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Abstract

Multimodal large language models often strug-
gle with faithful reasoning in complex visual
scenes, where intricate entities and relations
require precise visual grounding at each step.
This reasoning unfaithfulness frequently mani-
fests as hallucinated entities, mis-grounded re-
lations, skipped steps, and over-specified rea-
soning. Existing preference-based approaches,
typically relying on textual perturbations or
answer-conditioned rationales, fail to address
this challenge as they allow models to exploit
language priors to bypass visual grounding.
To address this, we propose SceneAlign, a
framework that leverages scene graphs as struc-
tured visual information to perform control-
lable structural interventions. By identifying
reasoning-critical nodes and perturbing them
through four targeted strategies that mimic typ-
ical grounding failures, SceneAlign constructs
hard negative rationales that remain linguisti-
cally plausible but are grounded in inaccurate
visual facts. These contrastive pairs are used in
Direct Preference Optimization to steer models
toward fine-grained, structure-faithful reason-
ing. Across seven visual reasoning benchmarks,
SceneAlign consistently improves answer ac-
curacy and reasoning faithfulness, highlighting
the effectiveness of grounding-aware alignment
for multimodal reasoning.

1 Introduction

Multimodal large language models (MLLMs) have
achieved remarkable progress across tasks such
as visual question answering, captioning, and in-
struction following (Yin et al., 2024; Li et al.,
2024c). However, they often struggle with visu-
ally grounded reasoning, frequently exhibiting rea-
soning unfaithfulness (Yu et al., 2025; Liu et al.,
2025a) where the generated rationales are decou-
pled from the actual visual evidence, even when
the final answer appears correct (Wu et al., 2025;

*These authors contributed equally to this work.

Man et al., 2025). This issue becomes particu-
larly severe in complex visual scenes (Akter et al.,
2024; Yang et al., 2022; Du et al., 2023; Ding
et al., 2021), where numerous objects and intri-
cate relations require precise, step-wise grounding.
Typical manifestations of such unfaithfulness in-
clude object hallucination, relation mis-grounding
(e.g., subject—object swaps), incomplete grounding,
and over-specification (e.g., irrelevant or tangential
reasoning), all of which disrupt the alignment be-
tween textual reasoning and the underlying visual
evidence (Chen et al., 2024).

Recent studies attempt to mitigate these issues
through preference-based alignment of reasoning
chains (Ouyang et al., 2022; Rafailov et al., 2023;
Yu et al., 2024). Such methods generate positive
and negative rationale pairs by editing tokens or
final answers (Zhang et al., 2024a; Tan et al., 2025;
Zheng et al., 2024; Zhou et al., 2024), encouraging
coherent reasoning but leaving visual grounding
untouched. As illustrated in Figure 1, token- or
answer-level perturbations (e.g., replacing “skate-
board” with “dog”, or generating a negative ratio-
nale based on the wrong answer “yell”’) do not cre-
ate hard, visually grounded negatives, so the model
can still rely on language priors without engaging
the image. Because these rationales are not tied to
specific scene elements, grounding failures cannot
be localized or controlled: when the model hallu-
cinates relations, skips steps, or loosely associates
objects, we cannot tell which node was misunder-
stood or where the reasoning chain broke. Thus,
realistic grounding errors remain uncaptured.

To address these limitations, we propose Sce-
neAlign, a scene graph—guided preference align-
ment framework for structure-faithful visual rea-
soning, where the scene graph represents a set of
objects and relations that provide explicit structure
to localize reasoning-critical entities. Given an
image and question, SceneAlign first constructs a
scene graph that encodes objects, attributes, and
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What will the child try to do first?
skateboard upside down = child tries to flip it

Structure-agnostic supervision

| Supervision based on answers or outcomes
1. dog upside down — child tries to flip it
2. The child is excited = yell

X Not hard negative construction
X Grounding failure not localizable
X Reasoning path uncontrollable

[ "rest", "flip board", "yell", "eat" ]

SceneAlign: Structure-aware supervision
Explicit control of visual structure

1. child standing on the skateboard — ride it
2. child holding the skateboard = move it

v Hard negative construction
v Grounding failure localizable
v Reasoning path controllable

Figure 1: Motivation for structure-aware supervision. Under structure-agnostic supervision, reasoning errors
that ignore, hallucinate, or loosely associate visual structure are indistinguishable at the answer level. Structure-
aware supervision (SceneAlign) perturbs scene-graph elements to generate interpretable and controllable negative
examples, making grounding failures observable and localizable.

relations, and generate a structure-consistent chain
of thought (CoT) grounded in this graph. We then
perturb the graph through controlled interventions,
such as swapping, removing, or replacing nodes
and edges, to simulate realistic grounding failures,
and regenerate corresponding CoTs directly from
these modified graphs.

For instance, as shown in Figure 1, removing a
reasoning-critical node such as “upside down” or
replacing the relation “on” with “hold” produces
a reasoning chain that remains plausible but omits
critical evidence from the scene. Guided by the
scene graph, such CoTs form high-quality con-
trastive pairs: visually grounded CoTs as positives,
and semantically coherent yet visually inconsis-
tent CoTs as negatives, which expose a diverse
set of reasoning failure modes. Finally, we filter
the perturbed samples for plausibility and diversity,
and apply Direct Preference Optimization (DPO)
over these contrastive pairs to explicitly align the
model’s reasoning with the underlying scene struc-
ture, enhancing grounding fidelity in complex vi-
sual reasoning.

Our contributions are summarized as follows:

* We introduce SceneAlign, a scene-graph—guided
preference alignment framework for grounding-
faithful visual reasoning.

* We design controllable perturbation strategies
that generate hard and semantically coherent neg-
atives reflecting common grounding failures.

* We conduct extensive experiments across multi-
ple visual reasoning benchmarks, showing that
SceneAlign consistently improves grounding
consistency, reasoning coherence, and answer
accuracy over strong baselines.

2 Related Works

Recent efforts to improve multimodal reasoning
span a broad range of approaches. We specifically
build on negative CoT sampling in preference opti-
mization and scene-graph—based multimodal rea-
soning. SceneAlign perturbs scene graphs to con-
struct structurally inconsistent CoTs and employs
preference optimization to align reasoning with the
underlying visual structure.

Negative CoT Sampling and Preference Opti-
mization. Modern alignment techniques, such as
Reinforcement Learning from Human Feedback
(RLHF) (Ouyang et al., 2022) and DPO (Rafailov
et al., 2023), have been adapted to multimodal set-
tings to address issues such as hallucination (Yu
et al., 2024). A central idea is to generate neg-
ative reasoning to provide counterfactual signals.
Answer-oriented methods label rationales by final
correctness (Zhang et al., 2024a; Tan et al., 2025).
However, these approaches often miss structural
reasoning errors since flawed reasoning can still
produce correct answers. Other approaches perturb
CoTs at the token level (e.g., SNSE-CoT (Zheng
et al., 2024), QCRD (Wang et al., 2024), and NoRa
(Zhou et al., 2024)) or treat hallucinated answers
as negatives (Jiang et al., 2024; Sarkar et al., 2024).
These approaches demonstrate the value of con-
trastive supervision, but they rarely capture struc-
tural reasoning errors. Recent work instead per-
turbs relational structures, such as scene graphs for
multimodal reasoning (Chen et al., 2025). We ex-
tend prior work through a scene-graph—grounded
framework that perturbs entities, attributes, and re-
lations to create counterfactual but semantically
plausible rationales, utilizing the structural reason-
ing that dominates the complex visual scenes.
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Figure 2: Framework overview. The SceneAlign pipeline first generates scene-graph—grounded positives (Sec. 3.1),
applies four graph perturbations (swap, replace, shorten, overthink) to create negatives (Sec. 3.2), filters for diversity
(Sec. 3.3), and finally performs DPO alignment (Sec. 3.4).

Scene Graphs for Multimodal Reasoning.
Scene graph integration with large language mod-
els has emerged as a promising direction for struc-
tured visual understanding. Recent developments
in graph-based reasoning reveal the potential for
structured representations in complex visual tasks.
(Mitra et al., 2024) utilizes generated scene graphs
in zero-shot prompting to extract compositional
knowledge without fine-tuning. (Lee et al., 2024)
extends this approach through multimodal knowl-
edge graphs with relation graph attention networks.
Additional methods build on the scene graph CoT
(Shao et al., 2024; Ji et al., 2025). Together, they
show promise in helping MLLMs to maintain co-
herence and faithfulness when reasoning about
complex scenes by injecting structured represen-
tations. Our work extends beyond prior works by
integrating scene graphs into the learning process.
The MLLM model is trained to prefer rationales
that follow the true scene structure over those that
deviate from it. Specifically, after generating pos-
itive graphs, we perturb them to obtain negative
ones, and turn the pairs into reasoning trajectories
to train the model for structural faithfulness. This
design builds on earlier efforts in scene graph per-
turbation (Singh et al., 2023; Li et al., 2023; Huang
et al., 2024), and leverages these perturbations to
align CoT reasoning with preference supervision.

In summary, previous studies have not consid-
ered how to align the reasoning process itself with
the visual scene structure. They often treat reason-
ing as a flat textual sequence, neglecting the graph-
level dependencies among entities and relations. In

contrast, our framework introduces structure-aware
perturbations guided by scene graphs, allowing the
model to learn from both grounded and structurally
inconsistent rationales.

3 Methodology

To mitigate the inconsistency between answers
and their visual grounding, we propose the Sce-
neAlign framework that aligns multimodal reason-
ing with scene-level structure through preference
optimization. Figure 2 provides an overview of
our SceneAlign framework. To be specific, given
an image-question pair, SceneAlign first constructs
scene-graph—grounded positive reasoning, then per-
turbs scene graphs to produce negative CoTs, filters
them for informativeness, and finally applies DPO
(Rafailov et al., 2023) to align the model toward
structure-consistent reasoning. Algorithm 1 sum-
marizes its key steps.

3.1 Positive Reasoning Generation

To ensure that the reasoning process is grounded
in the visual scene rather than driven by superficial
correlations, we first construct structure-consistent
reasoning traces that explicitly reference scene-
graph elements as visual anchors. Formally, a scene
graph is defined as,

SG = (E,A,R), ey

where F is the set of entities, A the set of attribute
pairs, and R the set of relational triples (e;, 7, €;).

Given a dataset D, for each image—question pair
(I,q) € D, we extract a positive scene graph SG;r
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Algorithm 1: Workflow of SceneAlign
Preparation: Parser & (GPT-40); perturbation
operators O [Eq. (7)]; overlap thresholds [z, Yu].
Input: Dataset D = {(I, ¢, a) }; base MLLM .
Output: Aligned parameters 6*.

Initialize preference set P < ().
// Stage I: Preference Data Construction

foreach (I, ¢,a) € D do
// (1) Positive Reasoning Generation (Sec. 3.1)
Extract SG < ®(I, q); generate
T+ me(I,q,SGT).
/1 (2) Subgraph Extraction (Sec. 3.2)
Identify SG C SGY referenced in ;.
/1 (3) Negative SG Construction (Egs. (2)—(6))
S, ={0:i(8Gy) & (SGq+ \ SGY) | O; € O}.
/1 (4) Negative CoT Generation
Generate {7, ;} by prompting 7 with (¢, SG ;).
/1 (5) Scene-Graph Filtering (Eq. (9))
Compute Jaccard overlap J(SG ;, SG); retain
indices Zmia where J € [ve, Vu)-
/1 (6) Diversity-based Sampling (Eq. (10))
Select Z = arg maxzcr,

o M (|20 — 25
obtain diverse negatives {7, ; }.

/1 (7) Preference Pair Construction

Define context x4 = (I, q); add
{(zq, 7';7 %(;i)}iei toP.

// Stage I1: Preference Optimization

/1 (8) Scene-Graph Preference Optimization (Eq. 11)

0* < DPO-TRAIN(7g, Tret, P).

return 60*

25

that captures all relevant objects, attributes, and
relations using GPT-40 (Hurst et al., 2024). A
grounded chain-of-thought Tq+ €T is then gener-
ated by a MLLM 7y, where 7 denotes the space
of possible reasoning traces. By anchoring each
reasoning step to elements in .S G[;, the model is
encouraged to reference concrete visual evidence,
improving both interpretability and grounding reli-
ability. This multimodal conditioning ensures that
the image remains the primary authoritative signal;
any minor noise in the extracted scene graph can
be rectified by the MLLM by directly referencing
the visual evidence during reasoning generation.

Importantly, the scene graph serves exclusively
as an intermediate structure for constructing prefer-
ence data. During both DPO training and inference,
the model receives only the image and question
as input, without requiring any external parser or
structured representation.

3.2 Construction of Negative Scene Graphs

To teach the model what incorrect grounding looks
like, we construct structured counterfactuals that
reflect common failure patterns, including object

hallucination, relation mis-grounding, incomplete
grounding, and over-specification, while keeping
the overall semantics coherent. Given a grounded
rationale Tqu , we first identify its CoT-grounded
subgraph SG; C S Gl‘; that contains only the
elements explicitly referenced in Tq+ . We then
construct negative graphs by perturbing elements
drawn from SG{ while keeping the remaining part
S G(‘I" \ SGY, unchanged, ensuring that all modifi-
cations remain semantically relevant yet alter the
structural grounding.

Inspired by previous studies on graph-based mul-
timodal alignment (Huang et al., 2025; Li et al.,
2025; Liu et al., 2025b), we introduce four struc-
tured transformations: swap, replace, shorten,
and overthink, each corresponding to a distinct
type of grounding error. To support replacement-
based perturbations, we maintain a residual pool
Pros = SG;r \ SGfI consisting of non-key elements
from the same scene graph. Formally, for a relation
(ei,7,€j) € R and an element z € SG,

* Swap: exchange the subject and object of a rela-
tion,
Tswap(ei,r,€5) = (€5,7,€;). (2)
This reflects mis-grounding, where subject and
object roles are confused, producing fluent ratio-
nales that point to wrong bindings.

» Replace: substitute an element using a candidate
from the residual pool,

Trep(x) = :C/7 z' € Pres. 3)

Such substitutions mimic subtle grounding errors
or hallucination-like substitutions, where a non-
key scene element replaces a critical one while
the rationale remains plausible.

* Shorten: remove a key element to simulate omis-
sion,

Tshort(SGg) = SGCCI \ {x}7

Eliminating key nodes or relations creates traces
that skip inference steps, highlighting the need
for complete evidence in reasoning chains.

x e SGE. (4

* Overthink: augment the graph with redundant
or spurious content,

Tover(SGS) = SGS U {2},

Adding redundant grounded details corresponds
to over-specification, introducing superfluous
steps that distract from the core causal path and
reduce reasoning faithfulness.

z' e Pres. (5)
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Applying these operators yields a collection of
counterfactual scene graphs, each constructed by
perturbing the CoT-grounded subgraph and reat-
taching it to the unperturbed remainder,
SG,, = 0;(SGS) @

q,

(SGF\5G%), ()

0= {Tswapa Trep7 Tshortv Tover}- (7)

which induces the set,
Sy ={SG Y, ®)

covering the major error types in complex scene
reasoning and providing structured negatives for
preference optimization.

A mix mode randomly samples among perturba-
tions to enhance diversity, while consistency con-
straints guarantee well-formed outputs. This per-
turbation design allows us to systematically ex-
pose recurring error patterns such as hallucina-
tion, mis-grounding, skipped inference, and over-
specification, so that the model learns to distinguish
visual-grounded reasoning from plausible but in-
correct alternatives.

3.3 Selection of Negative Reasoning Chains

The purpose of this step is to construct informa-
tive and diverse negative reasoning chains that
serve as effective contrastive signals for prefer-
ence alignment. Without careful selection, neg-
ative samples that are either too similar or entirely
irrelevant to the positive reasoning chain would
provide weak or misleading supervision, under-
mining the goal of aligning the model’s reason-
ing with the true scene structure. Thus, we first
perform scene-graph filtering. Specifically, let
U(SG) = AU {(es,e0) @ (es,7,€0) € R} de-
note the set of attributes and subject—object pairs
extracted from a scene graph SG, and compute
the Jaccard overlap J(SG_;, SG ) between each

q,i°
negative graph and the gold graph,

|u(sa; )nu(sGy))|
65 568) - s o

‘We retain indices

Thia = {Z S < J<5Gq i SG+) < 771,}7
yielding a filtered set §q— = {SG_; }ieTq- This
filtering yields hard negatives by excluding near-
duplicates (,,) and irrelevant outliers (). Com-
bined with localized perturbations (Sec. 3.2), these

samples remain semantically consistent with posi-
tives yet contain precise grounding errors, forcing
DPO to prioritize subtle visual-logical distinctions
over global semantic shifts.

Next, we apply diversity-based sampling. Let
zi = f¢(7,;) € R? denote the embedding of the
negative CoT generated from SG ;. We then select
m diverse negatives via a max—min criterion:

7 = arg max min |lz; —
ICTmid 7'7£
|Z|=m 4,5€Z

ZjHQ. (10)

This produces the final negative graph set ‘S:q_ =
{SG,;}ic7 and their associated CoTs 7, =
{7,:}icz- By combining filtering with diversity
control we obtain a challenging yet balanced set
of counterfactuals that provide rich training signals
and prevent overfitting to narrow error modes.

3.4 Scene-Graph Preference Optimization

To ensure that the model internalizes a preference
for scene-faithful reasoning, we optimize it with
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) using positive and negative chains
derived from scene graphs. This encourages the
model to assign higher likelihoods to reasoning
trajectories that are consistent with the underlying
scene structure while penalizing inconsistent ones.
Formally, let z, = (I q) denote the model input
andlet P = {(x,, 7,7, 7,;)} be the preference pairs
with respect to a reference model m.r. Note that
although SG/ guides the construction of 7, and
T,.i» it is not 1ncluded in the model input durmg
optimization. DPO optimizes

,‘%lz

(z,7+,77)EP

Loro(6) = log o{ B[log mo(r* | ) — log m(r~ | 2)

— (log Trees(77 | @) — log Trer (77 | l))}),

where o is the logistic function and 8 > 0 controls
preference sharpness. The final preference dataset
comprises positives {7} and selected negatives
{7~}. DPO trains the MLLM 7y to prefer rea-
soning grounded in positive scene graphs, yielding
the aligned parameters 6*. This training objective
encourages the model to produce correct answers
while maintaining structural faithfulness, thereby
improving reasoning across complex scenes.

4 Experiments

4.1 Experimental Settings

Models. We apply SceneAlign to five representa-
tive MLLMs: Qwen2.5-VL-3B (Bai et al., 2025b),
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MME-RW EMMA ScienceQA MMMU Hallusion-Bench GQA SeedBench
Model Method ettt
Score (1) Score (1) Acce. (1) Acc. (1) aAcc (1) fAcc(T) qAcc (1) Exact(?) AlI(T) Img(1)
Base 38.32 20.00 83.19 47.11 34.28 17.05 20.66 69.40 7094  74.88
Qwen2.5-VL-3B  SFT 39.81 22.75 83.26 48.09 53.28 28.15 28.36 69.60 7030  74.83
SceneAlign 40.42 23.25 85.10 50.70 58.25 34.59 33.64 69.60 72.09  75.60
Base 47.99 22.75 91.49 64.26 57.65 34.28 34.20 62.40 74.80  76.93
Qwen3-VL-4B SFT 47.36 24.00 91.53 66.33 62.10 39.45 39.20 63.00 7455  77.12
SceneAlign 48.86 25.25 92.72 66.67 65.35 41.05 41.78 63.00 77.03  79.89
Base 43.98 17.75 88.71 51.11 57.31 33.24 32.09 71.80 74.07 7743
Qwen2.5-VL-7B  SFT 44.45 21.00 88.80 51.53 60.34 36.72 35.84 71.40 75.17  78.46
SceneAlign 45.02 22.75 89.12 52.83 62.88 37.57 38.02 71.40 76.54  79.12
Base 49.60 21.00 90.77 60.51 49.58 26.03 24.45 60.20 70.72  73.67
InternVL3-8B SFT 50.33 22.25 90.02 60.60 57.84 32.96 31.42 60.40 72.10  75.05
SceneAlign 51.94 23.25 90.15 60.37 61.72 36.88 35.01 60.80 7345  76.22
Base 37.26 15.75 80.12 40.67 26.81 18.79 12.75 73.00 57.58  72.73
SFT 38.95 17.00 81.99 41.20 39.35 20.02 14.74 73.00 57.71 72.80
LLaVA-Next-8B LLaVA-Reasoner 37.68 14.00 81.10 42.44 41.85 20.81 12.53 72.80 58.12  73.52
AoT 37.68 16.75 81.25 40.89 41.64 20.23 14.95 73.00 57.58 7274
SceneAlign 39.42 19.50 83.25 42.85 46.89 24.57 18.02 73.40 59.80  74.60

Table 1: Performance on reasoning-oriented benchmarks. Higher is better (7). Best results are in bold. Comparison
of different methods for constructing CoT-based preference pairs. All values are in percentage form.

Qwen3-VL-4B(Bai et al., 2025a), Qwen2.5-VL-
7B (Bai et al., 2025b), InternVL3-8B(Zhu et al.,
2025), and LLaVA-Next-8B (Li et al., 2024b). The
three Qwen models primarily differ in scale and vi-
sion—language coupling. InternVL3-8B integrates
a strong vision encoder with tight cross-modal fu-
sion, while LL.aVA-Next-8B combines CLIP with
an LLaMA3-8B backbone (Dubey et al., 2024) and
serves as a standard baseline.

Training Data. We construct training data from
A-OKVQA (Schwenk et al.,, 2022) by pair-
ing each image—question instance with a scene-
graph—consistent positive CoT and multiple per-
turbed negatives. A-OKVQA is selected for its
challenging open-ended questions requiring both
visual grounding and external knowledge, making
it a widely adopted benchmark for multimodal rea-
soning. Negatives are generated through four struc-
tured perturbations, then filtered and diversified to
form DPO preference pairs. In all experiments, we
use 3 negatives per instance as the default setting.

Scene Graph Generation. To construct scene
graphs for each image-question pair, we use GPT-
40 to generate structured scene representations con-
ditioned on both the visual input and the corre-
sponding question. The model is prompted to out-
put entities, attribute pairs, and relational triples in
a consistent JSON format, ensuring fine-grained
grounding of objects and relations relevant to rea-
soning. The detailed generation prompt and exam-
ples are provided in the Appendix A.2.

Baselines. We compare SceneAlign against the
pretrained model and an SFT baseline (fine-tuned
on SceneAlign’s positive CoTs) to isolate the gains
from preference alignment. We also compare Sce-
neAlign with two prior methods, AoT (Tan et al.,
2025) and LLaVA-Reasoner (Zhang et al., 2024a),
for constructing CoT-based preference pairs on A-
OKVQA, using LLaVA-Next-8B as the backbone
since prior work conducted their evaluations on this
model. AoT reformulates each question—answer
pair into an answer-conditioned reasoning task to
generate contrastive rationales that logically sup-
port or contradict the answer. LLaVA-Reasoner
adopts a two-stage pipeline that first augments
short-answer data with GPT-generated reasoning
chains and then constructs outcome-based pref-
erence pairs optimized via DPO. We compare
SceneAlign against these approaches as represen-
tative negative CoT construction methods: AoT
and LLaVA-Reasoner generate textual negatives
through answer or outcome perturbations, while
SceneAlign produces structurally perturbed neg-
atives guided by scene graphs, enabling contrastive
alignment at the level of visual grounding.

Evaluation Benchmarks. We evaluate Sce-
neAlign on a suite of benchmarks that jointly as-
sess its visual grounding and complex scene rea-
soning capabilities. For visual grounding, MME-
RealWorld (Zhang et al., 2024b) tests perception
and grounding under real-world scenes, while
GQA (Hudson and Manning, 2019) examines com-
positional question answering requiring precise
grounding of objects and relations. For com-
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Method MME-RW EMMA SciencecQA MMMU Hallusion-Bench GQA SeedBench
Score (1) Score (1) Acc. (1) Acc. (1) aAcc(f) fAcc (1) qAcc(?) Exact(f) Al(T) Img(1)

Base 38.32 20.00 83.19 47.11 34.28 17.05 20.66 69.40 70.94  74.88
w/o swap 40.13 19.25 83.55 47.60 57.52 33.82 32.09 69.40 7130  75.35
w/o replace 39.60 19.00 83.70 49.65 57.20 33.24 32.53 69.60 71.65  75.50
w/o shorten 39.86 23.25 84.00 48.85 58.04 34.39 3341 69.60 71.80  75.65
w/o overthink 39.55 20.75 83.45 47.90 57.75 34.02 33.23 69.20 72.05  75.75
entity 39.76 22.75 84.31 47.57 55.84 30.90 30.13 69.40 7148  75.42
relations 39.76 21.25 83.19 49.00 56.62 32.35 2991 69.60 7216  75.75
attributes 39.92 19.50 83.35 46.92 55.42 32.35 29.69 69.40 7172 75.58
SceneAlign 40.42 23.25 85.10 50.70 58.25 34.59 33.64 69.60 72.09  75.60

Table 2: Ablation study of structured perturbations on reasoning-oriented benchmarks using Qwen2.5-VL-3B. The
relative performance order of each variant across benchmarks is preserved, with consistent overall growth. All
values are in percentage form. Higher is better (1). Best results are in bold.

plex scene reasoning, EMMA-mini (Hao et al.,
2025), SEEDBench (Li et al., 2024a), Hallusion-
Bench (Guan et al., 2024), ScienceQA (Saikh et al.,
2022), and MMMU-Reasoning (Yue et al., 2024)
evaluate multi-step reasoning, hallucination robust-
ness, and structure-dependent inference across mul-
timodal inputs. All evaluations are performed using
the LMMs-Eval framework (Zhang et al., 2025) for
consistency and reproducibility. At test time, all
models operate as standard MLLMs, receiving only
the image and question as input without any scene
graph or external parser.

Implementation Details. To ensure reproducibil-
ity, we generated all positive scene graphs using the
gpt-40-2024-11-20 snapshot with a temperature of
0 and fixed random seeds. Training was conducted
on 2 NVIDIA A100 GPUs. We set the preference
optimization coefficient 8 = 0.1 and learning rate
5 x 1079, training for 1 epoch. We employed a
per-device batch size of 6 with 20 gradient accu-
mulation steps, resulting in an effective batch size
of 120. The maximum input length is 4096 tokens,
with prompts truncated to 2048 tokens. All hyper-
parameters were kept consistent across all models
to ensure a fair comparison. Further details on
training efficiency are provided in Appendix A.4.

4.2 Main Result

Table 1 reports results across reasoning-oriented
and vision-centric benchmarks for different
MLLMs of varying scales and architectures.
Across all settings, SceneAlign consistently out-
performs both the pretrained and SFT baselines,
showing that scene graph—guided preference align-
ment provides benefits beyond positive-CoT su-

pervision, where structure-aware negative samples
supply a contrastive grounding signal that discour-
ages incorrect or poorly grounded reasoning paths.
Gains are most pronounced on reasoning-intensive
benchmarks such as EMMA, HallusionBench, and
MMMU-Reasoning, where SceneAlign yields av-
erage improvements of 3%—5%. These tasks re-
quire step-wise compositional reasoning and multi-
entity grounding, highlighting that our perturba-
tion strategy exposes fine-grained, structure-level
grounding errors that standard textual perturba-
tions overlook. Notably, even lightweight mod-
els such as Qwen2.5-VL-3B and Qwen3-VL-4B
achieve clear gains (e.g., +23.97% and +7.70%
respectively on HallusionBench), demonstrating
that structural grounding is effective even without
large capacity. Larger models (e.g., Qwen2.5-VL-
7B, InternVL3-8B) show similar benefits, implying
that SceneAlign provides orthogonal improvements
to model capacity. On vision-centric benchmarks
like GQA, SeedBench, and MME-RealWorld, Sce-
neAlign also delivers consistent gains. We fur-
ther compare SceneAlign with two prior CoT-
based preference construction approaches, LLaVA-
Reasoner and AoT, using the LLaVA-Next-8B
backbone. Results illustrate that SceneAlign sur-
passes both across nearly all metrics, with particu-
larly large margins on HallusionBench and EMMA,
confirming that grounding-aware contrastive pairs
provide stronger supervision than text-only pertur-
bations. Overall, these results demonstrate that
SceneAlign is a general and scalable framework
for improving multimodal reasoning faithfulness
through structure-aware preference alignment.
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4.3 Ablation Studies

Effect of Perturbation Operators. Table 2 ab-
lates the four perturbation operators: swap, replace,
shorten, and overthink. Each operator corresponds
to a distinct failure mode (role mis-binding, halluci-
nation, skipped inference, and over-specification).
Removing any operator reduces performance on
the benchmarks most sensitive to that error type.
Full SceneAlign, which integrates all four, achieves
the greatest and most balanced improvements.

Effect of Scene Graph Elements. Table 2 fur-
ther ablates the contribution of different scene-
graph elements by selectively perturbing entities,
relations, and attributes. Relation-level grounding
brings the largest performance gains, showing that
correctly binding subjects and objects is most criti-
cal for grounded reasoning. Entity information also
plays a major role, confirming the importance of
identifying the right participants. Attribute ground-
ing has a smaller but still consistent effect, sug-
gesting that fine-grained properties provide com-
plementary cues beyond structural role assignment.

Effect of Negative Sampling Strategies. Table 4
in the appendix compares three sampling variants:
random negatives, diversity-only sampling, and
our full method (scene-graph filtering followed
by diversity sampling). Random negatives yield
weak supervision due to trivial or irrelevant sam-
ples, while removing graph filtering introduces
overly close or overly distant negatives. Our full
method consistently achieves the highest perfor-
mance, highlighting the value of carefully selecting
medium-difficulty negatives.

Effect of Overlap Thresholds. To study how
scene-graph overlap thresholds affect preference
construction, we vary the lower bound 7, and upper
bound 7,. Overly narrow ranges filter out many
candidate pairs, reducing data coverage and caus-
ing moderate accuracy drops, while overly loose
ranges introduce trivial or overly distant negatives
that weaken supervision. We find that moderate
thresholds strike the best balance; the default Sce-
neAlign setting (7 = 0.3, 7, = 0.7) consistently
yields strong and well-balanced performance on
MMMU-Reasoning and SEED-Bench (Figure 3).

Effect of the Number of Negatives. Table 4 stud-
ies the impact of using different numbers of nega-
tives per instance. One negative provides limited
coverage of reasoning errors, while three negatives

~#— MMMU Reasonin g —®— SeedBench (All)  -4- SeedBench (Img)

(b) Sensitivity to v,

Z 500

0.1 03 05 05 0.7 0.9
Lower Bound (y) Upper Bound (v,)

Figure 3: Sensitivity to Jaccard bounds y, and ~,,, Per-
formance shows an inverted U-shape with optimal per-
formance at v, = 0.3 and ~,, = 0.7.

significantly improve structural supervision with
modest additional cost. Larger numbers offer di-
minishing returns. We adopt three negatives per
instance by default as the best trade-off between
efficiency and effectiveness.

4.4 Case Study

To better illustrate how scene-graph grounding im-
proves reasoning faithfulness, we present a case
study in Figure 4. The example asks: “What kind
of activity with respect to the motorcycle is the man
on the floor most likely engaging in?” The scene
contains several interacting entities, including the
man, the motorcycle, and a piece of paper, which
calls for structured visual reasoning that goes be-
yond surface-level cues.

Positive CoT. Our model correctly grounds each
reasoning step in the scene graph: the man is on the
ground next to the motorcycle, others are gathered
around, and one holds a paper while looking toward
the motorcycle, which jointly supports inspecting
or diagnosing the motorcycle.

Prior Methods. Answer-based approaches fix an
incorrect final answer (e.g., riding) and fabricate
reasoning to justify it, leading to fluent but semanti-
cally inconsistent CoTs. Token-level perturbations
merely alter surface text and often yield logically
broken scenes (e.g., “arguing with the tree”), which
is grammatically correct yet structurally invalid.

SceneAlign (Ours). In contrast, SceneAlign per-
turb the scene graph structure through four con-
trolled operations: swap, replace, shorten, and
overthink. Each produces a natural yet structurally
inconsistent CoT, revealing distinct failure modes
such as role misalignment, hallucination, missing
evidence, and over-specification. These structured
negatives expose reasoning drift that purely text-
based perturbations fail to capture. Full CoT details
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Method Grounding Score (1)
Pretrained 1.997
SET 2.215
SceneAlign 2.832

Table 3: Step-level grounding faithfulness on A-
OKVQA using GPT-40 evaluation. Each reasoning step
is rated on a 0-5 scale for visual evidence support.

are provided in Appendix A.3.

4.5 Direct Faithfulness Evaluation

Beyond answer accuracy, we directly evaluate
whether SceneAlign improves step-level reason-
ing faithfulness. Following recent work on auto-
mated faithfulness assessment (Balasubramanian
et al., 2025; Moll et al., 2025; Lv et al., 2026), we
use GPT-40 as an external evaluator under a fixed
rubric. For each reasoning trajectory generated by
Qwen2.5-VL-3B-Instruct on the A-OKVQA test
set, every numbered reasoning step is rated on a
0-5 scale based on whether it is supported by visi-
ble evidence in the image. We compute per-sample
averages and report the overall mean grounding
score. As shown in Table 3, SceneAlign achieves a
grounding score of 2.832, improving over the SFT
baseline by +0.617 and over the pretrained model
by +0.835. This result confirms that SceneAlign
not only improves final answer accuracy but also
enhances the visual grounding of intermediate rea-
soning steps, reducing unsupported claims in the
chain of thought.

5 Conclusion

We presented SceneAlign, a scene-graph—guided
preference alignment framework that improves
grounding-faithful reasoning in multimodal large
language models. By generating semantically
coherent yet structurally inconsistent rationales
through controlled scene-graph perturbations, Sce-
neAlign addresses reasoning-grounding inconsis-
tency and explicitly aligns chain-of-thought rea-
soning with visual structure. Experiments across
seven benchmarks show consistent 3-5% gains on
reasoning-intensive tasks, confirming that structure-
aware supervision yields significantly more faithful
reasoning than traditional text-based perturbations.

Limitations

Our study focuses on single-image reasoning and
does not extend to multi-image or video-based in-
puts, where temporal and cross-view consistency

introduce additional grounding challenges. More-
over, we rely on GPT-based models for generat-
ing chains of thought and for automatic evalua-
tion of reasoning coherence and hallucination rates,
which may not fully capture fine-grained human
judgments. Future work could explore dynamic or
temporal scene graphs and adopt human-centered
evaluation protocols to provide a more comprehen-
sive assessment of grounding fidelity in open-ended
multimodal reasoning.
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A Appendix
A.1 Analysis of Data Reliability

To validate the quality of our structural interven-
tions and positive rationales, we conducted a hu-
man spot check on 150 randomly sampled A-
OKVQA instances. Our evaluation confirms that
the gpt-4o-generated scene graphs correctly capture
all question-relevant entities and relations in all of
the cases. While occasional redundant nodes (e.g.,
background objects) appear, they do not degrade
the quality of the positive CoTs, as the MLLM con-
ditions primarily on the (image, question) pair and
treats the scene graph as auxiliary guidance. This
effectively bypasses extraction noise and under-
scores SceneAlign ’s high-fidelity data synthesis.

A.2 Prompt Design

We use structured prompts (Figure 5, 6, 7) to de-
couple scene grounding from reasoning. A scene-
graph prompt first extracts entities, attributes, and
relations in strict JSON format to anchor reasoning
to visual structure. We then generate positive CoT's
using both the image and graph, and negative CoTs
using only the graph, enabling controlled contrast
in structure consistency.

A.3 Case Study Explanation

We present a case study (Table 5) showing that Sce-
neAlign yields structure-consistent positive CoTs,
while perturbations expose distinct failure modes.

A.4 Training Curves

We visualize four reward-related training curves
(Figure 8) for five MLLMs to validate our method.
A.5 LLM Usage

Large language models were used exclusively to
improve grammar and make minor wording edits
in parts of this paper.

Figure 4: Example Image from Case Study.
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MME-RW EMMA ScienceQA MMMU Hallusion-Bench GQA SeedBench

Method
Score (1)  Score (1) Acc. (1) Acc. (1) aAcc () fAcc(?) qAcc(?) Exact(?) AN Img(1)

Base 43.98 17.75 88.71 51.11 57.31 33.24 32.09 71.80 74.07 7743
Random 44.22 19.25 88.79 51.48 58.15 32.08 33.19 71.40 7425  77.60
w/o scene-graph filter 44.68 22.00 88.83 51.05 62.15 36.99 38.02 71.60 75.02  78.10
num=1 44.29 20.00 88.80 51.52 58.15 32.65 32.97 71.80 7445  71.72
num=2 44.97 21.50 88.85 51.86 61.83 36.13 37.36 71.00 75.38  78.26
num=4 44.89 22.25 88.91 52.24 62.88 36.94 36.76 71.60 7595  78.64
SceneAlign (num=3) 45.02 22.75 89.12 52.83 62.88 37.57 38.02 71.40 76.54  79.12

Table 4: Ablation on negative CoT sampling strategies using Qwen2.5-VL-7B. All values are in percentage form.
Higher is better (1). Best results are in bold.

( Structured Scene Graph Generation Prompt )
You are given an image and its associated question. Your task is to generate a scene graph in
strict JSON format that includes the following three fields:

1. "entity": alist of all objects and concepts relevant to answering the question.
2. "attribute pairs”: alistof [object, attribute] pairs describing each entity’s key features
(e.g., color, size, state).
3. "relationships”: a list of [subject, relation, object] triples describing spatial or
semantic relationships.
Format Example:
{
"entity"”: ["man", "motorcycle"”, "paper”, "ground"],
"attribute pairs”: [
["motorcycle”, "silver"],
["paper”, "white"],
["ground”, "paved"]
:l i)
"relationships”: [
["man", "look at”, "motorcycle"],
["man", "crouch on", "ground"],
[I!manll’ Ilhold", Npaperllj,
["motorcycle”, "stand on", "ground"]
]
}
Attention:
1. Only return a valid JSON object with the three required fields.
2. Do not include any explanations or natural language text.
3. Ensure the format strictly matches the example above.
Question: {question}, {ground-truth answer}
Scene Graph:
N\ Y,

Figure 5: Prompt for structured scene graph generation.
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Positive CoT Generation Prompt )

You are given a scene graph and its associated question and image. Your task is to provide
step-by-step reasoning to answer the question based on the image and scene graph. Do not
mention the data source. Treat the scene graph elements as the visual scene itself.

Format Example:
1.
2.
3.
4. ...
Conclusion:

Scene Graph: {scene_graph}

Question: {question}, {ground-truth answer}

Step-by-step reasoning:

Figure 6: Prompt for generating positive chain-of-thought reasoning from image and its corresponding scene graph.

Negative CoT Generation Prompt h

You are given a scene graph and its associated question. Your task is to provide step-by-step
reasoning to answer the question based on the scene graph. Do not mention the data source.
Treat the scene graph elements as the visual scene itself.

Format Example:
1
2.
3.
4. ...
Conclusion:

Scene Graph: {scene_graph}

Question: {question}

Step-by-step reasoning:

Figure 7: Prompt for generating negative chain-of-thought reasoning from a structured scene graph.
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Figure 8: Training curves of five multimodal models (Qwen2.5-VL-3B-Instruct, Qwen3-VL-4B-Instruct, Qwen2.5-
VL-7B-Instruct, InternVL3-8B, and Llama3-LLaVA-Next-8B-hf) across four reward-related metrics: accuracies,
chosen, margins, and rejected, evaluated over 1 epoch.
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Case Study: Scene-Graph—
Grounded Reasoning

Question: What kind of activity with respect to the motorcycle is the man on the floor most likely engaging in?

Image

Figure 4

Ground Truth / MLLM Answer

Ground Truth: Inspecting / Diagnosing
MLLM Answer: Inspecting. (correct)

Scene Graph { "entity": ["man", "motorcycle”, "ground”, "paper”, "building", "window",
"car"],
"attribute pairs”: [ ["motorcycle”, "silver”], ["motorcycle”, "parked"],
["ground”, "paved"], ["paper"”, "white"], ["building"”, "white"], ["window”,
"glass"], ["car", "parked"] 1,
"relationships”: [ ["man”, "look at", "motorcycle”], ["man", "crouch on",
"ground"], ["man”, "hold"”, "paper"], ["motorcycle”, "stand on"”, "ground"],
["building”, "behind”, "motorcycle"”], ["car"”, "behind”, "motorcycle"] 1}
CoT-grounded Subgraph { "entity": ["man","motorcycle","paper”,"ground"],

"attribute pairs”: [["motorcycle"”,"silver”],["motorcycle”,
"parked"], ["paper”,"white"],["ground”, "paved”]],
"triples”: [["man","look at"”,"motorcycle”"],["man"”,"crouch on","ground"],
["man", "hold", "paper”], ["motorcycle”,"stand on","ground"]] }

Positive CoT

1. The man is on the floor next to the motorcycle, not sitting on it.

2. Several people are gathered around the motorcycle, suggesting a repair or inspection setting.
3. One person holds a piece of paper, likely a manual or document.

4. The man’s position implies he is interacting with the motorcycle.

Conclusion: He is most likely inspecting or performing maintenance on the motorcycle.

Prior: Answer-Driven

1. The question already frames the situation around a motorcycle, which naturally suggests a riding scenario.

2. In everyday situations, people who interact with motorcycles are most often using them rather than performing technical
diagnostics.

3. Without explicit evidence of a repair task, it is reasonable to treat the activity as related to normal use.

Conclusion: So the man is more likely preparing for or engaging in a riding activity, instead of diagnosing the motorcycle.

Prior: Token-level perturb

1. The man is on the floor next to the banana, not sitting or riding on it.

2. Several people are gathered around the sky, suggesting a repair or inspection of clouds.
3. One person holds a dog, likely a manual or document.

4. The man’s position and the scene imply he is arguing with the tree.

Conclusion: He is most likely cooking dinner, not maintaining the motorcycle.

SceneAlign swap

"o o

Change: ["man","look at","motorcycle"] — ["motorcycle”,"look at","man"

1. A motorcycle looking at the man, instead of the man looking at it.

2. Since the motorcycle is described as the active observer, the man is no longer directly interacting with it.

3. The man is sitting on the paved ground, holding a piece of white paper.

4. Without a clear connection between the man and the motorcycle, his activity is interpreted as passive or unrelated to the
bike.

Conclusion: The man is most likely just sitting and reading the paper, not doing anything with the motorcycle.

SceneAlign replace

Change: Replace the entity “paper” with a randomly selected entity from the residual pool (“window”).

1. The man is crouching on the paved ground near a silver motorcycle.

2. He is described as holding a white window in his hands.

3. The man is looking toward the motorcycle while holding the window, but there is no clear indication that he is using the
window for repair or maintenance.

4. Instead, the window appears to be an unrelated object that he is simply handling while being near the motorcycle.
Conclusion: The man is most likely handling or examining the window, rather than engaging in an activity related to the
motorcycle.

SceneAlign shorten

Change: delete a main entity "man" and all attributes and relationships the node involved with.
1. The scene shows a silver motorcycle standing on a paved ground.

2. Paved ground is typically suitable for riding.

3. Since bikes are usually used for riding or recreation, the setting suggests a riding activity.
Conclusion: The man on the floor is most likely engaged in riding the motorcycle.

SceneAlign overthink

Change: Randomly select and add a relationship (["building", "behind", "motorcycle"]) from the residual pool.

1. The scene shows a silver motorcycle standing on a paved ground, with a building located behind it.

2. A man is crouching on the ground, holding a white piece of paper and looking toward the motorcycle.

3. The explicit mention of the surrounding building introduces additional contextual structure, suggesting the motorcycle
may be in a service, maintenance, or official facility area rather than a casual setting.

4. This additional environmental cue may bias the interpretation toward more formal or professional use of the motorcycle,
rather than simple recreation.

Conclusion: The man is most likely engaged in an inspection or diagnostic activity related to the motorcycle within a
structured environment.

Table 5: Case Study: Scene-Graph—-Grounded Reasoning. Structured comparison of grounded reasoning,
showing how each perturbation (swap, replace, shorten, overthink) leads to distinct failure modes while the positive
CoT remains consistent with the scene graph.
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