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Abstract

Recent Multimodal Large Language Models
(MLLMs) excel in precise entity recognition
and powerful reasoning, significantly boosting
performance and efficiency in complex vision-
language tasks. Despite these gains, this ad-
vanced reasoning process introduces a subtle
yet critical vulnerability. We identify an under-
explored relational reasoning failure mode in
which models over-prioritize semantic coher-
ence, thereby inferring ungrounded interactions
from mere object entities. We term this phe-
nomenon Relation Evidence Amnesia (REA),
wherein MLLMs correctly localize individual
entities but fail to enforce true visual dependen-
cies as the generative process becomes hijacked
by semantic rationalization. To mitigate REA,
we propose Relation-Grounded Faithful Rea-
soning (RGFR), an inference-time decoding
intervention that operates without modifying
target model parameters. Adopting a decou-
pled verification philosophy, RGFR employs a
semantic-driven soft-gating mechanism to si-
multaneously incorporate explicit entity con-
straints and extract counterfactual causal evi-
dence, followed by a Unified Schema-Aware
Rectifier that rigorously mediates these visual-
causal constraints during the decoding process.
Extensive experiments across relation bench-
marks demonstrate that RGFR improves rela-
tion recognition accuracy by over 8.1% com-
pared to baselines, while largely preserving
task utility. These results highlight the critical
role of decoupled, evidence-grounded rectifica-
tion in achieving faithful relational reasoning
for multimodal models.

1 Introduction

Built upon the success of Large Language Mod-
els (LLMs), Multimodal Large Language Models
(MLLMs) integrate visual perception with natural
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language reasoning, significantly enhancing perfor-
mance on complex scene understanding tasks (Liu
et al., 2023; OpenAI et al., 2024; Yang et al., 2025a;
Ma et al., 2026). Despite these advancements,
recent research reveals that their generative ca-
pabilities are severely bottlenecked by hallucina-
tions (Guan et al., 2024; Huang et al., 2024a; Wang
et al., 2025b). Specifically, MLLMs exhibit an in-
herent tendency to maintain linguistic inertia and
semantic coherence, which induces the unfaithful
rationalization of physical interactions, generating
text that is not faithfully grounded in the visual
input (Zhou et al., 2024; Wang et al., 2024a; Yang
et al., 2025b; Samyoun et al., 2026).

Existing mitigation strategies primarily rely on
training-time alignment or inference-time interven-
tions. Training-time approaches struggle to erad-
icate deep-seated semantic biases without mas-
sive data scale. Meanwhile, inference-time de-
fenses (Yin et al., 2024; Leng et al., 2024; Wu et al.,
2024a; Lee and Song, 2025) attempt to intercept
ungrounded generation via contrastive decoding
or output calibration. However, they rely on in-
discriminate global perturbations. While global
noise helps verify object existence, it encounters
fundamental limitations in relation verification, as
uniform noise inevitably obscures the fine-grained
spatial features required to identify physical interac-
tions. Motivated by these limitations, we pose two
critical research questions: (1) how internal reason-
ing trajectories evolve to rationalize ungrounded
relations despite accurate object perception, and (2)
whether this rationalization can be dynamically in-
tercepted during decoding to restore faithful visual
grounding.

In this work, we take a first step toward answer-
ing these questions by systematically analyzing the
internal decoding dynamics of MLLMs. Through
this analysis, we identify a fundamental cognitive
pathology we term Relation Evidence Amnesia
(REA). We observe that MLLMs fail not from a
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lack of basic visual perception, but because se-
mantic rationalization overrides factual observa-
tion. Once a model commits to a likely entity co-
occurrence, it mechanically diverts attention away
from genuine visual evidence, cognitively suppress-
ing fine-grained spatial boundaries and physical
contact signals. As detailed in Section 3, REA
manifests in three orthogonal failure modes: Co-
ordinate Blindness, Co-presence Bias, and Textual
Prior Overconfidence.

To address this, we propose Relation-Grounded
Faithful Reasoning (RGFR), an inference-time
framework that dynamically intercepts this rational-
ization process. RGFR uses a semantic-driven soft-
gating mechanism to activate two parallel modules:
a Geometric Verifier for explicit entity constraints
and a Causal Probing Branch that isolates genuine
visual evidence from spurious co-presence. Finally,
a Unified Schema-Aware Rectifier turns relation
verification into a strict procedural constraint. By
using visual-causal evidence to correct relation pre-
dictions biased by language priors, RGFR prevents
linguistic inertia from overriding visual reality.

Our main contributions are summarized as fol-
lows:

• We identify and mechanistically analyze Rela-
tion Evidence Amnesia (REA), a vulnerability
where linguistic inertia drives MLLMs to sup-
press critical visual evidence, manifesting as co-
ordinate blindness, co-presence bias, and textual
prior overconfidence.

• We introduce RGFR, an inference-time frame-
work that fundamentally mitigates this pathology
through dynamic interventions at the decoding
stage, employing an explicitly decoupled entity-
causal verification and a semantic-driven rectifi-
cation mechanism.

• Extensive experiments on relation benchmarks
demonstrate that RGFR improves relation recog-
nition accuracy by over 8.1% compared to state-
of-the-art baselines, while preserving the model’s
general utility.

2 Related Work

2.1 Training-free Multimodal Hallucination
Mitigation.

Existing training-free methods primarily mitigate
hallucinations during inference, either via ad-
vanced decoding strategies (Leng et al., 2024;

Wang et al., 2024b; Park et al., 2024; Huo et al.,
2025) or internal representation diagnostics (Liu
et al., 2024a; Chen et al., 2024; Gong et al., 2024;
Sarkar et al., 2025). Although effective, these tra-
ditional paradigms are predominantly tailored for
object-centric hallucinations. To bridge this gap,
targeted mitigation techniques focusing on rela-
tion hallucination have rapidly emerged. For in-
stance, ChainMPQ (Wu et al., 2026) tackles this
failure mode by incorporating multi-perspective
sub-questions and an interleaved text-image rea-
soning chain; Reefknot (Zheng et al., 2025) coun-
ters relationship misjudgments through special-
ized structural alignment and benchmarking; and
CAP (Wu et al., 2025) mitigates relational er-
rors via constraint-aware prompting with explicit
spatial-logical rules. This transition highlights
a growing consensus that mitigating multimodal
hallucination requires moving beyond entity-level
presence to mastering structural and relational con-
sistency (Zhang et al., 2026b).

2.2 Uncertainty-aware reasoning correction.

Quantifying and calibrating model confidence has
emerged as a rigorous paradigm to diagnose and
rectify structural hallucinations (Zhang et al., 2025;
Li et al., 2025; Zhang et al., 2026a). Prior works
rely on various expressions of model uncertainty
to detect low-confidence states, including token-
level entropy (Kadavath et al., 2022), semantic con-
sistency over generated distributions (Kuhn et al.,
2023), and verbalized probabilities through self-
introspection (Huang et al., 2025). In our work,
we operate on binary relation verification, utilizing
entropy solely to rescale the penalty of a counter-
factual branch. The closest to our approach is the
contemporaneous work of (Xu et al., 2026), which
uses entropy-aware switching between latent and
discrete reasoning modes and injects visual anchors
when reasoning becomes uncertain.

2.3 Relation-aware representation beyond
hallucination mitigation.

The importance of relations has been recognized in
other multimodal tasks (Hu et al., 2023; Huang
et al., 2024b). For instance, relation-aware ap-
proaches are deployed to erase unsafe knowledge in
safety unlearning (Anilkumar et al., 2026), encode
joint entity-relation embeddings in multi-modal
knowledge graph completion (Niu and Li, 2026),
and capture structured spatial-semantic contexts in
fine-grained 3D visual grounding (He et al., 2021).
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Is there a man in the image?

Is there a dog in the image?

Object-Level scenario

Relation-Level scenario

Does a man feed a dog in the image? 
Yes, a man is feeding a dog in the image. The man is holding a bag of 
food, and the dog is eagerly waiting for the treat. This interaction 
between the man and the dog suggests a positive relationship between 
them, as the dog is likely accustomed to receiving food from the man.

Yes, there is a man in the image.

Yes, there is a dog in the image.

Figure 1: Comparison of model behaviors under Object-
Level scenario and Relation-Level scenario.

These methods reinforce a broader point that rela-
tions are first-class semantic objects in multimodal
systems and should not be reduced to isolated con-
cepts. Our work brings the same relation-aware
viewpoint to hallucination mitigation, while re-
maining entirely training-free and inference-time.

3 Motivation

3.1 Reasoning Vulnerability in Relation
Grounding

Prior work largely frames MLLM hallucinations
as perceptual failures, primarily focusing on the
inability to ground absent objects (Yin et al., 2024).
In the relational domain, however, we identify a
fundamentally different mechanism: relation hal-
lucinations are driven not by perceptual blindness,
but by overconfident reasoning. Driven by user
instructions and strong language priors, the model
actively rationalizes unsupported relations between
visually grounded entities.

Specifically, the reasoning process treats its
accurate object-level perception as a misleading
premise, misinterpreting the mere co-occurrence of
these entities as sufficient interaction evidence to
maintain narrative fluency. Consequently, even in-
creasingly effective object-level hallucination mit-
igation remains insufficient to suppress relation
hallucinations.

As illustrated in Figure 1, a clear discrepancy
emerges between entity perception and relation
faithfulness. In Object-Level scenarios, the model
reliably anchors to relevant entities, such as the
man and the dog, confirming that errors do not
stem from perceptual failure. In Relation-Level
scenarios, however, the model misinterprets mere
co-presence as definitive interaction evidence, in-
correctly asserting that the man is feeding the dog.

Object scenario: “Is there a man or a 
dog in the image?”

Relation scenario: “Is the man feeding 
the dog in the image?”

Suppression by 
textual prior bias

Figure 2: (Left) Attention shift: Entity co-presence
triggers linguistic inertia, redirecting attention away
from visual interaction evidence. (Right) Layer-wise
scores: Deep layers suppress relation-specific visual
cues, unlike shallow layers that retain them, indicating
prior-driven override.

It further fabricates a fluent rational, such as claim-
ing the man is holding food, to render the un-
supported interaction narratively plausible. This
contrast points to a cognitive suppression effect
rather than perceptual blindness: once entities are
grounded, prior-driven reasoning overrides the finer
visual constraints necessary for relational verifica-
tion. This motivates our mechanistic analysis of
Relation Evidence Amnesia in Section 3.2.

3.2 Mechanistic Validation of Relation
Evidence Amnesia

Building on Section 3.1, we investigate the mecha-
nistic roots of this suppression and term it Relation
Evidence Amnesia (REA). REA is not a perceptual
failure but a cognitive override: when processing re-
lational queries, the model systematically discards
valid visual interaction cues in favor of language
priors. More broadly, REA manifests in three po-
tentially overlapping modes: Coordinate Blindness,
the failure to enforce spatial constraints despite
correct entity localization; Co-presence Bias, the
tendency to treat mere entity co-occurrence as in-
teraction evidence, as in Figure 1, where the model
incorrectly concludes that the man is feeding the
dog; and Textual Prior Overconfidence, the prefer-
ence for linguistically plausible relations despite
weak or contradictory visual evidence, reflected in
the fabricated claim that the man is holding food.

To validate this, we perform a layer-wise cross-
modal attention analysis on relation verification
benchmarks (Wu et al., 2024b). As illustrated in
Figure 2, our analysis reveals a critical Perception-
Cognition Gap. In shallow perception layers, the
visual encoder objectively attends to interaction
boundaries; however, as reasoning progresses to
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Figure 3: Illustration of RGFR. The framework employs three key components: (1) Semantic-Driven Dynamic
Router, (2) Parallel Dual-Branch Verifier, and (3) Unified Schema-Aware Rectifier to effectively mitigate relation
hallucinations in MLLMs.

deep causal layers, severe Attention Disorientation
occurs: attention on actual relation evidence col-
lapses, shifting predominantly to the salient entity
centers. Driven by the imperative to satisfy textual
priors, the model actively suppresses critical visual
interaction constraints.

This phenomenon provides mechanistic verifi-
cation of REA. Driven by the user’s directive, the
model’s language prior actively suppresses visual
interaction constraints to maintain narrative consis-
tency. This exposes a critical insight: the alignment
between entity perception and relation cognition is
not static, but can be dynamically skewed by the
model’s own reasoning process, making final-layer
confidence or coarse global perturbations insuffi-
cient for relation-faithful verification. A faithful
verifier should therefore track relation-specific evi-
dence across the internal reasoning process and
test whether the final relation decision remains
grounded in the visual cues that actually support
the queried predicate. To quantitatively assess
this systematic pattern, we conduct an outcome-
conditioned diagnostic on the DALL-E subset of
MMRel; details are provided in Appendix A.3.

4 Method

4.1 Overview
We propose Relation-Grounded Faithful Reason-
ing (RGFR), a novel training-free decoding-time
intervention framework designed to mitigate Re-
lation Hallucinations by interrupting the prior-
driven rationalization of interactions. As illustrated

in Figure 3, RGFR implements a Parallel Dual-
System Rectification strategy via three key com-
ponents: (1) A Semantic-Driven Dynamic Router
that acts as a continuous soft-gating mechanism,
zero-shot leveraging the LLM’s intrinsic seman-
tic space to allocate adaptive weights for the si-
multaneously active intervention branches. (2) A
Parallel Dual-Branch Verifier that simultaneously
enforces symbolic spatial constraints and executes
counterfactual causal probing, utilizing a Relation
Evidence Schema (RES) to surgically blind and ex-
tract non-compensatory visual signals. (3) A Uni-
fied Schema-Aware Rectifier that fuses geometric
constraints with prior-calibrated causal uncertainty
to dynamically penalize unfaithful language priors
and surface grounded relations. Through this paral-
lel reasoning-phase intervention, RGFR transforms
the MLLM into a rigorous visual-causal reasoner.

4.2 Semantic-Driven Dynamic Router

While traditional routing often implies a rigid
binary decision, our Semantic-Driven Dynamic
Router acts as a continuous soft-gating mechanism.
It evaluates the linguistic properties of the queried
relation r to allocate adaptive rectification weights
for the simultaneously active parallel intervention
branches. Operating prior to visual intervention,
it serves as a zero-shot cognitive gate that maps
r into a continuous probability simplex using the
LLM’s pre-trained semantic space.

Guided by the semantics of spatial and physi-
cal interactions, the Router categorizes evidence
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reliance into geometric and causal axes. Let E(x)
denote the static unembedding function projecting
token x into a d-dimensional vector. To establish
this continuous projection, we define two compact
anchor sets: a geometric set Ageo consisting of
spatial prepositions, and a causal set Acau compris-
ing action verbs. Their semantic centroids, ek, are
computed offline:

ek =
1

|Ak|
∑︂

a∈Ak

E(a), k ∈ {geo, cau} (1)

This offline extraction incurs zero latency during
inference.

To avoid manual thresholds and hard splits,
we define the semantic similarity score as sk =
cos(E(r), ek). The dynamic geometric weight
ωgeo is derived via a temperature-scaled softmax
projection:

ωgeo =
exp(sgeo/τ)

exp(sgeo/τ) + exp(scau/τ)
(2)

where τ controls the distribution sharpness, and the
causal probing weight is its complement ωcau =
1− ωgeo.

Consequently, purely spatial relations are heavily
weighted toward coordinate validation (ωgeo → 1),
physical actions lean predominantly toward causal
probing (ωcau → 1), and composite relations or-
ganically receive balanced dual-branch weights.
This continuous rectification ensures that both veri-
fiers jointly contribute to the final inference without
any rigid cutoffs.

4.3 Parallel Dual-Branch Verifier
Following the semantic routing, RGFR activates
two complementary branches to defend against co-
ordinate blindness and co-presence bias.

Geometric Verifier Branch. To bypass the co-
ordinate blindness of attention mechanisms, this
branch enforces symbolic spatial constraints di-
rectly on the localized bounding boxes bA and bB .
If the physical configuration contradicts the spatial
predicate, it outputs an infinite penalty Pgeo = ∞;
otherwise, Pgeo = 0. This deterministic verifier op-
erates entirely outside the neural network, incurring
zero computational overhead.

Causal Probing Branch. For complex actions,
this branch executes a bifurcated counterfactual
intervention. First, operating strictly after entity
localization, a Relation Evidence Schema (RES)

translates relations into deterministic spatial sub-
masks M(s) ∈ {0, 1}H×W . Based on physical
mechanics, RES defines three isolated canonical
schemas: Contact (proximity gaps), Spatial (struc-
tural alignment), and Directional (trajectory blind-
ing).

To observe the model’s reliance on genuine evi-
dence, we perform a counterfactual forward pass
via a bifurcated strategy with KV-cache sharing,
isolating the masking to deep causal layers. Let
S(l) be the pre-softmax attention matrix at layer l.
The counterfactual attention for schema s is surgi-
cally blinded:

S
(l,s)
cf = S(l) ⊙ (J−M(s))−∞ ·M(s) (3)

where J is the all-ones matrix. Crucially, interac-
tions are governed by the Weakest Link Principle
(e.g., strong spatial alignment cannot compensate
for missing physical contact). Thus, we aggregate
the schema-specific evidence sensitivities e(l)s using
a non-compensatory geometric mean:

E(l)
r =

∏︂

s∈Sr

(︂
e(l)s

)︂wr,s

(4)

where wr,s is the prior weight of schema s. This
unbounded penalty ensures that the absence of any
single critical evidence directly dismantles the co-
presence hallucination.

4.4 Unified Schema-Aware Rectifier
While the parallel verifier exposes missing evi-
dence, MLLMs may still hallucinate relations due
to strong linguistic inertia. To completely disman-
tle this, we introduce a prior-calibrated rectification
mechanism.

We first quantify the model’s epistemic uncer-
tainty regarding visual evidence via the Kullback-
Leibler (KL) divergence between the factual (p)
and counterfactual (pcf ) predictive distributions:
∆KL = DKL(p ∥ pcf ). A low ∆KL indicates
that blinding the evidence minimally shifted predic-
tions, exposing a severe prior-driven hallucination.

To aggressively penalize relations susceptible to
textual overconfidence, we calibrate the penalty us-
ing the unconditional text-only prior pprior,r. The
causal penalty Pcau is conditionally activated when
∆KL falls below a threshold τ :

Pcau = ᾱ · (1+γ ·pprior,r) · I(∆KL < τ) · zr (5)

where ᾱ is the penalty base, γ scales the prior, zr
is the original logit, and I(·) is the indicator.
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Table 1: Accuracy (%), Precision (%), and F1 (%) comparison of the baseline without intervention (Vanilla) and
state-of-the-art baselines: VCD, CAP, and Calibrate, with RGFR (Ours) on the MMRel and R-Bench benchmarks.
The best results appear in bold, and the second-best in underlined.

Model Method
MMRel R-Bench

Acc Prec F1 Acc Prec F1

LLaVA-1.5

Vanilla 57.50 55.15 69.53 69.72 63.26 76.10
VCD (Leng et al., 2024) 60.05 57.16 70.79 71.23 64.59 76.97
CAP (Wu et al., 2025) 58.08 55.52 69.97 70.14 63.59 76.38
Calibrate (Zheng et al., 2025) 58.41 56.03 69.67 74.76 74.66 83.85
RGFR (Ours) 81.97 80.69 83.16 77.96 77.83 84.41

InstructBLIP

Vanilla 58.54 56.10 70.18 76.72 80.91 82.65
VCD (Leng et al., 2024) 58.62 55.84 70.17 80.48 83.59 86.98
CAP (Wu et al., 2025) 62.44 59.75 71.47 80.18 81.28 85.79
Calibrate (Zheng et al., 2025) 60.88 57.80 71.41 80.75 84.34 85.61
RGFR (Ours) 84.14 82.99 84.99 83.67 83.89 87.99

Qwen2.5-VL

Vanilla 77.85 74.60 80.55 76.64 91.58 79.59
VCD (Leng et al., 2024) 79.78 76.71 81.96 81.53 89.66 85.20
CAP (Wu et al., 2025) 82.67 79.49 84.12 80.83 87.42 85.06
Calibrate (Zheng et al., 2025) 79.72 77.01 81.86 81.64 89.55 85.17
RGFR (Ours) 87.44 89.73 87.22 82.20 91.59 85.31

InternVL3.5

Vanilla 77.01 71.91 80.84 83.87 85.33 88.21
VCD (Leng et al., 2024) 76.45 72.74 79.74 82.39 86.75 86.65
CAP (Wu et al., 2025) 80.06 75.43 82.72 84.44 87.32 88.03
Calibrate (Zheng et al., 2025) 77.22 71.52 81.24 84.08 86.80 88.16
RGFR (Ours) 87.85 86.98 88.31 86.35 86.41 89.87

Ultimately, the Rectifier fuses the geometric con-
straints and the neural causal penalty via the seman-
tic routing weights (Eq. 2). The final rectified logit
z̃r is:

z̃r = zr −
(︂
ωgeo · Pgeo + ωcau · Pcau

)︂
(6)

This explicit rectification suppresses ungrounded
rationalization, forcing genuinely visual-grounded
relations to organically surface during decoding.

5 Experiments

5.1 Experimental Setup
Benchmarks. We employ R-Bench (Wu et al.,
2024b) and MMRel (Nie et al., 2025) for com-
prehensive relation hallucination evaluation. From
MMRel, we utilize the VG and DALL-E categories,
totaling 11871 samples. From R-Bench, we focus
on the image-level subset, totaling 7787 samples.
These selections ensure broad coverage of fine-
grained annotations, systematically evaluating both
pure spatial configurations and complex physical

interactions. Finally, to verify that our intervention
avoids over-penalization, we employ MM-Vet (Yu
et al., 2024) to evaluate general utility and the infer-
ence efficiency (latency). See detailed descriptions
of these datasets in Appendix A.1.

Evaluation Models and Baselines. We evaluate
the effectiveness of RGFR on four diverse open-
source MLLMs: LLaVA-1.5-7B (Liu et al., 2023),
InstructBLIP-7B (Dai et al., 2023), Qwen2.5-VL-
7B (Bai et al., 2025), and InternVL3.5-8B (Wang
et al., 2025a). To demonstrate the superiority of
our framework, we compare RGFR against recent
state-of-the-art mitigation strategies. These include
Visual Contrastive Decoding (VCD) (Leng et al.,
2024), Constraint-Aware Prompting (Wu et al.,
2025) and Calibrate (Zheng et al., 2025). All base-
line methods are evaluated on a unified test dataset
using consistent metrics. Baseline details are pro-
vided in Appendix A.2.

Implementation Details and Metrics. RGFR
operates without training or parameter updates,
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Table 2: Fine-grained accuracy (%) on the MMRel
dataset across Spatial and Action subsets. The results
explicitly validate the effectiveness of RGFR’s dual-
branch verifiers against coordinate blindness and co-
presence bias.

Model Method
Accuracy

Spatial Action

LLaVA-1.5

Vanilla 50.06 64.95
CAP (Wu et al., 2025) 50.26 65.90
Calibrate (Zheng et al., 2025) 50.21 66.61
RGFR (Ours) 90.19 73.71

InstructBLIP

Vanilla 50.46 66.63
Calibrate (Zheng et al., 2025) 50.87 70.88
CAP (Wu et al., 2025) 52.42 72.47
RGFR (Ours) 89.18 78.10

Qwen2.5-VL

Vanilla 76.62 81.22
Calibrate (Zheng et al., 2025) 76.36 83.09
CAP (Wu et al., 2025) 80.97 84.37
RGFR (Ours) 90.20 84.61

InternVL3.5

Vanilla 71.77 82.25
Calibrate (Zheng et al., 2025) 73.41 81.03
CAP (Wu et al., 2025) 76.56 83.56
RGFR (Ours) 89.05 85.22

using the released checkpoints of each evaluated
MLLM under the same decoding and evaluation
protocol. Our implementation is built on a PyTorch-
based inference pipeline and Hugging Face model
interfaces, utilizing Grounding DINO (Liu et al.,
2024b) for object bounding box extraction. All
experiments are conducted on a server equipped
with 8 NVIDIA RTX 3090 GPUs. For MMRel and
R-Bench, we report Accuracy (%), Precision (%),
and F1-score (%) to evaluate relation hallucination
mitigation. For the fine-grained Spatial and Action
subsets, we report Accuracy (%). For MM-Vet, we
follow official evaluation protocol and report the
utility score, while inference efficiency is measured
by average latency per query.

5.2 Main Results

Our proposed RGFR consistently surpasses exist-
ing training-free mitigation baselines across all
four evaluated MLLMs on both the MMRel and
R-Bench benchmarks, demonstrating a robust ca-
pability for visually grounded relation reasoning
against co-presence bias (Table 1 and Table 2).

Performance on different Benchmarks. As
shown in Table 1, RGFR achieves absolute accu-
racy gains of up to 25.6 percentage points over the
baselines across the evaluated MLLMs. This val-
idates the dual-system architecture’s efficiency in
orchestrating grounded reasoning from complex

Table 3: Failure analysis on the DALL-E subset of
MMRel. Distribution of remaining errors across failure
types.

Failure type Share (%)

Missing entity localization 22.5
Incorrect or imprecise box 14.3
Overlapping or ambiguous entities 18.2
Ambiguous relation evidence 27.6
Out-of-schema predicate 17.4

visual contexts. On MMRel, RGFR increases the
overall accuracy of LLaVA-1.5 from 57.50% to
81.97%. The result indicates that our interven-
tion outperforms existing training-free methods in
handling relation-heavy samples. Similar improve-
ments on R-Bench demonstrate the versatility of
RGFR. Furthermore, RGFR transfers effectively to
recent larger-scale models, improving the accuracy
of InternVL3.5 from 77.01% to 87.85% and miti-
gating ungrounded rationalization in Qwen2.5-VL.

Robustness against Cognitive Pathologies. To
assess resilience against specific relational vulnera-
bilities, we evaluate the models on the Spatial and
Action subsets of MMRel (Table 2). For LLaVA-
1.5, RGFR substantially improves accuracy from
50.06% to 90.19% in the Spatial category through
strict geometric constraints, and from 64.95% to
73.71% in the Action category by isolating physical
interaction evidence. RGFR also delivers consis-
tent gains for stronger models, including Qwen2.5-
VL and InternVL3.5. These results indicate that
RGFR effectively defends against sophisticated,
prior-driven illusions, specifically neutralizing both
coordinate blindness and co-presence bias.

Failure Analysis. To analyze the remaining fail-
ures, we categorize the erroneous predictions on
the DALL-E subset of MMRel under the default
setting. As shown in Table 3, ambiguous relation
evidence is the largest category (27.6%), while
missing localization and imprecise bounding boxes
together account for 36.8% of the remaining errors.
Future work could further improve visual ground-
ing and relation disambiguation.

5.3 Hyperparameter and Schema Sensitivity

To assess hyperparameter and schema sensitivity,
we evaluate Qwen2.5-VL on the same DALL-E
subset of MMRel, varying one factor at a time (Ta-
ble 4). Performance remains stable under moderate
variations but declines with an overly strict ground-
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Table 4: Hyperparameter and schema sensitivity on the
DALL-E subset of MMRel. Bold indicates defaults.

Factor Tested Setting Performance (Acc.)
Routing temperature [0.5, 1.0, 2.0] [84.2%, 87.8%, 81.8%]
KL threshold [0.05, 0.10, 0.20] [84.4%, 87.8%, 86.3%]
Prior penalty scale (α) [0.5, 1.0, 2.0] [84.8%, 87.8%, 85.1%]
Grounding DINO threshold [0.30, 0.40, 0.50] [87.8%, 86.4%, 83.3%]
Relation schema variant [reduced, full, expanded] [84.2%, 87.8%, 84.5%]

ing threshold or a poorly scaled prior penalty. The
full relation schema performs best, while the ex-
panded schema yields comparable accuracy and the
reduced schema performs worse. Overall, RGFR
maintains a practical operating range but remains
sensitive to extreme settings.

5.4 Intervention Layer Study

To assess the effect of intervention depth, we divide
the LLaVA-1.5 language backbone into three con-
tiguous intervals representing early, middle, and
late stages, and include an all-layer setting as a
control. As shown in Table 5, the late-stage inter-
val L22–L32 performs best in accuracy, precision,
and F1, while the early-stage interval performs
worst. The all-layer setting is slightly less effective,
suggesting that targeted late-stage intervention is
preferable to broader layer coverage.

Table 5: Intervention layer analysis on MMRel with
LLaVA-1.5.

Layers Accuracy Precision F1

L0–L10 59.85 57.10 66.82
L11–L21 62.40 60.55 68.90
L22–L32 81.97 80.69 83.16
L0–L32 74.65 72.78 75.25

5.5 Ablation Study

To analyze the contributions of RGFR’s key com-
ponents, we conduct ablation studies focusing on
its core mechanisms: the dual-branch verifiers, the
interaction mask, and the weighted penalty. Ex-
periments are carried out on the DALL-E subset
of the MMRel benchmark using three representa-
tive MLLMs: LLaVA-1.5, Qwen2.5-VL, and In-
ternVL3.5.

On the Dual-Branch Verifiers. We evaluate
whether handling distinct spatial and physical con-
straints requires decoupled strategies by comparing
four settings on the DALL-E subset: (1) vanilla in-
ference, (2) Geometric Verifier only, (3) Causal
Probing Verifier only, and (4) full RGFR. As
shown in Table 6, the two verifiers exhibit com-

Table 6: Ablation study of the dual-branch verifiers on
the DALL-E subset. We compare Accuracy (%) across
the Spatial and Action subsets.

Model Method Spatial Action Overall

LLaVA-1.5

Vanilla 52.34 48.65 50.49
Geometric Only 76.51 49.12 62.81
Causal Only 51.08 71.43 61.25
RGFR 77.15 72.38 74.76

Qwen2.5-VL

Vanilla 75.20 71.30 73.25
Geometric Only 88.45 70.55 79.50
Causal Only 74.82 85.60 80.21
RGFR 89.12 86.45 87.78

InternVL3.5

Vanilla 72.85 69.45 71.15
Geometric Only 85.10 68.20 76.65
Causal Only 73.05 82.55 77.80
RGFR 85.88 83.20 84.54

plementary effects across all three MLLMs. The
Geometric-only setting substantially improves Spa-
tial accuracy but performs less effectively on Ac-
tion, whereas the Causal-only setting shows the
opposite pattern. By dynamically routing queries
to their appropriate verifiers, the full RGFR frame-
work successfully achieves the best of both worlds,
yielding the highest accuracy across all dimensions
and validating the structural necessity of our decou-
pled architecture.

On Targeted Interaction Masking. To rigor-
ously assess the mechanistic advantage of our Re-
lation Evidence Schema (RES), we compare three
configurations: (1) a no-masking baseline, (2) indis-
criminate global noise, and (3) our targeted mask-
ing approach. Results are reported in Figure 4,
evaluating Accuracy (%) across three MLLMs.

LLaVA-1.5 Qwen2.5-VL InternVL3.5
0
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78.4%
74.9%74.8%

87.8% 84.5%

Vanilla
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Targeted Masking (Ours)

Figure 4: Comparison of masking strategies on the
DALL-E subset. Targeted masking consistently out-
performs no-masking baseline and global noise across
three MLLMs.

As illustrated in Figure 4, the no-masking base-
line (gray bars) suffers from semantic co-presence
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bias. While global noise (blue bars) mitigates
object-level hallucinations, its indiscriminate per-
turbations tend to blur spatial boundaries essential
for physical constraints, thereby compromising re-
lational accuracy. In contrast, RGFR’s targeted
masking (red bars) achieves the highest accuracy
across all models, proving that surgically isolating
interaction pathways is crucial for robust relational
reasoning.

Table 7: Cost Analysis on Utility and Efficiency. Com-
parison of Utility and Inference Latency (seconds per
query) on Qwen2.5-VL. RGFR achieves a superior
utility-efficiency balance compared to baselines.

Method Utility ↑ Latency ↓
Baseline
Qwen2.5-VL (Vanilla) 69.0 3.096s

Decoding Interventions
+ VCD 54.4 7.121s
+ CAP 57.0 6.159s

Our Method
+ RGFR 62.4 5.637s

5.6 Evaluation of Inference Utility and
Efficiency

We assess the trade-off between general multi-
modal utility on MM-Vet and inference efficiency
via Qwen2.5-VL per-query latency. As detailed in
Table 7, test-time interventions inevitably introduce
computational overhead. However, RGFR achieves
a far superior utility-efficiency balance compared
to existing inference-stage interventions. Specifi-
cally, RGFR increases latency by 2.541s per query.
In contrast, VCD and CAP incur much higher de-
lays of 4.025s and 3.063s while suffering sharper
utility drops to 54.4 and 57.0, respectively. These
results prove RGFR mitigates relation hallucina-
tions with manageable latency overhead. Expanded
evaluations are provided in Appendix A.6.

6 Conclusion

We explored relation hallucinations in MLLMs.
Our analysis reveals that Relation Evidence Am-
nesia drives models to rationalize non-existent in-
teractions. To address this, we propose RGFR, a
training-free intervention that decouples geomet-
ric grounding from physical constraints. RGFR
interrupts hallucinatory priors by dynamically rec-
tifying between explicit entity anchors and targeted
masking, transforming verification from generative
guesswork into rigid, boundary-preserving calibra-

tion. Extensive experiments across diverse MLLMs
establish a new state-of-the-art on relational bench-
marks, improving recognition accuracy by over
8.1% while preserving utility with minimal latency.
Ultimately, our work establishes a new paradigm
explicitly guiding inference-time reasoning based
on actual visual evidence, paving the way for trust-
worthy multi-modal reasoning.

Limitations

Our study focuses on relation hallucinations in
single-image, text-query settings, where the key
challenge is to verify whether a queried relation
is visually supported. While RGFR consistently
improves relation faithfulness across MMRel and
R-Bench, its current evaluation does not fully
cover more complex multimodal scenarios, such as
multi-turn dialogue, video-based relation reason-
ing, long-context agentic workflows, or open-ended
dense relational description. In addition, RGFR
is a decoding-time intervention and therefore in-
troduces extra inference overhead compared with
vanilla generation. Although our experiments show
a favorable utility–efficiency trade-off, further op-
timization may be needed for latency-sensitive de-
ployment. Its calibration may also require adjust-
ment when transferred to substantially different
model architectures. Extending RGFR to broader
modalities, richer relation taxonomies, and other
MLLM architectures remains future work.

Ethical Considerations

This work mitigates MLLM relation hallucinations
by enforcing visual grounding over language priors.
We use existing relation hallucination benchmarks
solely for controlled evaluation. By introducing ex-
plicit inference-time verification, RGFR may bene-
fit applications in which incorrect spatial or action
relations could mislead users. However, RGFR
may still fail on ambiguous, low-quality, or out-
of-distribution inputs and exhibit model-dependent
behavior. It should thus serve as a complementary
reliability mechanism rather than a substitute for
robust data curation, model alignment, or human
oversight in high-stakes applications.
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A Appendix

A.1 Benchmark Details
MMRel. MMRel (Nie et al., 2025) is a relation-
understanding benchmark designed to evalu-
ate whether multimodal large language models
can faithfully judge relations between visually
grounded entities. Instead of focusing only on ob-
ject existence, MMRel constructs relation-centric
yes/no questions that require the model to verify
whether a queried subject–predicate–object relation
is supported by the image. The benchmark covers
three complementary relation categories: spatial re-
lations, action relations, and comparative relations.
Its images are drawn from both real-world and gen-
erated sources, including Visual Genome images
and DALL-E generated images, which makes it
suitable for testing relation grounding under both
natural and controlled visual compositions. In our
experiments, we use the Visual Genome and DALL-
E portions of MMRel, totaling 11,871 samples. We
further report fine-grained results on the Spatial
and Action subsets, which directly correspond to
the two failure modes studied in the main paper:
coordinate blindness and co-presence bias.

R-Bench. R-Bench (Wu et al., 2024b) is a bench-
mark for evaluating relationship hallucinations
in large vision–language models. It focuses on
whether a model can distinguish visually supported
relations from relations that are linguistically plau-
sible but unsupported by the image. The bench-
mark contains both image-level and instance-level
evaluation settings; the image-level setting asks
models to verify relation statements at the whole-
image level, while the instance-level setting fur-
ther localizes relation judgments to specific object
instances. This design is well aligned with our
goal of testing whether models over-rely on ob-
ject co-occurrence as relation evidence. We use
the image-level subset in our experiments, total-
ing 7,787 evaluated samples under our filtering and
evaluation setup. These samples provide broad cov-
erage of relation hallucination cases in which entity
presence alone is insufficient for a faithful answer.

MM-Vet. MM-Vet (Yu et al., 2024) is a general-
purpose benchmark for evaluating integrated mul-
timodal capabilities. It contains 218 open-ended
questions paired with 200 images and measures
six core abilities: recognition, optical character
recognition, knowledge, language generation, spa-
tial awareness, and mathematical reasoning. Unlike

relation-specific binary benchmarks, MM-Vet eval-
uates free-form answers and therefore provides a
useful stress test for whether a mitigation method
harms general visual reasoning and response qual-
ity. We use MM-Vet as a utility benchmark rather
than as a relation hallucination benchmark. This
allows us to assess whether RGFR improves rela-
tion faithfulness while preserving the broader mul-
timodal competence of the base model.

A.2 Baseline Details
Visual Contrastive Decoding. Visual Con-
trastive Decoding (VCD) (Leng et al., 2024) is a
training-free decoding method originally proposed
to mitigate object hallucinations in large vision–
language models. It contrasts the model distribu-
tion conditioned on the original image with the
distribution conditioned on a distorted visual input,
typically created by adding visual noise, and uses
the contrast to reduce visually unsupported genera-
tions. In our setting, VCD serves as a representa-
tive decoding-time intervention baseline. Its global
perturbation strategy is useful for testing whether
generic visual contrast is sufficient for relation hal-
lucination mitigation. However, relation verifica-
tion often depends on fine-grained boundaries and
localized interaction cues, so indiscriminate image-
level perturbation can remove precisely the visual
evidence needed for faithful relation judgments.

Constraint-Aware Prompting. Constraint-
Aware Prompting (CAP) (Wu et al., 2025) is a
prompting-based method for mitigating hallucina-
tions in multimodal spatial relations. It augments
the model input with explicit spatial and logical
constraints so that the model is encouraged to
reason about relation validity rather than relying
only on language priors. We include CAP as a
strong text-side baseline because it targets relation
errors without modifying model parameters. In
our unified evaluation, CAP uses the same images
and binary relation questions as the other methods,
allowing us to compare instruction-level constraint
guidance with RGFR’s visual-evidence-grounded
intervention.

Calibrate. Calibrate refers to the relation-
hallucination mitigation strategy introduced with
Reefknot (Zheng et al., 2025). Reefknot studies
relationship hallucination in multimodal large lan-
guage models and proposes calibration-oriented
mitigation to reduce unsupported relation judg-
ments. In our experiments, Calibrate represents
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the output-calibration family of baselines: rather
than explicitly masking relation evidence or enforc-
ing geometric constraints, it adjusts the model’s
relation decision by calibrating confidence or inter-
nal signals associated with the generated answer.
This makes it complementary to VCD and CAP,
and provides a useful comparison against RGFR’s
explicit relation-grounded arbitration.

A.3 Relation Evidence Amnesia Diagnostic
We conduct an outcome-conditioned diagnostic on
the DALL-E subset of MMRel using Qwen2.5-
VL. We group the resulting predictions as correct,
hallucinated, and RGFR-corrected under the same
evaluation protocol. We measure the REA Index as
the difference between entity-region attention and
relation-evidence attention; larger values indicate
stronger relative dependence on entity regions. We
also report masking impact as the percentage of
relation predictions that change after masking ei-
ther predicate-relevant relation-evidence regions or
localized entity regions. Table 8 summarizes both
measures across the three outcome groups.

Table 8: Outcome-conditioned REA analysis on the
DALL-E subset of MMRel. Mask impact is the
prediction-change rate (%).

Group REA Relation mask Entity mask

Correct 0.14 34.2 18.5
Hallucinated 0.52 9.3 41.7
RGFR-corrected 0.11 36.8 16.4

The results show a double dissociation: halluci-
nated predictions have a higher REA Index and are
more sensitive to entity masking, whereas correct
and RGFR-corrected predictions are more sensi-
tive to relation-evidence masking. These results
support REA as a systematic failure pattern in the
evaluated setting and motivate explicit verification
of predicate-specific evidence.

A.4 Predicate-to-Schema Composition
Contact, Spatial, and Directional denote reusable
evidence primitives, not an exhaustive partition of
relation predicates. Table 9 gives representative
compositions. The router assigns continuous geo-
metric and causal weights, and the causal branch
can combine multiple primitives. New predicates
can therefore reuse an existing composition; pred-
icates that cannot be mapped reliably fall back to
the base model and are counted as out-of-schema
failures.

Table 9: Predicate-to-schema composition examples. A
checkmark indicates a relevant evidence primitive.

Predicate Contact Spatial Directional

riding ✓ ✓ optional
holding ✓ ✓ –
wearing ✓ ✓ –
carrying ✓ ✓ optional
looking at – ✓ ✓

A.5 Additional Evaluation Protocols
White-box relation verification. For MMRel
and R-Bench, we retain each benchmark’s orig-
inal question wording and apply the released chat
template for each backbone. The scored answer al-
ternatives are the model’s Yes and No continuations.
RGFR reuses the same prompt for factual and coun-
terfactual passes; only the relation-evidence mask
differs. The mask is constructed after Ground-
ing DINO localizes the queried subject and object.
Contact masks cover overlap or nearest-boundary
regions, Spatial masks cover relevant horizontal
or vertical gaps, support, and alignment regions,
and Directional masks cover the subject-to-object
trajectory. Decoding and evaluation settings are
held fixed between Vanilla and RGFR for each
backbone. Hardware and model checkpoints are
reported in Section 5.1.

Table 10: Commercial-API evaluation on the DALL-E
subset of MMRel. RGFR-API is an API-compatible
variant of white-box RGFR; latency is seconds per sam-
ple.

Model Method Acc. F1 Calls Latency

GPT-5.5 Vanilla API 74.8 74.1 1 2.65s
GPT-5.5 RGFR-API 85.2 84.8 3 8.62s
Gemini 3.5 Flash Vanilla API 73.5 72.8 1 1.85s
Gemini 3.5 Flash RGFR-API 81.6 81.2 3 5.85s

RGFR-API protocol. Commercial APIs do not
expose the internal states needed by white-box
RGFR. RGFR-API therefore makes three calls per
sample. The first receives the original image and
relation query. The second receives the relation-
evidence-masked image and the same query. The
third receives the original query and the two re-
sponses and is instructed to return the final binary
decision after comparing their evidence. Vanilla
API uses the original-image call only. We use the
same DALL-E subset of MMRel, prompts, and
evaluation criteria for both conditions. Table 10 re-
ports accuracy, F1, calls, and latency under this pro-
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Table 11: Negation robustness on the DALL-E subset
of MMRel.

Method Original Negated Consistency

Vanilla 73.3 56.5 48.0
RGFR 87.8 78.0 71.5

tocol. RGFR-API is an approximation of white-box
RGFR and consequently has substantially higher
latency.

Negation protocol. For each sample in the
DALL-E subset of MMRel, we pair the original
query with a manually constructed negated form
and reverse the binary ground-truth label, produc-
ing one original–negated logical pair per sample.
Original and negated accuracy are computed sepa-
rately. Paired logical consistency is the percentage
of pairs for which the two predictions exhibit the
expected reversal. The resulting rates are reported
in Table 11.

A.6 Expanded Utility and Efficiency

Table 12 extends the utility–efficiency analysis to
MME and InternVL3.5-8B under the same hard-
ware and inference configuration. Across all four
backbone–benchmark settings, RGFR achieves a
higher score and lower latency than VCD and
CAP while remaining slower than vanilla decoding.
These results support a favorable relative trade-off
among the evaluated interventions, not negligible
overhead over vanilla decoding.

Table 12: Utility scores and inference latency across
backbones and benchmarks. Latency is measured in
seconds per query. Bold marks the best intervention
method.

Backbone Benchmark Metric Vanilla VCD CAP RGFR

Qwen2.5-VL
MM-Vet Score 69.0 54.4 57.0 62.4

Latency 3.096 7.121 6.159 5.637

MME Score 2316.7 2117.9 2183.7 2291.5
Latency 1.957 5.842 4.914 3.271

InternVL3.5
MM-Vet Score 49.9 45.3 45.9 48.6

Latency 2.229 4.539 3.852 2.945

MME Score 2258.3 2089.8 2126.4 2215.6
Latency 1.452 4.125 3.512 2.415

A.7 Relative Error Reduction on R-Bench

Because R-Bench has stronger vanilla baselines
than MMRel, Table 13 reports relative error reduc-
tion in addition to accuracy. We compute relative
error reduction (RER) as follows:

RER =
AccRGFR −AccV anilla

100−AccV anilla
. (7)

RGFR reduces error by 15.4%–29.9% across the
four backbones.

Table 13: Accuracy and relative error reduction (RER)
on R-Bench across four backbones.

Model Vanilla RGFR RER

LLaVA-1.5 69.72 77.96 27.2%
InstructBLIP 76.72 83.67 29.9%
Qwen2.5-VL 76.64 82.20 23.8%
InternVL3.5 83.87 86.35 15.4%

A.8 Qualitative Case Study
Figure 5 presents representative MMRel cases in
a boxed image–text format. The cases show two
complementary behaviors: RGFR suppresses an
unsupported spatial relation caused by entity co-
presence, and it also recovers a visually supported
action relation that the base model fails to recog-
nize.

Figure 6 further presents representative cases
from the R-Bench image-level subset. These ex-
amples illustrate that RGFR can both recover vi-
sually supported relations that are missed by the
base model and reject plausible but unsupported
relations induced by object co-occurrence.
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NEGATIVE CASE: MMRel Spatial
Prompt: Is there a treehouse left to a mirror in the
image?

Ground Truth: No

Base Model: Yes. Although both entities are
correctly identified, the model fails to enforce their
spatial configuration and accepts the reversed left-to
relation.

RGFR: No. RGFR verifies the grounded
coordinates and identifies that the treehouse is to the
right of the mirror.

The corrected decision follows the visual relation
rather than relying on entity presence alone.

POSITIVE CASE: MMRel Action
Prompt: Does a forklift lift a bulldozer in the
image?

Ground Truth: Yes

Base Model: No. The model detects the two
machines but misses the lifting interaction between
them, rejecting a relation that is grounded by the
contact and support configuration.

RGFR: Yes. RGFR focuses on the action-bearing
visual evidence and verifies that the forklift is
supporting and lifting the bulldozer, recovering the
true relation.

The corrected decision follows the actual action
relation rather than treating the objects as
independent visual evidence.

Figure 5: Qualitative case study of RGFR on MMRel spatial and action relation examples.
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POSITIVE CASE: R-Bench Image-Level
Prompt: Is the person in the image riding the
exercise bike while others are watching?

Ground Truth: Yes

Base Model: No. The model overlooks the riding
interaction and treats the visible exercise-bike scene
as insufficient evidence for the queried relation.

RGFR: Yes. RGFR preserves the image-grounded
action evidence: the person is riding the exercise
bike while nearby people are watching.

The corrected answer verifies the full relation
expressed in the image instead of discarding the
action context.

NEGATIVE CASE: R-Bench Image-Level
Prompt: Is the white sports car parked next to a
blue car?

Ground Truth: No

Base Model: Yes. The model grounds the white
sports car but misattributes a nearby vehicle as the
queried blue car, accepting an unsupported next-to
relation.

RGFR: No. RGFR re-checks the local visual
evidence around the white car and identifies that the
adjacent vehicle is not blue, so the queried relation
is absent.

The revised answer follows the actual relation and
attribute evidence rather than relying on generic car
co-occurrence.

Figure 6: Qualitative case study of RGFR on R-Bench image-level relation hallucination examples.
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