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Abstract

Multimodal large language models (MLLMs) achieve
strong performance across diverse tasks but remain prone
to hallucinations, where outputs are not grounded in visual
inputs. This issue can be attributed to two main biases:
text—visual bias, the overreliance on prompts and prior
outputs, and co-occurrence bias, spurious correlations be-
tween frequently paired objects. We propose Gradient-
based Influence-Aware Constrained Decoding (GACD), an
inference-based method, that addresses both biases with-
out auxiliary models, and is readily applicable to existing
models without finetuning. The core of our approach is bias
estimation, which uses first-order Taylor gradients to under-
stand the contribution of individual tokens—visual features
and text tokens—to the current output. Based on this anal-
ysis, GACD mitigates hallucinations through two compo-
nents: (1) suppressing spurious visual features correlated
with the output objects, and (2) rebalancing cross-modal
contributions by strengthening visual features relative to
text. Experiments across multiple benchmarks demonstrate
that GACD effectively reduces hallucinations and improves
the visual grounding of MLLMs outputs.

1. Introduction

Recent advances in Multimodal Large Language Models
(MLLMs) show strong ability to produce coherent and
context-aware content across a wide range of domains [2,
6,9, 29, 46]. Despite their impressive advancements, these
models remain prone to hallucination, wherein the gener-
ated text is not faithfully grounded in the visual modal-
ity [27, 37]. This limitation poses a critical barrier to es-
tablishing trust in the outputs of MLLM:s.

The hallucinations observed in MLLMs can be largely
attributed to two fundamental biases [20, 23, 27]. Text-
visual bias refers to the excessive reliance on textual in-
formation—such as the input prompt and previously gen-
erated outputs—while neglecting the visual modality dur-
ing generation. This bias becomes particularly pronounced
in longer sequences, where MLLMs tend to depend more
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Figure 1. Overview of our influence-aware constrained decoding
framework, which mitigates hallucinations by regulating token-
level influence. It reduces text—visual bias by enhancing visual
token influence (blue bars) in alignment with the most influential
text inputs— prompts (gray) or previous outputs ( ). It further
mitigates co-occurrence bias through anchor-specific suppression,
selectively suppressing visual tokens (green, magenta) anchored
to previously emitted nouns.

heavily on prior text and increasingly disregard visual
cues [12, 54]. Co-occurrence bias arises from spurious sta-
tistical correlations embedded in the training data, which
lead models to erroneously predict the presence of non-
existent objects based on their frequent co-occurrence with
observed objects in the visual inputs [27]. This bias is par-
ticularly challenging to mitigate, and existing approaches
largely rely on statistical priors rather than offering statisti-
cally agnostic solutions [20, 55].

Existing efforts to mitigate hallucinations in MLLMs
can be broadly categorized into inference-based methods,
which operate at the decoding stage [7, 12, 24, 34, 44], and
training-based approaches, which intervene during model
optimization [3, 5, 18, 20, 40, 48]. Inference-based ap-
proaches are valued for their cost-effectiveness, as they
avoid the need for additional data collection, data bias ex-
amination, or extensive model retraining. However, these
methods offer limited insight into the severity of under-
lying biases, leaving the root causes of hallucination in-
sufficiently understood. In addition, some inference-based
methods rely on auxiliary models—such as segmentation
networks [7], detection systems [19], or even additional
MLLMs [10, 36, 45]— which introduce extra sources of er-
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ror, depend on task-specific supervision.

Another limitation of existing methods lies in their lack
of granularity when adjusting the underlying biases in
MLLMs. Most approaches rely on heuristically tuned pri-
ors, which vary across datasets and fail to generalize re-
liably [24, 53]. Moreover, they apply uniform weighting
across all visual features, offering no mechanism to selec-
tively adjust bias at the level of individual features [32, 52].
This coarse treatment limits their effectiveness in mitigat-
ing co-occurrence bias, which arises from spurious statisti-
cal correlations between objects that are often represented
by distinct visual features.

In this work, we propose an inference-based method
that simultaneously addresses both text—visual bias and co-
occurrence bias, without relying on auxiliary models or ex-
ternal supervision. The core of our approach is the estima-
tion of underlying bias, achieved by quantifying the contri-
bution of individual tokens—both visual features and text
tokens—through gradients derived from a first-order Taylor
expansion. Building on this analysis, the method mitigates
hallucinations by reweighting tokens via two key compo-
nents: (1) suppressing the influence of visual features that
exhibit strong spurious correlations with the current output
token, thereby reducing co-occurrence bias; and (2) rebal-
ancing cross-modal contributions by enhancing the role of
visual features to align more closely with that of text tokens
in generating the current output. As illustrated in Fig. 1, our
method, GACD, corrects hallucinated predictions—such as
the spurious generation of “beer” in the presence of “fork”
and “spoon”—by amplifying the contributions of visual to-
kens unrelated to those nouns, leading to outputs that are
more faithfully grounded in the visual modality. Note also
that our method is readily applicable to existing MLLMs at
inference time.

We summarize our main contributions as follows.

* We introduce an inference-based method for hallucina-
tion mitigation in MLLMs, built on a principled estima-
tion of underlying bias via gradients obtained from a first-
order Taylor expansion. This estimation provides a mech-
anism for understanding and granularly adjusting their in-
fluences of individual visual features and text tokens on
the generation of the current output token, all without re-
quiring auxiliary models or finetuning.

* We design two complementary modules: (i) suppression
of spurious visual features correlated with the current out-
put token to alleviate co-occurrence bias, and (ii) cross-
modal rebalancing to enhance the contributions of vi-
sual features relative to text tokens, thereby addressing
text—visual bias.

» Extensive experiments demonstrate that GACD mitigates
hallucinations and enhances accuracy while maintaining
a favorable balance between accuracy and informative-
ness. GACD achieves up to 8% increase in overall score

on AMBER [43], an 8% F1 boost on POPE [27], up to
45% improvement in detailness and a 92% accuracy gain
on LLaVA-QA90 [30].

2. Related Work

Hallucination and Bias. Hallucinations in LLMs often
arise from biases in the training data [16, 33], while in
MLLMs, studies [13, 27, 42] show that hallucinations are
closely linked to biases like text-visual and co-occurrence
biases. Additionally, biases related to output position,
which increase the risk of hallucination as output length
grows, have been examined in [12, 54]. Existing methods
[13, 23, 27] typically report only overall statistics, lacking
a mathematical, sample-wise bias measurement. This dis-
tinction is important, as biases can vary case by case. Our
approach measures sample-dependent bias via token-level
gradient sensitivities, revealing how pre-trained MLLM pa-
rameters embed these biases [15, 22], and enabling self-
reflective hallucination mitigation.

Hallucination Mitigation. Training-related hallucination
mitigation methods [4, 18, 35, 48, 49] are expensive, re-
quiring access to training data and specialized statistical
analysis. Among them, LPOI [49] also employs an object-
aware framework, highlighting the effectiveness of model-
ing object-level information for mitigating hallucinations.
Reinforcement-learning approaches [10, 45, 50] rely on
supplementary feedback, often from human annotators or
auxiliary LLMs/MLLMs, and the latter may themselves
hallucinate. By contrast, post-decoding techniques modify
model logits at inference time without further training or ex-
ternal feedback, making them lightweight add-ons. In text-
only LLMs, such methods aim to align outputs with fac-
tual knowledge [8, 25]. In MLLMs, post-decoding strate-
gies emphasize the role of visual inputs [12, 24, 53] and can
be classified into image-level and token-level interventions.
Image-level decoding methods [32, 52] treat all objects in
the input image uniformly, limiting their effectiveness in ad-
dressing co-occurrence hallucinations. Existing token-level
methods either rely on external segmentation [7] and de-
tection models [19] or lack awareness of object-related de-
coupling [44]. Moreover, these methods typically introduce
an implicit trade-off between accuracy and informativeness,
reducing hallucinations at the expense of omitting valid de-
tails. Attention-based methods [41, 51] require careful se-
lection of specific layers and often introduce model-specific
adjustments or heuristics. In contrast, our GACD directly
estimates embedded bias and decouples object-aware vi-
sual tokens, enabling sample-specific hallucination mitiga-
tion without external data, models, or model-specific adjust-
ments, while achieving a more favorable balance between
accuracy and informativeness.
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3. Method

In this section, we provide background on MLLMs, in-
troduce the concept of token influence, and explain how
GACD balances token influence to mitigate hallucinations.

3.1. Background on MLLMs

MLLMs generate a finite token sequence y = [y1, . . ., Yns)
in response to a visual input (image or video) and a textual
prompt. Let V be a finite vocabulary. The prompt is tok-
enized as t? = [¢},... t}/] with t? € V. The visual input
is encoded by a visual encoder into features, which are then
projected into the token-embedding space R?, yielding vi-
sual tokens t* = [t?,... t%] with t € R?, where d is the
shared token embedding dimension used for V.

A MLLM with parameters § computes, at each decoding
step m, a logit vector

Zym = mo(tV, tP, yopm) € RV, (1)

where Yy« = [Y1,- .-, Ym—1] (empty when m = 1). This
induces a categorical next-token distribution via the softmax
o RVI5 AVISL.

1<m< M,

2
where o(z,,) € AlVI=1 denotes the probability distribu-
tion' over the vocabulary, and -], selects the component
corresponding to token y,,, € V. At inference, y,, is sam-
pled from this categorical distribution (e.g., greedy, beam
search). The sequence likelihood factorizes by the chain
rule:

Po(Ym | 7t y<m) = [J(Zm)] )

Ym

M
poly [t7,¢7) = [ polym [t 47, y<m). )

m=1

Given a dataset D of (tV,tP,y), maximum-likelihood
training (or fine-tuning) estimates 6* by maximizing the
conditional log-likelihood. Pretrained MLLMs encode sta-
tistical regularities (including spurious correlations) from
training data in 6*; such behavior can be probed without
changing 6* via parameter-dependent analyses (e.g., gradi-
ents/attributions or counterfactual decodings) [15, 22], en-
abling self-reflective bias interpretation.

3.2. Gradient-Based Token Influence Estimation

To capture these embeded biases, we interpret how each in-
put token perturbs the output logits. Let z*, € R/l denote
the step-m logits z*, = g+ (tV,t?, y < ). Around a refer-

ence sample point (t¥(0), £P(0) y(<02n), the first-order Taylor

'We use “confidence” to denote the model-assigned probability of the
emitted token.

expansion [39] of the logits z, is

N m—1
Z:” ~ Z gfnst: + Z ggmtz + Z gzu'yi + Const,
s=1 n=1 i=1

“4)
where C'onst denotes other terms that are constant w.r.t., t¥
and tP and the token-wise Jacobians are

* *

v oz}, —_— oz},

gms T atv ’ gmn T atp )
s ltv=tv(0) n |tp=tpr(0)
*

gy - aZm

mi T ’

Oyi ly=y2),

®)

where | indicate evaluation at the reference sample point.
Taylor expansion details are in supplementary Sec. 1. Each
gl 8P, g . indicate a small token perturbation in its
embedding space to a perturbation of the predict logit vector
in RIVI. Following [38], we approximate the importance of
each input token by the Manhattan norm of its gradient:

I}Uni = ||gﬁn||17

(6)
and I}, [c] represents the gradient from the output vocabu-
lary ¢ with respect to each visual tokens. Aggregating over
tokens yields step-m group-level influences:

I:;zs = ”gfns”l’ Iﬁzn = ||g£an1?

S N m—1
— — _ Yy
Ifn - ZI:;W Ifn - Z I'gmv I'ryn - Z Imz"
s=1 n=1 i=1
(7
These quantities decompose, at the sample level, how visual

tokens, prompt tokens, and prior outputs contribute to the
logit of y,,,, enabling interpretation of bias per sample.

3.3. Influence-Aware Constrained Decoding

GACD builds on token influence estimation with two com-
ponents: (i) Object-aware Visual Token Grouping and (ii)
Anchor-specific Influence-weighted Decoding. At step m,
the former partitions visual tokens into object-related t° and
unrelated t* based on objects detected in y.,,. The lat-
ter extends contrastive decoding [26] by forming Anchor-
specific negative guidance logits from pre-mentioned ob-
jects and computing a decoding weight o, from token-
influence measurements.

Object-aware Visual Token Grouping. For each step m,
we detect nouns in y ., and treat each noun y; as an object
mention. To link a mention to visual evidence, we measure
the influence I}, of visual token s on step %, For every noun
yi, the visual token with maximal influence is selected to
form a mask M;,. The cumulative object mask at step m
aggregates all prior noun-linked tokens:

m—1
Mps =1 [Z Mis > O] ) )]

=1
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Figure 2. Overview of GACD. The method comprises (i) Object-aware Visual Token Grouping and (ii) Anchor-specific Influence-
Weighted Decoding. At step m, previously mentioned objects are detected from y«,; visual tokens are partitioned into object-related
textcolordarkgreent® and unrelated t* via token influence (Sec. 3.2). Anchor-specific Influence-weighted Decoding extends contrastive
decoding with token influence, explicitly amplifying the influence of t* to jointly counter text-visual and co-occurrence biases; negative-
guidance logits zj, are generated from {t°,t”,y <, } to suppress text tokens and anchor-specific visual cues. Grouping is invoked only
for noun prediction (where co-occurrence arises between object pairs); for non-noun prediction, we set t° = & and uniformly amplify all

visual tokens to balance text—visual bias.

where M, = 1[y; € Noun A s = argmax; I} | and
1[] is the indicator and A is logical AND.

The mask M,,,; identifies visual tokens linked to nouns
emitted before m. We then partition the visual tokens into
object-related (t°) and unrelated-to-objects (t*) sets via a
Hadamard product:

=t OM,, tY=t'0(1-My). (9

Object-related and unrelated influences at step m are

S S
L5 = D18l Mumss T = D llghnall (1= Muns).
s=1

s=1 (10)
Masking and grouping are applied only during noun pre-
diction (mitigate co-occurrence hallucination from object
pairs). For non-noun steps, all elements in M,,, are set to 0,
yielding an empty t°.

Anchor-specific Influence-weighted Decoding. Let
70, = mp« (t°,tP, y <) the anchor-specific negative logits

and z7, = 7o« (t¥,tP,y<.) be the original logits. We
adjust logits by

Zm = 1+ am)zy, — amzo, an

with «,, > 0. In the probability space, moving along
zr. —z°, increases the KL divergence Dx1,(o(z),)||o(22,))
(see Sec. 2 in supplementary). The original logits distri-
bution z¥, can be viewed as s« (t¥,t°, t?, y <), i€., @
joint distribution that additionally depends on t“ compare
to z7,. Increasing the KL divergence therefore emphasizes
the contribution of tokens t*, which are unrelated to pre-
vious mentioned objects, thereby mitigating co-occurrence
bias in noun prediction. For non-noun steps, t* coincides

with t¥, meaning that all visual tokens are emphasized. This
adjustment helps reduce text—visual hallucination.

When analyzing token influence of z,, in Eq. 11, the
chain rule shows that t“ occur only in the original logits
z}, and are amplified by (1 + «,,), whereas other inputs
(t°, tP, y ) also contribute to z, and therefore undergo
smaller influence changes. Let T,,T” 1Y denote group-
level influences computed on the negative branch z?, (anal-
ogous to (7)). We then choose a,, so that the influence of
t“ matches the dominant text level, 1!, = max(I2 1Y ).
Aligning t* influence with the question prompt I? is cru-
cial for visually grounded responses, while balancing with
previous outputs IY, prevents visual forgetting.

t
Im_I;}n

~ 0 ~t
I8 — Iy +1I,,—1I¢

m m

t p—
=

I

Ay, = .
otherwise

(12)
Unlike existing decoding methods [12, 24, 54], which
rely on adaptive plausibility constraints (e.g., prediction
confidence) and require experimental tuning to determine
optimal thresholds, our approach explicitly enforces non-
negativity on the influence of object-related visual and
prompt tokens. This corresponds to the following upper-
bound condition:

P if IR, > 1Y,
I

0 < < : Im Im (13)
« min = = .
> m X 0 ) P gr;n

__TO
m Im m

Sample-dependent early stopping. Additionally, since
hallucinations are more likely in long generations [35, 54],
we introduce a sample-dependent stopping criterion based
on visual influence. Specifically, if the visual influence ratio
r7. of the token following the end-of-sequence (EOS) falls
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below a threshold e,

I’U
Vo= —— d _1 =EOS. (14
tmoT Te i oy S MG et a4
Early stopping is triggered to prevent further output gener-
ation with minimal visual grounding.

4. Experiments

The proposed method is evaluated for both the open-ended
generative tasks and the discriminative tasks. We use Am-
ber [43], MSCOCO [28] and LLaVa-QA90 [30] datasets for
the generative task, and Amber [43] and POPE [27] datasets
on the discriminative tasks.

4.1. Evaluation Metrics

For generative image captioning, we focus on object hallu-
cination and follow [10] report the Caption Hallucination
Assessment with Image Relevance (CHAIR) [37] score,
which includes sentence-level (hal,Cs) and instance-level
(cha,CT) percentages, instance-level recall (R,cov), and the
average generated length (Len) 2, as well as co-occurrence
object hallucination (cog) and the overall score as sug-
gested by [43]. For generative VQA, follow [17, 24] GPT-
4V [1]1is used to score both accuracy (Acc) and detailedness
(Det) on a scale of 10. For discriminative tasks, hallucina-
tion manifests as a ‘yes/no’ misclassification we report both
accuracy and F1 score.

4.2. Implementation Details

The maximum output length is set to 256 across all models,
with other model parameters kept at their defaults. Gradi-
ents are obtained via PyTorch’s torch.autograd.grad on the
input tokens. Noun tokens are identified using the spaCy
library via its en_core_web_sm model. To prevent exces-
sive modifications, we set the maximum c,,, to 5 for dis-
criminative tasks and 3 for generative tasks. We empirically
set the early stopping thresholds ¢ as follows: LLaVA-v1.5
and LLaVA-v1.6: 7%, InstrucBLIP: 25%, mPLUG-OwI2:
2.5%, and InternVL2: 10%. All experiments are performed
on an NVIDIA A40 GPU with batch size of 1. Unless oth-
erwise specified, we use greedy sampling [14].

4.3. Results on Open-ended Generation

In this section, we compare against SOTA alignment-based
method RLAIF-V and contrastive decoding methods VCD,
M3ID, and AVISC, on the AMBER and MSCOCO datasets,
as presented in Tab. 1, Tab. 2. Additionally, we evalu-
ate our method against VCD on the LLaVA-QA90 dataset,
presented in Tab. 3. Our method outperforms most exist-
ing approaches across various baseline models and datasets,

2Since shorter outputs can trivially lower CHAIR scores at the expense
of informativeness.

highlighting its robustness and reliable performance across
different data types and model architectures. Specifically,
we surpass image-level contrastive decoding methods like
VCD and M3ID, demonstrating its effectiveness in oper-
ating at the token level and adapting to individual sam-
ples. Furthermore, compared to the token-level AVISC, our
method excels, likely due to its object awareness and adapt-
ability to fluctuating bias levels. The results further demon-
strate that our method effectively mitigates hallucinations
while preserving information.

Table 1. Results on the AMBER Dataset.

Generative Task Discriminative Task

Score

Method
etho cha cov hal cog acc P R F1

R o S N

base 7.8 51.0 364 42 720 932 624 747 835
RLAIFv47 6.6 49.7 320 29 767 920 781 845 89.0

LLaVA VCD 24 6.7 464 326 35 713 91.1 623 743 838
vl.5  M3ID 12 6.2 505 293 28 724 91.8 64.1 755 847
AVISC44 6.5 502 348 27 738 89.7 684 77.6 855

Ours 5.6 510 243 1.8 803 829 893 86.0 90.2

base 8.8 52.2 382 44 765 845 79.0 81.7 86.5
RLAIFv47 7.6 4777 299 28 765 845 79.0 81.7 87.1

Instruct  VCD 24 79 49.7 367 3.7 759 835 793 813 86.7
BLIP  M3ID 12 7.3 492 338 37 758 844 779 810 869
AVISC44 7.1 488 344 43 759 834 795 814 872

Ours 6.0 494 266 24 781 888 76.6 822 88.1

base 106 52.0 399 45 756 950 669 785 84.0
RLAIFv47 7.8 50.5 357 4.1 812 908 79.7 849 88.6

mPLUG VCD 24 8.0 513 353 4.1 75.6 835 788 8l.1 86.6
Owl2  M3ID 12 7.8 51.7 349 41 759 835 793 813 86.8
AVISC44 109 505 355 44 821 90.7 814 858 875

Ours 75 53.6 347 4.0 821 87.0 862 86.6 89.6

base 9.9 56.7 474 43 803 829 893 86.0 88.5

RLAIFv 9.0 53.6 46.1 342 80.8 839 889 86.3 88.6

LLaVA VCD 9.5 5277 463 378 799 83.1 87.6 854 88.0
vl.6  M3ID 9.2 50.1 453 33 804 832 888 859 884
AVISC 9.2 50.7 475 32 80.6 835 882 858 883

Ours 8.7 583 43.8 2.5 812 852 888 87.0 89.2

base 6.4 70.4 548 59 829 91.6 822 86.6 90.1

RLAIFv 58 69.4 54.1 55 835 912 826 86.7 904

Qwen2  VCD 6.5 69.1 53.7 53 827 909 823 864 90.0
VL M3ID 6.3 68.8 535 51 83.0 91.0 828 86.7 90.2
AVISC 6.3 69.0 539 50 828 91.1 825 86.6 90.1

Ours 4.9 71.8 44.7 3.7 844 88.1 89.2 87.1 911

base 8.1 69.6 59.0 52 840 87.3 888 88.0 90.0

RLAIFv 8.0 68.4 593 49 842 87.7 885 88.1 90.1

Intern  VCD 8.5 68.7 58.6 50 829 87.0 884 87.7 89.6
VL2 M3ID 8.4 69.2 589 54 837 86.8 884 87.6 89.6
AVISC 8.4 689 59.1 48 840 87.7 86.8 872 894

Ours 7.9 69.8 57.8 3.7 84.7 882 888 88.5 90.3

Hallucination Mitigation. Our approach reduces halluci-
nation by up to 33% at sentence-level (hal in Tab. | and
Cg in Tab. 2) and 32% at instance-level (cha in Tab. 1 and
Cr in Tab. 2), demonstrating its effectiveness in mitigat-
ing overall hallucinations. It also effectively mitigates co-
occurrence hallucinations, with reductions of up to 57% for
cog in Tab. 1. Accuracy gains of up to 92% (Tab. 3) fur-
ther demonstrate that our model improves alignment with
the input image, highlighting its ability to jointly address
text—visual and co-occurrence biases (Sec. 5).

Information Preservation. Our method also enhances in-
formation preservation, with recall (cov in Tab. | and R in
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Table 2. Open-ended Generation Results Using the CHAIR Metric
on the MSCOCO Subset Following [10].

Models | Metrics | Baseline VCD M3ID  AVISC  Ours

Cs | 48.8 44.8 44.5 46.4 41.0
LLaVA-v1.5 Crl 13.4 12.8 12.1 13.4 10.9
R 78.6 76.8 71.0 76.3 713
Len T 99.8 89.8 85.1 90.5 85.0

Cs | 57.8 63.4 57.3 58.9 47.4
InstructBLIP Crl 16.5 19.6 16.1 17.8 134
R 73.6 71.2 72.5 70.6 723
Len T 101.3 95.5 100.1 99.6 93.9

Cs | 59.2 52.7 524 583 45.0
mPLUG-OwI2 Crl 17.6 16.1 15.8 17.5 124
R1 75.8 732 72.7 75.6 74.9
Len T 105.3 93.6 92.6 99.5 83.5

Tab. 2) dropping by an average of only 1.1%, compared to
an average drop of 3.2% in other methods, and even increas-
ing by 3.1% when using the baseline mPLUG-OwI2 on the
AMBER dataset. Higher recall indicates that our model re-
trieves a broader range of objects from visual inputs. Ad-
ditionally, results in Tab. 3 an increase of up to 45% in de-
tailedness (Det), further demonstrating our method’s effec-
tiveness in retrieving all relevant visual details and mitigat-
ing visual forgetting.
Table 3. Results on LLaVA-QA90, settings following [24].

LLaVA-v1.5 IntructBLIP mPLUG-OwI2
Method

Acct  Dett  Acct  Dett  Acct  Dett
base 3.23 3.54 3.84 4.07 4.07 4.33
VCD 4.15 3.85 4.23 4.69 4.52 4.64
M3ID 4.57 3.96 4.67 4.61 4.44 5.18
AVISC 4.88 3.87 4.32 4.27 4.75 5.12
RLAIF-V 5.79 4.74 5.27 4.62 5.03 533
Ours 6.20 5.13 6.28 4.77 6.69 6.28

4.4. Results on Discriminative Task

We next evaluate our method on discriminative tasks us-
ing AMBER (discriminative VQA) and POPE (existence
VQA), with results shown in Tab. | and Tab. 4. Our ap-
proach achieves a better balance between precision and re-
call, yielding consistently higher F1 scores and improved
accuracy. Notably, unlike competing methods that degrade
Intern-VL2, ours preserves its performance via bias aware-
ness. Category-wise analysis further shows heterogeneous
gains, with improvements varying across question types.

Variation in Improvement Across Question Categories.
Fig. 3b presents F1 scores across various question cate-

Table 4. Results on POPE in MSCOCO Adversarial Setting.

LLaVA Instruct mPLUG Intern
Method v1.5 BLIP Oowl2 VL2

Acc F1 Acc F1 Acc F1 Acc F1

base 809 816 798 814 725 775 858 850
VCD 809 813 796 795 742 788 832 822
M3ID 81.7 818 81.0 81.6 756 79.1 83.5 82.1
AVISC 812 8l1.6 818 819 809 797 83 846
Woodpecker  80.5 80.6 790 786 775 769 857 848
Ours 835 821 825 821 842 837 858 85.0

Lo B w/o Ours

@  W/o Ours (Mean + Std Dev) W/ Ours

@ W/ Ours (Mean + Std Dev)

L] [ )
JA% § E

LLaVA-v1.5 InstructBlip mPLUG-Owl2 InternVL

" ExistenceAttribute State Number Action Relation

(a) Visual Influence Ratio (b) F1 across Question Categories

Figure 3. (a) Visual influence ratios across the POPE dataset, il-
lustrating variation across MLLMSs. Our method successfully in-
creases the visual influence ratio when it falls below 50%. (b)
F1 scores for the AMBER discriminative task using LLaVA-v1.5
are consistently improved by our method, with particularly notable
gains in the existence and state categories.

gories using LLaVA-v1.5 [29]. Our method improves per-
formance across all categories, with the largest gains in ex-
istence, attributes, and state—categories strongly tied to vi-
sual cues, benefiting from enhanced visual token influence.
Variation in Improvement Across MLLMs. Our method
achieves the most significant improvement on mPLUG-
Owl2 (Tab. 4) and on LLaVA-v1.5 (Tab. 1), Consistent
performance gains are observed across modern MLLMs
(LLaVA-v1.6, Qwen2-VL, and InternVL2). Compared with
static heuristics (e.g., VCD), which may degrade perfor-
mance due to overcorrection, our method maintains stable
improvements across models. We further analyze and find
that performance variation is correlated with the baseline vi-
sual influence ratio. Fig. 3a presents the visual influence ra-
tios in object existence VQA, showing that LLaVA-v1.5 ex-
hibits the lowest visual contribution, followed by mPLUG-
Owl2. This lower baseline visual influence ratio allows our
method to make more impactful adjustments. In contrast,
InternVL2 has an original visual influence ratio exceeding
50%, resulting in minimal improvement when our method
is applied. The strong performance of InternVL2 can be
attributed to its original high visual influence ratio, further
validating the motivation behind our approach.

5. Ablation Study

In this section, we first analyze text—visual and co-
occurrence biases, then evaluate the contributions of our
proposed components.  We also detail the gradient-
computation methods and norm selection. Additional ab-
lation studies and hyperparameter settings are provided in
the Supplementary Material.

Text-Visual Bias Analysis. Fig. 3a shows that with the ex-
ception of InternVL2, MLLMs (LLaVA-v1.5, InstructBLIP,
and mPLUG-Ow12) rely more on text prompt than on vi-
sual input. Likely due to MLLMSs’ training process, this
tendency is common in MLLMs, where multimodal fea-
tures are aligned with language tokens after extensive text-
based pre-training, causing language components to dom-
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Figure 4. Comparison of visual influence ratios r,,, and Text-Visual GAP, with and without our GACD. (a) Without GACD, mPLUG-Ow12
shows a low initial visual influence ratio, punctuation marks and suffixes naturally have low visual influence, while objects start with higher
influence that declines as the sequence grows. Hallucinations tend to occur when the visual ratio is low. The text-visual gap confirms that
text dominates the influence on predictions. (b) With GACD, the visual influence ratio increases overall and mitigates the decrease over
the sequence length. The text tokens only domain influence in predictions less related to the visual, reducing hallucination.

inate decision-making. GACD effectively increases over-
all visual influence to match that of object-present ques-
tion prompts in POPE (Fig. 3a). In the open-ended gener-
ation task, we further observe the visual influence ratio 7,
and the Text-Visual GAP, defined as max(max(r2,,r¥,) —
r2 . 0), the difference between the text influence ratio and
the visual influence ratio when text influence is dominant
°. Observations in Fig. 4 also highlight the text-dominant
influence typical of MLLMs. GACD counteracts this by
boosting the influence of visual tokens when aligning them
with prompts and previous outputs, leading to higher pre-
diction confidence and a reduction in hallucinations (Fig. 1
in supplementary). Additionally, the nature of the output to-
ken affects the visual influence ratio. For instance, punctu-
ation marks or suffixes tend to have a lower visual influence
ratio. This is intuitive, as these tokens rely more on linguis-
tic context and are less dependent on visual information.
This observation highlights the value of our GACD frame-
work delivering sample-dependent, token-specific halluci-
nation mitigation.

Co-occurrence Bias Analysis. Fig. 5a shows an example
where mPLUG-OwI2 incorrectly predicts ‘dining table’ due
to the presence of a ‘chair’. In Fig. 5b, the influence of indi-
vidual visual tokens on hallucinated prediction I, (‘table’)
and I,,,s(‘chair’) shows that they share the same most in-
fluential visual token: s = 24. These visualizations in-
dicate that the influence distribution over tokens is typi-
cally sharply peaked, so selecting the single most influen-
tial token gives a clean and interpretable attribution signal
while reducing noise from low-influence tokens. We further
collected 100 chair-only and 100 table-only images from

3P, and rY, are derived in the same manner as 7%, in (14).

MSCOCO evaluation dataset [28].

Results in Fig. 5¢ show that when only a ‘chair’ or ‘table’
exists in the image, the other object is hallucinated in 23.5%
of cases, with 31.9% sharing the same most influential to-
ken, indicating that the ‘Same Most Influential Token’ phe-
nomenon is common in co-occurrence hallucinations. Our
GACD effectively reduces such hallucination where both
‘table’ or ‘chair’ are predicted in single-object images.

Table 5. Component Analysis Using the CHAIR Metric.

VA v v v
Models CR v v
ES v
Cs | | 488 464 462 410
Cri | 134 116 113 10.9
LLaVA-vL.S gy 786 790 79.4 773
Lent | 9938 95.6 955 85.0
Csl | 578 53.6 532 474
crl | 165 15.1 14.0 134
TnstructBLIP By 736 753 746 73
Lent | 1013 108.4 105.7 93.9
Cs i | 592 52.6 523 45.0
crl | 176 144 142 124
mPLUG-OwI2 - iy 75.8 782 78.0 74.9
Lent | 1053 95.6 955 83.5

Component Analysis. To assess the effectiveness of each
component in our proposed method, we conducted the fol-
lowing variants: 1) Visual Amplification (VA) only: visual
amplification is applied to all visual tokens (t"), including
during noun predictions. 2) Co-occurrence Hallucination
Reduction (CR): object-related visual tokens are detected,
and t“ is amplified during noun predictions. 3) Our full
model, with early stopping (ES). Tab. 5 demonstrates that
each component of our method contributes to the overall
performance. VA significantly reduces hallucinations while
improving object recall. CR further mitigates co-occurrence
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to check if 'dining table' or 'chair' exist.
o

N /

mPLUGOWI: There is a pile of trash,
including white chairs, and a dining table.
mPLUGOWI-GACD: There is a pile of
trash, including white chairs and blue bags.

(a) Co-occurrence Hallucination

Influence on Table
Influence on Chair

0 5 10
Visual Token Index

(b) Individual Visual Token Influence

0.304 ™ mPLUGOwI
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Same Most
Influence Token

(c) Overall Statistics

15 20 25 30 Hallucination

Figure 5. Co-occurrence hallucination of ‘table’ in the presence of ‘chair’. (a) Comparison of outputs with and without GACD. (b)
Visualization of individual visual token influence indicates that the visual token with index 24, which has the highest influence on the
hallucinated ‘table’, also holds the highest influence on ‘chair’. (c¢) Summary statistics for 100 chair-only and 100 table-only images,
showing the hallucination rate and the percentage of cases where both objects share the same most influential visual token (as illustrated in

b). GACD effectively reduces both metrics.

bias, a residual form of the text-visual bias addressed by
VA, resulting in additional hallucination reduction. Both
VA and CR achieve these gains without introducing trade-
offs. When necessary, the ES mechanism shortens outputs
to effectively reduce hallucinations, with only a slight recall
trade-off.

Gradient Computation. Our method obtains gradients
directly through PyTorch’s ‘torch.autograd.grad’ on input
tokens, eliminating the need for manual derivations and en-
abling straightforward reproducibility. For comparison, we
evaluate Integrated Gradients (IG) [11, 21, 31] using the
SIG [11] implementation; results for this ablation on the
POPE MSCOCO adversarial setting are shown in Tab. 6.
‘IG’ denotes the SIG-based results, while “Ours” refers to
our direct gradient method. Both achieve comparable accu-
racy and F1-score, but the direct-gradient variant is substan-
tially more efficient.

Table 6. Gradient Methods on the POPE MSCOCO Dataset(Adv.)

Cost and Runtime. We further analyze computational cost
and runtime. The visual encoder is executed only once, and
the second pass operates on a small set of tokens. On the
POPE dataset, this yields a 101.44% increase in average,
comparable to decoding-based methods (e.g., VCD) that
also require additional guidance computation.

Table 8. Runtime Comparison on POPE MSCOCO Dataset(Adv.)

LLaVA-v1.5 TFLOPs Runtime (ms) Increase
base 9.68 191 -

VCD 19.37 383 +100.10%
Ours 19.49 385 +101.44%

Methods Accuracy F1 Speed(ms)
IG[11] 83.4 82.9 20335
MPLUG-OWL2 84.2 83.7 385

Norm Analysis. We also study the effect of norm selec-
tion on token influence, comparing L1 (Manhattan), L2 (Eu-
clidean), and Loo (infinity) norms. The L1 norm empha-
sizes individual token contributions, the L2 norm reflects
overall influence, and the Loo norm focuses on the strongest
activation. As shown in Tab. 7, the L1 norm yields the best
performance, supporting the intuition that it effectively cap-
tures influence magnitude across tokens and channels.

Table 7. Norm Strategies on the POPE MSCOCO Dataset(Adv.)

LLaVA-v1.5 InstructBLIP mPLUG-OwI2
Norm
Acc F1 Acc F1 Acc F1
L1 83.5 82.1 82.5 82.1 84.2 83.7
L2 83.2 81.9 79.5 79.6 83.2 82.9
Loo 83.4 82.0 82.1 81.8 80.8 80.6

6. Conclusion

In conclusion, we introduce a gradient-based self-reflection
method to estimate token influence and quantitatively es-
timate bias severity. This estimation enables the identifi-
cation of object-related visual tokens, which are then inte-
grated into an influence-aware constrained decoding frame-
work. This framework effectively mitigates both text-
visual and co-occurrence biases, reducing hallucinations.
Our method operates without requiring additional resources
such as costly fine-tuning, extra models, or data statistics.
Furthermore, to reduce text-visual bias in long-generated
sequences, we propose a sample-dependent stopping crite-
rion based on the proposed visual influence.

Limitations. Our method is limited to white-box MLLMs,
as it requires access to gradients. Its effectiveness depends
on the baseline MLLM’s original visual influence ratio, and
the importance of visual information. For instance, exis-
tence questions are primarily rely on visual, whereas rela-
tional questions are less direct and require inference beyond
visual. As a post-processing technique, our method does not
involve model training. In future work, we aim to explore
how insights from GACD can guide and improve training
strategies for enhanced visual perception in MLLMs.
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