraction follows the subject se-
quence. This structural consistency focuses the
model’s attention, ensuring complete and coherent
reasoning, which significantly enhances recall per-
formance.

Object Detection Performance. The output of

the SFT model demonstrates incomplete object de-
tection results with low recall. Compared to the
SFT model outputs, it is evident that for objects
such as sidewalk, building, pole, and sign, the
RL model can detect a greater number of reason-
able instances of these categories, which is benefi-
cial for improving ground truth coverage. Further-
more, the detection accuracy of the RL model is
also enhanced, with fine-grained objects such as
sign, shirt, and short all being well-detected. De-
spite the sparse annotation of objects in the origi-
nal images, the model is capable of detecting ob-
jects like window even when they are unlabeled,
demonstrating strong generalization.

Relation Recognition Performance. In terms of
relation output, the SFT output suffers from trun-
cation, leading to failed relation recognition. In
contrast, the RL output is complete and includes
all three types of relations. It can be observed that
the model strictly adheres to recognizing and out-
putting these three types of relations, identifying
relationships between objects from spatial, posses-
sive, and interactive perspectives. Even with the
original sparse relation annotations, our two-stage
fine-tuning framework enables the model to output
numerous reasonable relations, thereby improving
recall and exhibiting strong generalization.

B.5 Qualitative Comparison of End-to-End
SGG

Qualitative comparisons in Figure 8 demonstrate
the efficacy of our method relative to the baseline
method R1-SGG (Chen et al., 2025). Although
R1-SGG produces scene graphs after two-stage
post-training (SFT and RL), its outputs are no-
tably shorter, resulting in lower overall recall of
correct predictions. In contrast, our approach con-
sistently generates structured three-stage outputs
with reasoning trajectories that frequently surpass
the ground truth in depth, leading to significantly
higher overall recall.

Object Detection Performance. Regarding ob-
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(a) Ground-truth image samples with object bounding boxes
for PSG (left) and VG150 (right).

-
) beside
beside
Y -bus,l -pole.l
window.1
tab\e-mergedil\ walking i
"

[mouse.2] [keyboard.1] [keyboard2]

(b) Original sparse scene graphs, where rectangles denote ob-

jects and directed edges represent relations.
T
has

beside m

beside near
atachbd o
on] beside bus.1 L1ea'g
on on part of
paper-merged.1
2 near /
onD" walking in ) has

on on on l attached to

‘ mouse.2 ‘ ‘ keyboard.l‘ ‘ keyboard.2 ‘ ‘mouse,l ‘

(c) Augmented scene graphs with color-coded edges: for
PSG, green and blue edges signify spatial and static-
interactive relations; for VG150, green, blue, and red edges
represent spatial, possessive, and interactive relations, re-
spectively.

Figure 6: Visualization of relation augmentation. (a)
Original images with ground-truth object bounding
boxes and category labels. (b) Visualization of origi-
nal sparse relation annotations. (c) Visualization of the
augmented relation annotations.

ject detection, it is evident that the baseline
method exhibits restricted recall and frequently
overlooks common objects such as cup and shelf,
resulting in a sparse representation of the scene.
In contrast, our model identifies a comprehen-
sive range of plausible objects, including handle,
glass, and cup, even when these instances are omit-
ted from the original annotations, thereby signif-
icantly improving object detection recall. These
results underscore the superior grounding capabil-
ities of our framework.

Relation Recognition Performance. The base-
line yields sparse, often semantically trivial or
erroneous relations, including unreasonable ones
(e.g., <cup.5, on, desk.6> with misinterpreted ref-
erents) and incorrect predicates (e.g., <draw.7,

on, desk.6>, <book.2, on, desk.6>). In con-
trast, our approach generates a higher density of
valid triplets across three semantic levels-spatial
(e.g., <drawer.1, in, desk.1>), possessive (e.g.,
<drawer.1, has, handle.l1>), and complex inter-
actions (e.g., <person.l, wearing, glasses.l>)-
achieving superior ground-truth coverage and se-
mantic depth, thereby mitigating relation bias.
Moreover, the model detects plausible relations
even without explicit localization (e.g., <person.l,
using, computer> when the computer instance is
undetected), demonstrating strong generalization.
Collectively, these results demonstrate that our
three-stage reasoning framework effectively en-
hances the model’s capacity to recognize fine-
grained objects and capture intricate semantic de-
pendencies, advancing the pursuit of robust scene
understanding in real-world environments.
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Ground Truth SFT SFT + RL

(a) Qualitative visualization of object detection. Results are shown for ground truth (left), the SFT only output (middle), and
output after SFT followed by RL (right).

Ground truth annotation

{"objects": [{"id": "building. 1", "bbox": [0, 75, 373, 383]}, {"id": "building 2", "bbox": [338, 46, 530, 321]}, {"id": "building 3", "bbox": [371, 251, 466, 359]}, {"id": "car4", "bbox": [251, 350, 315, 3831}, {"id": "car5",
"bbox": [307, 350, 357, 378]}, {"id": "lady.6", "bbox": [521, 342, 551, 427]}, {"id": "man.7", "bbox" [463, 328, 493, 4311}, {"id": "pole.8", "bbox": [486, 313,495, 410]}, {"id": "shirt9", "bbox": [463, 346, 487, 3761}, {"id":
"short.10", "bbox": [467, 375, 490, 4071}, {"id": "sidewalk. 11", "bbox": [431, 371, 639, 46]3, {"id": "sign. 12", "bbox": [475, 286, 502, 316]}, {"id": "street.13", "bbox" [0, 358, 640, 4771}, {"id": "tree. 14", "bbox": [0, 215, 47,
331}, {"id": "woman.15", "bbox": [205, 338, 223, 4051}, {"id": "woman.16", "bbox": [554, 336, 583, 434]}, {"id": "woman.17", "bbox": [524, 344, 553, 428]}], "relations": [{"subject": "man.7", "predicate": "wearing",
"object": "short.10"}, {"subject " i, "

s

"man.7", "predicate": "wearing", "object": "shirt.9"}, {"subject": "tree.14", "predicate": "in front of', "object": "building.1"}, {"subject": "car4", "predicate": "in", "object": "strect. 13"},
{"subject": "car.5", "predicate": "in", "object": "street.13"}]}

CoT response (SFT)

<CATEGORY>{"categories": [{"id": "building"}, {"id": "car"}, {"id": "man"}, {"id": "people"}, {"id": "person"}, {"id": "pole"}, {"id": "shirt"}, {"id": "sidewalk"}, {"id": "sign"}, {"id": "street"}, {"id": "tree"}, {"id":
"window"}, {"id": "woman"}]}</CATEGORY>

<OBJECT>{"objects": [{"id": "building.1", "bbo
{"id": "car.3", "bbo i
349, 551, 4311}, {"
"sign.1", "bbox":
271, 224]) {

"2 [250, 354, 310, 387]},
“people.1", "bbox": [525,

337, 48, 529, 366]}, {"id": "car.1", "bbox": [200, 356, 256, 3951}, {""id
"bbox": [427, 348, 512, 406]}, {"id": "man.1", "bbox": [462, 338, 489, 43
551, 354, 580, 3991}, {"id": [0, 378, 199, 4191}, {"id":
window.1", "bbox": [211, 165, 237, 212}, {"id": "window.2", "bbox": [248, 179,
"window.5", "bbox": [248, 237, 271, 2801}, {"id": "window.6", "bbox": [279, 245, 301, 2871}, {"id":
d": "window. 10", "bbox": (330, 260, 346, 2941}, {" "window. 11", bbox':
T S "bbox™: [21T, 227, 236. '273|' 71209,
227,236, 2721}, {"id": "window.16", "bbox": [248, 179, 271, 224]}, {"id": "window.17", "bbox": [279, 195, 301, 238]}, {"id": "window.18", "bbox": [306, 205, 325, 240]}, {" "wlndowl‘)" “bbox" [211, 227,
1236, 27213, {"id": "window.20", "bbox": [248, 237, 271, 2801}, {"id": "window.21", "bbox": [306, 205, 325, 2401}, {"id": "window.22", "bbox": [279, 245, 301, 287]}, {"id": "window.23", "bbox": [306, 260, 325, |
Izqq},(' "window.24", "bbox": [330, 214, 346, 2501}, {"id": "window.25", "bbox": [248, 237, 271, 2801}, {' window.26", "bbox": [279, 245, 301, 287]}, {"id": "window.27", "bbox": [306, 205, 325, 240]},
, {1d": "window.28", "bbox"": [330, 214, 346, 2501}, {"id": "Window.29", "bbox": [306, 260, 325, 2941}, {"id": "Window.30", "bbox": [279, 245, 301, 287]3, {"id": "window.31", "bbox": [330, 214, 346, 25013, {"
"window.32", "bbox": [306, 260, 325, 294}, {"id": "window.33", "bbox": [330, 214, 346, 250]}, {"id": "window.34", "bbox": [306, 260, 325, 294]}, {"id": "window.35", "bbox": [330, 214, 346, 250]}, {"id": |

I
"window.36", ""bbox": [306, 260, '

0, 75, 375, 395]}, {"id": "building.2", "bbox"
"car4", "bbox": [355, 354, 395, 375]}, {"id":

551, 343, 585, 438]}, {"id": "pole.1", "Ivho\” 479, 100, 493, 415]3, {"id": "shirt.1", "bbo;
id": "street.1", "bb 0, 217, 51, 379]3, {"id"

SFT grants me sequence modeling, yet dense scenes disorient my embedding space, leading to repetitive loops —_ x
and hallucinations...

CoT response (SFT +RL)

<C4TEFORY>{"cz[egones” [{n‘du "building"}, {.vld,. vear"}, {"id"; "man"}, {"id": "people"}, {"id": "person"}, {"id": "pole"}, {"id": "shirt"}, {"id": "short"}, {"id": "sidewalk"}, {"id": "sign"}, {"id": "street"}, {"id":

£ 10, 73, 375, 3891}, {"id": "building.2", "bbox": [336, 47, 530, 359]3, {"id
"bbox": [306. s, 3xzn, ("id": "car4", "bbox": [356, 355,398, 375]}, ("i

building.1", "l)lm\
312, 382]}, {"id
; [202, 334,223, 400]}‘ {"i

"building.3", "bbox": [575, 0, 639, 366]}, {"id": "car.1", "bbox": [201, 356, 258, 396]},

: : [426, 335, 512, 397]}, {"id": "man.1", "bbox": [461, 330,
: "person. 1", "bbox": [173, 353, 208, 4001}, {"id": "person.

id": "shirt.1", "bbox"': [462, 338, 489, %7-
"si mau\z" "I)lm\" [429, 363, 639, 443]}, {"id": "
": "window.1", "bbox": [247, 172, 273 218]‘,,
7S Bhox T (278, 188,303, 22005, (™ Wi
1522, 338, 554, 422]}, {"id": "woman.2", "bbox"": [549, 333‘ 1

{"id": "car.2", "bbox": [25
490, 4271}, {"id": "man.2", "bbox

{ [ , 2071},
"bbox" [209, 219, 238, 2641}, {" d": "window.7", "bbox" [278, 237 304, 279]} {" d": "wmdowS" "bbox": [167, 135 191, 191]} {"id": "woman.1", "bbox
|<x7 429131} </OBJECT> |
SRELATTON>T'relafions" T { Tspatial ) ?el'tin-ns"‘:'f{'suFJec‘t":"‘biila'mg2v "prédicate™: Toehind"T"object™ "card"T, Msibjeet™ 'Carl"T " predicate™ "on™ "object™ Ttrcet1"T, Msubject™ "Car2'T"predicate™ "on "objeet™
"street.1"}, {"subject": "car.3", "predicate": "on", "object": "street.1"}, {"subject": "car.4", "predicate": "on", "object": "street.1"}, {"subjec " "car.5", "predicate": "on", "object": "street.1"}, {"subject": "man.1", "predicate":
“on", "object": "sidewalk 2"}, {"subject": "man.2", "predicate": "on", "object": "street.1"}, {"subject": "people.1", "predicate”: "on", "object": "sidewalk 2"}, {"subject": "people.2", "predicate”: "on", "object": "sidewalk 2"},
{"subject": "person.1", "predicate”; "on", "object": "sidewalk.1"}, {"subject": "pole.1", "predicate”: "on", "object": "sidewalk.2"}, {"subject": "shirt.1", "predicate”: "on", "object”: "man.1"}, {"subject": "shirt2", "predicate":
“woman.2"}, {"subject": "short.1", "predicate”: "on", "object": "man.1"}, {"subject": "sidewalk.1", "predicate": "along", "object": "street.1"}, {"subject": "sign.1", "predicate”: "on", "object": "pole.1"},
2, "predicate”: "on", "object": "pole.2"}, {"subject": "tree.1", "predicate”: "near", "object": "building 1"}, {"subject": "tree.1", "predicate”; "on", "object": "sidewalk.1"}, {"subject": "woman.1", "predicate":
"sidewalk.2"}, {"subject”; "woman.2", "predicate”; "on", "object": "sidewalk 2"}], "possession_relations": [{"subject": "building.1", "predicate": "has", "object": "window.1"}, {"subject": "building.1",
“predicate”: "has", "object': "window.2"}, {"subject”: "building.1", "predicate”: "has", "object': "window.3"}, {'subject”: "window.I", "predicate": "of", "abject”: "building.1"}, {"subject": "woman.2", "predicate’: "with',
"object": "shirt.2"}], “interaction_relations": [{"subject": "man.1", "predicate": "object": "shirt.1"}, {"subject": "man.1", ate": "wearing", "object": "short.1"}, {"subject": "man.1",
“predicate”: "walking on", "object™: "sidewalk 2"}, {"subject"s "woman.1", "predicate": "wearing", "object": "shirt.2"}, {"subject": "woman.1", "predicate": "walking on", "object": "sidewalk.2"}, {"subject": "woman.2".
"predicate”: "wearing", "object": "shirt 2"} ]} } </RELATION>

Next, RL is introduced to intervene. Through stage-wise rewards, I recalibrate my embeddings, eliminate \/
hallucinations, and reconstruct rigorous reasoning trajectories amidst complexity.

(b) Comparison between SFT-only and SFT + RL outputs. Predictions are color-coded: green indicates alignment with ground
truth, red denotes implausible repeated predictions.

Figure 7: Qualitative comparison of scene graph generation under different fine-tuning strategies. We visualize the
ground truth, SFT-only outputs, and SFT + RL outputs. The comparisons highlight the performance gaps in both
object detection (a) and relation recognition (b).
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(a) Qualitative visualization of object detection. Results are shown for ground truth (left), the baseline (middle), and our
method (right).

Ground truth annotation

{"objects": [{"id": "desk.1", "bbox": [12, 386, 565, 599]}, {"id": "man.2", "bbox": [111, 286, 377, 599]}, {"id": "shelf.3", "bbox": [0, 0, 222, 238]}, {"id": "shirt.4", "bbox": [111, 373, 335, 598]}, {"id": "desk.5", "bbox": [580,
428, 799, 5921}, {"id": "paper.6", "bbox": [582, 315, 763, 436]}, {"id": "chair.7", "bbox": [14, 478, 145, 599]}, {"id": "drawer.8", "bbox": [362, 493, 510, 582]}, {"id": "book.9", "bbox": [121, 39, 135, 133]}, {"id": "pant.10",
"bbox": [188, 529, 364, 5981}, {"id": "drawer.11", "bbox": [603, 545, 789, 981}, {"id": "shelf.12", "bbox": [0, 213, 207, 2391}, {"id": "paper. 3", "bbox": [668, 289, 800, 3381}, {"id": "book.14", "bbox": [89, 158, 138, 217]},
{id": "paper.15", "bbox": [475, 334, 531, 03]}, {"id": "hand.16", "bbox": [335, 402, 378, 436]}, {"id": "bag.17", "bbox": [702, 289, 778, 305]}, {"id": "cup.18", "bbox": [140, 166, 163, 216]}, {"id": "cup.19", "bbox": [444,
396, 496, 4711}, "relations": [{"subject": "cup.19", "predicate": "on", "object": "desk.1"}, {"subject": "man.2", "predicate": "wears", "object": "shirt.4"}, {"subject": "bag.17", "predicate": "on", "object": "paper.13"}, {"subject":
"drawer.", "predicate": "of", "object": "desk.l"), {"subject": "cup. 18", "predicate™ "on", "object": "shelf 12"}, {"subject": "paper 13", "predicate": "on’", "object": "desk.5"}, {"subject": "man 2", "predicate": "has", "object":

k i book. 14", "predicate": "on", "object": "shelf.12"}, {"subject": "man.2", "predicate": "wearing", "object": "pant.10"}, {"subject": "man.2",
: "book.9"}]}

Answer from R1-SG6G (without CoT)

direct prompting m
Generate a structured scene graph for an image in JSON format, specifying objects with unique IDs (from a predefined set) and bounding boxes, and i ips with subjects, i (from a
set), and objects, following the provided guidelines and example. <>

unstructured reasoning
{"objects": [{"id": "book.1", "bbox": [107, 262, 173, 356]}, {"id": "book.2", "bbox": [6, 62, 186, 3661}, {"id": "chair.3", "bbox": [17, 795, 996]}, {"id": "cup.4", "bbox"": [560, 666, 622, 787]}, {"id":
"cup.5", "bbox": [893, 783, 953, 878]}, {"id": ""desk.6", ""bbox": [13, 596, 710, 996]}, {"id": "drawer.7", "bbox": [457, 820, 637, 967]}, ": "hair.8", "bbox"": [197, 473, 313, 633]}, {"id": "man.9",
"bbox": [139, 473, 476, 996]}, {"id": "paper.10", "bbox": [727, 517, 956, 733]}, {"id": "shirt.11", "I)Im\" [139, 620, 426, 996]}, {"id": "window.12", "bbox": [281, 0, 737, 598]}, {"id": "person.13", "bbox":
[139, 473, 476, 992]}], "relationships": [{"subject": "man.9", “predicate” i 11"}, {" sub_]ec sitting on", "object": "chair3"}, {"subjecl" "man.9",
4 "predicate”: "at", "object": "desk.6"}, {"subject": "man.9", "predicate": "has", "object": esk.6"}, {"subject": "drawer.7", "predicate": "on

"object": "desk.6"}, {"subject": "book.2", "predicate": "on", : "book.1"}, {"subject": "person.13", "predicate": "at", "objecl": "desk.6"}, {"subject": "cup.5", "predicate”: "on", "object": "desk.6"},
{"subject": "book.2", "predicate”: "on", "object": "desk.6"}, {"subject": "man.9", "predicate": "on", "object": "chair.3"}, {"subject": "chair.3", "predicate": "at", "object": "desk.6"}, {"subject": "cup.4",
"predicate’: "above", "object": "desk.6"}, {"subject": "shirt.11", "predicate": "on", "object": "man.9"}, {"subject": "hair.8", "predicate": "on", "object": "man.9"}, {"subject": "man.9", "predicate": "using",
"object": "desk.6"}, {"subject": "drawer.7", "predicate”: "in", "object": "desk.6"}, {"subject": "book.1", "predicate”: "on", "object": "book.2"}, {"subject": "desk.6", "predicate”: "has", "object": "drawer.7"},
{"subject": "man.9", "predicate": "has", "object": "cup.4"}, {"subject": "cup.4", "predicate": "near", "object": "man.9"}, {"subject": "man.9", "predicate”: "with", "object": "cup.4"}]}
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Answer from S66-R3 (with CoT)
cot prompting

Execute a three-stage visual reasoning analysis for the provided image: Stage 1 detects unique object categories from predefined sets, outputting a JSON array within <CATEGORY> tags; Stage 2 localizes all m
instances of identified categories with sequential IDs and bounding boxes, outputting a JSON array within <OBJECT> tags; Stage 3 extracts spatial, possessive, and interactive relations between object pairs
using predefined predicates, outputting a JSON array within <SRELATION> tags. The process strictly follows predefined categories and sequential analysis requirements.

structured reasoning
g e e

<CATEGORY>{"categories": [{"id": "book"}, {"id": "chair"}, {"id": "cup"}, {"id": "desk"}, {"id": "drawer"}, {"id": "glass"}, {"id": "hair"}, {"id": "hand"}, {"id": "handle"}, {"id": "man"}, {"id": "paper"}, {"id":

"shelf"}, {"id": "shirt"}, {"id": "window"} |} </CATEGORY>

<OBJECT>{"objects": [{"id": "book.1", "bbox": [0, 33, 151, 224]}, {"id": "book.2", "bbox": [0, 137, 91, 223]}, {"id": "c}

{"id": "cup.2", "bbox": [725, 458, 767, 514]}, {"id": "cup.3", "bbox": [139, 161, 168, 211]}, {"id": "desk.1", "bbox 88, 573, 587]}, {' bbox": [584, 452, 798, 587}, {"

“drawer.1", "bbox": [373, 481, 512, 569]}, {"id": "drawer.2", "bbox"; [45, 443, 362, 5101}, {"id": "glass.1", "bbox": [238, 315, 260, 334}, {"id": "hai : [161, 276, 248, 3701}, {"id": "hand.1",
336, 390, 381, 430}, {"id": "handle.1", "bbox": [419, 515, 463, 538]}, {"id": "handle.2", "bbox": [405, 566, 477, 5871}, {"id": "man.1", "bbox": [110, 276, 380, 587]}, {"id": "paper.1", "bbox

(587, 308, 773, 425]}, {"id": "paper.2", "bbox": [264, 256, 304, 315]}, {"id": "'shelf.1", "bbox": [0, 0, 221, 238]}, {"id"': ""shelf.2", "bbox": [0, 119, 222, 143]}, {"id": "shirt.1", "bbox": [110, 365, 338, 587},

{id": "window.1", "bbox": [229, 0, 591, 3211} 1} </OBJECT>

<RELATION>{"relations": {"spatial_relations": [{"subject": "book.1", "predicate"

4 "predicate” "on', "abject’: "shelf.2"}, {"subjec

n", "object™: "shelf.1"}, {"subje
n front of!, "object": "desk.1"}, {"'subject"": "cup.
2"}, {"subject": "cup drawer.1", "predicate": : "drawer.2", "predicate": "in", "object": "desk.1"},
‘glass.1", "predicate": "on", "object": "man.1"}, { "subject": "hair.1", ", "object": "man.1"}, {"subject": " and l” "predlcale 'on", "object": "desk.1"}, {"subject": "handle.1",
predlcate” "on", "object": "drawer.1"}, {"subject": "handle.2", "predicate": "on", "object": "drawerl"} {"subject": "man.1", "predicate": "at", "object": "desk.1"}, {"subject": "paper.1", "predicate": "on", "object":
"desk.2"}, {"subject”: "paper.2", "predicate’: "on’, "object”: "desk.1"}, {"subject": "shelf.1", "predicatc": "behind", "object": "man. "}, {"subject’ "shirt.1", "predicate”: "on", "object": "man.1"}, {"subjee
“window, 1", "predicate": "in front of", "object": "man.1"}], "possessmn relations": [{"subject": "drawer.1", "predicate”: "has", "object 3, {"subject": "drawer.2", ”pndlun J
"desk.1"}, {"subje ji shirt.1""}, {"subject": "man.1", "predicate": "has", "object": "hair. ubject’ nan.1", "pre

"book.1", "predicate"
e": "on", "obj

“shelf.2"}, {"subject”: "book.2",
desk.1"}, {"subject": "cup.2", "predicate”: "on’

hand.1"},

b
{"subject": "man.1", "predicate": "has", "object" "man.1", "predicate”; "with", "object": "hair.1"}, {"subject": "man.1", "predicate": "with", "object "man.1",
"predicate™ "with", "object": "glass. 1"}, {"subject": "shelf.I", "predicate": "with" "object": "book 2"}, {"subject": "shelf.2", "predi "with", "object": “bookz) {"subject : "with",
"object": "book.1"}], "interaction_relations": [{"subject": "man.1", "predicate": "sitting on", "object": "chair."}, {"su dicate" ", Tobject": "shirt.1"}, {"subject": "man.1",
“predicate”: "wearing", "object": "glass.1"}, {"'subject": "man.1", "predicate": "using", "obj computer"}, {"subject": "man.1", "predicate " "screen"}]}}/RELATION>

(b) Qualitative visualization of reasoning trajectories. Object instances and relation triplets are color-coded: green indicates
alignment with ground truth, red denotes implausible predictions, and orange highlights plausible predictions for undetected
objects.

Figure 8: Qualitative comparison of scene graph generation between our method and the baseline. We visualize

the ground truth, baseline reasoning outputs, and our method’s CoT-based reasoning results. The comparisons
highlight the performance gaps in both object detection (a) and relation recognition (b).
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CoT prompt for scene graph generation

[Task Definition]

Execute a structured, three-stage visual reasoning analysis for the provided image, strictly adhering to the predefined object and relation
categories. Proceed through each stage sequentially and encapsulate your outputs using the specified tags.

Object Categories: {OBJ_CLS}

Relation Predicates: Spatial Relations: {SPATIAL_REL}; Possessive Relations: {POSSESSIVE REL}; Interactive Relations:
{INTERACTIVE_REL}

[Chain-of-Thought]

Stage 1: Object Category Detection

Task: Identify all unique object categories in the image from the provided "Object Categories".

Requirements: Only output categories that are clearly visible and identifiable in the image. The categories must conform to the
predefined object categories. Maintain uniqueness (no duplicates). Output Format: Output as a JSON array within <CATEGORY> and
</CATEGORY> tags.

Stage 2: Object Instance Grounding

Task: Detect and localize every individual instance of the categories identified in Stage 1 sequentially.

Requirements: Process categories in the order identified in Stage 1. The object names must strictly correspond to the categories identified
in Stage 1. Assign sequential instance numbers to objects within each category (e.g., man.l, man.2, car.l). Provide precise bounding
boxes in [x1, yl, x2, y2] format (integer coordinates). All categories listed in Stage 1 must have instances detected in Stage 2. Output
Format: Output as a JSON array within <OBJECT> and </OBJECT> tags.

Stage 3: Multi-type Relation Extraction

Task: Independently analyze relations in three predicate types, examining all object pairs within each category. Three Relation
Categories: 1. Spatial Relations: Analyze all object pairs for spatial/topological relations. 2. Possessive Relations: Analyze all object pairs
for ownership, composition, and part-whole relations. 3. Interactive Relations: Analyze all object pairs for action-oriented and functional
relations.

Requirements: Sequentially analyze each object in Stage 2 as the subject against all other objects in the scene to extract meaningful
relations. All relations must be between objects localized in Stage 2. All relation predicates MUST belong to their respective predefined
category. Output Format: Output as a JSON array within <RELATION> and </RELATION> tags.

[In-Context Example]

Complete Output Example:

<CATEGORY>{"categories": [{"id": "tree"}, {"id": "sidewalk"}, {"id": "building"}, {"id": "man"}, {"id": "bike"}]}</CATEGORY>
<OBJECT>{"objects": [{"id": "tree.1", "bbox": [0, 0, 799, 557]}, {"id": "sidewalk.1", "bbox": [75, 306, 798, 596]}, {"id": "building.1",
"bbox": [0, 0, 222, 538]}, {"id": "man.1", "bbox": [369, 262, 446, 512]}, {"id": "man.2", "bbox": [236, 246, 296, 508]}, {"id": "bike.1",
"bbox": [335, 317, 362, 353]}]}</OBJECT>

<RELATION>{"relations": {"spatial_relations": [{"subject": "tree.l", "predicate": "beside", "object": "sidewalk.l1"}, {"subject":
"building.1", "predicate": "near", "object": "tree.1"}], "possession_relations": [{"subject": "man.1", "predicate": "has", "object":
"bike.1"}], "interaction_relations": [{"subject": "man.1", "predicate": "standing on", "object": "sidewalk.1"}, {"subject": "man.2",
"predicate": "walking on", "object": "sidewalk.1"}, {"subject": "man.2", "predicate": "talking to", "object": "man.l"}, {"subject":
"bike.1", "predicate": "parked on", "object": "sidewalk.1"}]} } </RELATION>

Generate the three-stage analysis for the image:

Figure 9: Three-stage CoT prompt template for end-to-end scene graph generation. The template is applied to both
VG150 and PSG datasets, with the predefined object classes and predicate categories adjusted accordingly for each
benchmark.

CoT prompt for relation augmentation

[Task Definition]

Execute a structured, two-stage relation augmentation analysis for the provided image with pre-annotated objects. Your goal is to
generate plausible relations.

Relation Predicates: Spatial Relations: {SPATIAL_REL}; Possessive Relations: {POSSESSIVE REL}; Interactive Relations:
{INTERACTIVE_REL}

Pre-annotated Objects ({OBJ_COUNT} objects, USE EXACT IDs): {OBJ_LIST}

Each object includes: id: Unique identifier (e.g., "person.1", "car.1"); box: Bounding box coordinates [x1, y1, X2, y2] representing object
position

[Chain-of-Thought]

Stage 1: Scene Context Understanding

Task: Create a comprehensive natural language description for the image that incorporates ALL pre-annotated objects with their exact
IDs.

Requirements: Naturally include all {OBJ_COUNT} objects using their specific IDs. Describe spatial arrangements, potential
interactions, and scene context. Be descriptive but concise.

Stage 2: Multi-type Relation Extraction

Task: Based on the global understanding from Stage 1, independently analyze relations in three predicate types, examining all object
pairs within each category. Three Relation Categories: 1. Spatial Relations: Analyze object pairs for spatial/topological
relations. 2. Possessive Relations: Analyze for ownership/composition/part-whole relations. 3. Interactive Relations: Analyze for action-
oriented/functional relations.

Requirements: Sequentially analyze each object in Stage 2 as the subject against all other objects in the scene to extract meaningful
relations. All relations must be between objects in pre-annotated objects. All relation predicates MUST belong to their respective
predefined category.

[In-Context Example]

Return ONLY a JSON object with this exact structure:

{"caption": "A detailed scene description naturally incorporating all object IDs like person.1, car.1, etc.", "spatial_relations": [{"subject":
"object.number", "predicate": "SPATIAL PREDICATE", "object": "object.number"}...], "possession relations": [{"subject":
"object.number”, "predicate": "POSSESSIVE _PREDICATE", "object": "object.number"}...], "interaction relations": [{"subject":
"object.number", "predicate": "INTERACTIVE_PREDICATE", "object": "object.number"}...]} }

Generate the two-stage relation augmentation analysis, focusing on creating meaningful relationships:

Figure 10: Two-stage CoT prompt template for relation augmentation. The template is applied to both VG150 and
PSG datasets, with the predefined object list and predicate categories adjusted accordingly for each benchmark.
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