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Abstract

Multimodal large language models excel at
vision-language tasks but remain prone to hal-
lucinations that undermine their reliability. Ex-
isting approaches predominantly treat halluci-
nations as classification errors, overlooking the
heterogeneous behaviors of attention heads and
their dynamic influences during inference. We
revisit MLLM reasoning from an energy per-
spective and identify that hallucinations stem
from imbalances between visual potential and
language prior potential: when visual informa-
tion is ambiguous or language priors dominate,
attention heads tend to be driven by linguistic
statistical patterns, generating content inconsis-
tent with visual evidence. We propose AHEAD,
a framework that quantifies the energetic prop-
erties of each attention head during object gen-
eration through two potential networks—the Vi-
sual Grounding Potential Network and the Lan-
guage Prior Potential Network—and dynam-
ically adjusts their contributions at inference
time. Specifically, we amplify attention heads
with strong visual grounding capacity while
suppressing those overly reliant on language
priors. Experiments across multiple bench-
marks demonstrate that AHEAD significantly
reduces hallucination rates without fine-tuning
the base MLLM while maintaining generation
quality.

1 Introduction

Multimodal large language models have demon-
strated remarkable capabilities in vision-language
tasks, yet hallucinations remain a critical barrier
to their reliable deployment in precision-sensitive
domains. Hallucinations refer to model-generated
content that contradicts visual input, such as de-
scribing non-existent objects or incorrect attribute
relationships. Despite extensive research efforts
toward hallucination mitigation, existing methods
predominantly frame the problem as classification
errors and intervene through contrastive decoding
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or logits adjustment, overlooking a fundamental
aspect: the heterogeneous behaviors of attention
heads and their dynamic influences during infer-
ence.

We revisit MLLM reasoning from an energy per-
spective. Our analysis reveals that hallucinations
stem from imbalances between visual potential and
language prior potential: when visual information
is ambiguous or language priors dominate, the in-
ference trajectory deviates from visual evidence
and slides into spurious local minima shaped by
linguistic statistical patterns. Using the logit lens
technique, we observe that after briefly predicting
the correct object in middle layers, models undergo
“trajectory escape” (Mir, 2025; Zhang and Zhou,
2025; Maet al., 2025; Vu et al., 2025) driven by lan-
guage co-occurrence priors, ultimately outputting
hallucinated objects. Further attention analysis
demonstrates that when generating hallucinated
objects, most attention heads fail to focus on image
regions at critical layers, revealing the dynamical
process of visual grounding failure competing with
language priors.

Building on this insight, we propose AHEAD,
a framework that quantifies the energetic prop-
erties of each attention head during object gen-
eration through two potential networks—the Vi-
sual Grounding Potential Network and the Lan-
guage Prior Potential Network—and dynamically
adjusts their contributions at inference time. Specif-
ically, we amplify attention heads with strong vi-
sual grounding capacity while suppressing those
overly reliant on language priors. Experiments
across multiple benchmarks demonstrate that
AHEAD significantly reduces hallucination rates
without fine-tuning the base MLLM while main-
taining generation quality.
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2 Related Work

2.1 Hallucination in Multimodal Large
Language Models

The rapid evolution of Multimodal Large Lan-
guage Models (MLLMs), including LLaVA (Liu
et al., 2023b), InstructBLIP (Dai et al., 2023),
Qwen-VL (Bai et al., 2023), and others such
as InternLM-XComposer (Zhang et al., 2023),
DeepSeek-VL (Lu et al., 2024a), and MiniCPM-
V (Yao et al., 2024), has revolutionized vision-
language understanding. Despite their success,
these models suffer significantly from hallucina-
tions (Liu et al., 2024; Bai et al., 2024; Ji et al.,
2023), where generated content diverges from vi-
sual facts. To quantify this, extensive benchmarks
have been proposed, ranging from object exis-
tence metrics like CHAIR (Rohrbach et al., 2018)
and POPE (Li et al., 2023b), to comprehensive
suites like AMBER (Wang et al., 2023), MME (Fu
et al., 2023), HallusionBench (Guan et al., 2024),
and the recent CityAnchor (Li et al., 2025). The-
oretical analyses attribute these failures to vari-
ous factors, including "knowledge overshadowing"
where linguistic priors suppress visual cues (Zhang
et al., 2024), inherent statistical biases in internal
states (Orgad et al., 2024; Chen et al., 2024a; Xu
et al., 2024), and issues arising from long-context
processing (Lu et al., 2024b; Zheng et al., 2025).

2.2 Mitigation Strategies

Current mitigation efforts generally fall into two
paradigms: training-time alignment and inference-
time intervention.

Training-based Methods. Enhancing data qual-
ity and alignment objectives is a primary direction.
Reinforcement Learning from Human Feedback
(RLHF) has been adapted for MLLMs to penalize
hallucinations (Yu et al., 2023b; Sun et al., 2023).
More recent approaches leverage Direct Preference
Optimization (DPO) and hierarchical preference
learning to align models without complex reward
modeling (Yang et al., 2025; Fu et al., 2025). Other
strategies involve robust instruction tuning (Liu
et al., 2023a), generating negative constraints (Yu
et al., 2023a), or employing post-hoc correction via
external tools (Yin et al., 2023). While effective,
these methods incur high retraining costs.

Inference-time Decoding Strategies. Non-
training interventions modify the sampling process
to reject hallucinations. Contrastive Decoding

(CD) (Li et al., 2023a) serves as a foundational
technique, inspiring multimodal variants like
VCD (Leng et al., 2023), M3ID (Favero et al.,
2024), and IAT (Tang et al., 2025), which
contrast predictions against distorted inputs or
anchor tokens. OPERA (Huang et al., 2024) and
DoLa (Chuang et al., 2024) introduce penalties for
over-trust and layer-wise contrasts, respectively.
Recent advancements in 2025 focus on dynamic
correction (Wang et al., 2025), coarse-to-fine
feedback (Cao et al., 2025), and multi-path con-
trastive decoding (Ruan et al., 2025). Furthermore,
attention-based interventions have emerged, such
as manipulating attention patterns (Zhao et al.,
2025; Zhang et al., 2025) or utilizing cross-level
trusted interventions (Chen et al., 2024b) to ground
generation.

Distinct from global decoding adjustments,
our AHEAD framework delves into the fine-
grained energy dynamics of attention heads. We
identify and rectify the "trajectory escape" phe-
nomenon—where linguistic priors override visual
potentials—by dynamically reweighting attention
heads during inference.

3 Method

3.1 Inference as Trajectory Evolution on an
Energy Manifold

We model the inference process of MLLMs as a dy-
namical trajectory evolution on a high-dimensional
semantic manifold. Specifically, given an input
image I and a text prompt, the MLLM progres-
sively generates a response through L transformer
layers. At each layer [ € {0,1,...,L — 1}, the
hidden state h) € RY represents a state point
on this manifold, where d denotes the hidden di-
mension. As [ increases from 0 to L — 1, these
state points trace out a continuous trajectory 7 =
{h©® h® . ¢h=D} along the manifold.

The evolution of this trajectory is governed by a
potential field ®(h(")), which constrains the move-
ment of state points. Drawing on principles from
physics, we decompose this potential field into two
components:

Visual Potential ®.;q,;(h"), I): This compo-
nent originates from the input image I and guides
the inference trajectory toward regions aligned with
visual evidence. We term these regions low-energy
wells, where the model’s judgments about object
existence are confident and grounded.

Language Prior Potential ® . (h())): This
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component stems from the pre-trained language
model’s probability distribution F . It attempts
to pull the trajectory toward regions maximizing
linguistic plausibility, even when such regions con-
tradict visual facts. This reflects the model’s in-
ternalized co-occurrence statistics learned during
pre-training.

3.2 Energy Dissipation and Trajectory Escape

Under this framework, hallucination is no longer
viewed as a simple classification error. Instead, we
redefine it as a thermodynamic phase transition or
trajectory escape phenomenon.

Ideal Scenario. When the model describes an
image, the inference trajectory should be strongly
captured by Pyisua1, maintaining a low-entropy, low-
energy stable state. In this regime, the trajectory
evolves smoothly with minimal curvature, adher-
ing to the principle of least action. The hidden
states exhibit low variance, and the output logits
distribution remains sharp and concentrated.

Hallucination Scenario. However, when visual
information is ambiguous (e.g., small objects, oc-
clusions) or language priors are excessively strong
(e.g., adversarial prompts), visual guidance weak-
ens. If the model then over-thinks—performing
excessive reasoning—the internal state’s energy
surges, manifesting as chaos and entropy increase
in the logits distribution. To alleviate this cognitive
dissonance, the model tends to slide into the near-
est deep potential well, typically a spurious local
minimum shaped by language priors. This is the
underlying physical process of hallucination: the
inference trajectory breaks through the visual po-
tential barrier and escapes into the language-prior-
dominated region.

Empirical Observations. We conduct two pre-
liminary experiments to validate this hypothesis:
Experiment 1: Trajectory Escape in Middle
Layers. Using the logit lens technique, we visu-
alize intermediate predictions at each layer. As
shown in Figure 1, when the model attempts to
describe a lantern in the image, the hidden state at
middle layers (around layer 21) briefly predicts the
token “lan” (likely attempting “lantern”’). However,
this trajectory is subsequently diverted by language
priors. Since the language model frequently ob-
served co-occurrences of “clock” and “vase” with
“living room” during pre-training, the internalized
semantic signal prevails, causing the final output

to hallucinate these objects. Notably, even for
“book”—an object genuinely present in the image—
attention map analysis reveals the model is not
attending to the correct regions. Its correct pre-
diction is merely coincidental, underscoring that
hallucination stems not only from visual grounding
failure but from a competition between visual and
language potentials.

Experiment 2: Visual Neglect Across Atten-
tion Heads. We compare attention patterns of 32
multi-head self-attention (MHSA) heads across lay-
ers for non-hallucinated tokens (e.g., “girl””) versus
hallucinated tokens (e.g., “clock™). As illustrated in
Figure 2, before layer 17, most attention heads gen-
erating “clock” fail to attend to image regions. This
indicates that during critical middle layers—where
visual information should be integrated—the model
has already deviated from the visually-grounded
trajectory.

Key Insight. These observations reveal that hal-
lucinations are driven by two competing signals: vi-
sual potential (weakened when images lack salient
features) and language prior potential (strengthened
when linguistic patterns dominate). This dual-force
framework lays the foundation for our Potential
Network modeling in Section 3.3.

3.3 Potential Field Quantification

To operationalize the energy manifold framework,
we formulate concrete metrics to quantify the vi-
sual potential P55 and language prior potential
®,ii0r introduced in Section 3.1. This quantification
enables us to identify attention heads that shape the
inference trajectory and assess their contributions
to hallucination generation.

3.3.1 Object-level Sample Construction and
Attention Representation

Given an input image I and text prompt, the model
generates a descriptive text sequence. We extract
mentioned objects from the generated text and com-
pare them against the ground-truth annotations of
1, partitioning the object set into two categories:

Grounded object set O : Objects that exist in
the image with annotated bounding boxes.

Hallucinated object set O~: Objects men-
tioned in the generated text but absent from the
image.

For each object o, we define its first occurrence
position in the generated sequence as ¢(0). All sub-
sequent analyses concerning object o are conducted
at this time step ¢(0).
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Figure 1: Trajectory escape in middle layers. We visualize the intermediate predictions at each layer of LLaVA-1.5-

7B using the logit lens technique.
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Figure 2: Visual neglect across attention heads during
hallucination generation. We compare the layer-wise
attention distributions of 32 MHSA heads in LLaVA-1.5-
7B when generating the non-hallucinated token "girl"
versus the hallucinated token "clock".

Text-to-Vision Attention. At position ¢(0), any
attention head (I, n) in the model produces an at-
tention distribution from all preceding text tokens
to all subsequent tokens. The attention weights
allocated to visual tokens are denoted as:

al’™ (@), eV, (1)
where [ indexes the Transformer layer, n indexes
the attention head within that layer, V represents
the set of all visual tokens, and a{"™ (1) denotes
the attention weight assigned by the (I, n)-th head
to the ¢-th visual token when generating object o.

3.3.2 Visual Potential

The visual potential is employed to assess whether
attention tracks properly engage with genuine vi-
sual evidence during the inference process, thereby
determining whether the model is attracted to the

spatial regions aligned with the object being gen-
erated. Intuitively, a reliable attention head gener-
ating a grounded object should satisfy two crite-
ria: (1) sufficiently utilize visual information with
adequate visual attention mass, and (2) its visual
attention should be spatially aligned with the object
boundary.

Object-level Visual Attraction Score. For a
grounded object o € O, we define the object-
level visual attraction score for the (I, n)-th atten-
tion head as:

SU (0) = m™ (0) - 10U (0). (2

vis img

Each component is defined below.
(1) Visual Attention Mass. The total attention
mass allocated to visual tokens is:

Ming (0) = Y alt"(a). 3)
i€V

This metric captures the actual proportion of atten-
tion distributed to visual modality when generating
the object, reflecting the model’s reliance on visual

information.
(2) Attention Bounding Box Alignment IoU.
We first construct an attention-induced spatial re-

gion by aggregating regions with attention above a
threshold:

R;, 4)
i:af,l’n>(i)>7'

where R; denotes the spatial region corresponding
to visual token ¢ in the image plane, and 7 is a small

8731



threshold to filter out noise attention. Subsequently,
we define the Intersection over Union (IoU) be-
tween this region and the ground-truth bounding
box B, as:

Area (Rg’n) N Bo>

ToU™ (o) = (5)

Area (RE}’”) U Bo) '

Here, B, denotes the ground-truth bounding box
for object o, Area(-) computes the region area, and

R((,l’n) is the attention-induced visual focus region.
This metric quantifies whether attention spatially
aligns with the complete object region, preventing
attention from erroneously concentrating on small
local patches within the bounding box and thereby
misjudging it as effective visual correspondence.

Visual Potential Definition. Based on the object-
level visual attraction score, we define the visual
potential for attention head (I, n) as:

Uis(ln) = Epeo- [SE7(0)] . (6)

A lower potential indicates that this attention head
is more prone to being attracted by genuine visual
evidence during inference, corresponding to a low-
energy stable direction in the semantic manifold.

3.3.3 Language Prior Potential

The language prior potential is utilized to assess,
when the attention head generates objects, whether
it drives the generation of grounded objects toward
hallucinated objects, reflecting whether it is domi-
nated by linguistic statistical priors and biased away
from visual constraints.

Per-token Log-probability Gain. For an object
o, let its corresponding generated token be w(o).
At its first occurrence position ¢(0), we define the
log-probability gain contributed by attention head
(I,7n) to this token as:

AL (49(0)) = log P (w(o) | hyo) + H(l’”))

t(0)
—log P (w(o) | hy,y) -
(7
Here, P(-) represents the model’s output proba-
bility distribution under given hidden states, hy,)

denotes the hidden state from the previous layer
(L,n)
t(0)
put of the (I, n)-th attention head at position ¢(0).
This metric quantifies the direct causal contribution

of this attention head to object token generation by

(layer [ — 1) at position ¢(0), and H is the out-

measuring the probability change when adding its
output to the input hidden state.
To stabilize the numerical range, we define:

slang

1(0) = tanh (AU (w(0)) . ®)

Language Prior Potential Definition. Combin-
ing grounded and hallucinated objects, we define
the language prior potential for attention head (I, n)
as:

Vtang (1, 7) = ~Eoeor [sii (0)]
+Eoco- [max <O, sl(él’g) (0))} .

The first term quantifies the head’s promotion
strength toward grounded object tokens, while the
second term penalizes its positive promotion to-
ward hallucinated object tokens. This potential
characterizes the statistical linguistic prior’s dom-
inant degree: higher potentials indicate that this
attention head is more likely to push generation
inconsistent with visual evidence.

The visual potential and language prior poten-
tial jointly delineate the physical roles of attention
heads in the inference process from spatial corre-
spondence and probability promotion perspectives.
Together, they determine the stability or escape
tendency of the inference trajectory on the high-
dimensional semantic manifold, providing an oper-
ational foundation for subsequent energy guidance
and hallucination suppression.

®

3.4 Potential Network Modeling and
Energy-Guided Head Reweighting

The preceding analysis reveals that attention heads
exhibit heterogeneous behaviors in multimodal
inference: some heads stably attract the infer-
ence trajectory toward low-energy regions aligned
with visual evidence, while others exhibit pro-
nounced language prior tendencies that drive tra-
jectory escape when visual constraints are insuffi-
cient. To operationalize this insight, we propose
two classes of Potential Networks that model the
object-conditioned behavior of attention heads and
dynamically reweight them during inference in an
energy-guided manner.

3.4.1 Head-level Behavior Representation
For any attention head (I,n), we construct an
object-conditioned head behavior representation
at position ¢(0):

o™ (0) e RY. (10)
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3.4.2 Visual Grounding Potential Network

The Visual Grounding Potential Network (VGPN)
learns the strength of an attention head’s capacity
to be attracted by genuine visual evidence. Its train-
ing objective derives from the object-level visual

attraction score Séf;n)(o) defined in Section 3.3,
which is computed only through grounded object
annotations during training.

VGPN is modeled as a parameter-shared regres-
sion network:

$17(0) = fvarn (617(0)), aan)

where fygpn is a lightweight multilayer percep-
tron shared across all layers and attention heads.
During training, supervision is applied only to the
grounded object set O, with the optimization ob-
jective:

Lus = Epeor [ £ (370, 557(0) ], (12)

where /(-) denotes a regression loss function. From
an energy perspective, §\(,li’5") (o) represents the
strength of the visual low-energy well formed by
the attention head for object o. A higher value in-
dicates that the head is more readily attracted by
genuine visual evidence, thereby facilitating stable

inference trajectories.

3.4.3 Language Prior Potential Network

The Language Prior Potential Network (LPPN)
models the linguistic driving force exerted by at-
tention heads during object generation. Unlike the
visual potential, the language potential does not
distinguish whether an object is grounded or hallu-
cinated; rather, it characterizes the intrinsic genera-
tive tendency driven by the attention head.

Based on the language promotion strength
sl(ifg) (0) defined in Section 3.3, LPPN outputs an
object-conditioned driving force scalar:

g™ (0) = fippn <¢(l’n)(0)> ; (13)

where fippy is a parameter-shared multilayer per-
ceptron.

The corresponding training objective is defined
as:

Liang = Egcot [log (1 + exp (_g(l,n)(0)>>}

+Eoco- [log (1 + exp (g(l’") (@))} ~
(14)

It is important to note that the groundedness or
hallucination attribute of objects is used only dur-
ing training to constrain the directional tendency
of g. During inference, the model does not explic-
itly classify object types but relies solely on the
driving force predicted by the attention head’s cur-
rent behavior. Physically, g¢-™ (o) describes the
language prior force applied by the attention head
in the current state: its magnitude reflects the driv-
ing strength, while its sign determines the action
direction in the energy field.

3.44 Energy-Guided Head Reweighting
During inference, VGPN and LPPN dynamically
generate energy modulation coefficients based on
the head behavior under the current object condi-
tion, thereby reweighting multi-head attention. For
object o at time step ¢(0), we define the composite
modulation weight for attention head (I, n) as:
(L

XE(t(0)) = 1+ a8 (o) + A9 (o). (15)
where «, [ are scaling coefficients. To ensure nu-
merical stability, we apply a truncation operation:

AL (4(0)) « clip(AE™ (t(0)),€,2).  (16)

This weight is used to reweight attention head out-
puts:

A =S At (o) H .

(17)

This energy-guided mechanism enables attention
head contributions to dynamically vary with the
inference state: heads with stronger visual ground-
ing potentials are amplified, deepening the visual
low-energy well; heads with excessive language
driving forces are suppressed, raising the language
potential barrier and preventing trajectory escape
in critical middle layers.

4 Experiments

4.1 Experimental Setup

Following DeCo’s experimental setup, we test with
three decoding strategies: greedy, beam search, and
nucleus sampling. For AHEAD, potential networks
adopt a two-layer MLP architecture with hidden di-
mension 256. Hyperparameters are set as o = 0.5,
B = 0.3 to control the weights of visual potential
and language prior potential. We train potential
networks on 2000 random images from COCO
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Table 1: Training and inference cost comparison.

Method Training Cost Inference Cost AVG POPE F1

VCD — 109.6ms (x2.6) 83.1
OPERA — 89.8ms (x2.1) 85.4
DeCo — 52.4ms (x 1.2) 86.3
POVID 20.0 h 42.6ms (x1.0) 86.2
V-DPO 23h 42.6ms (x 1.0) 86.9
AHEAD 0.2h 46.1ms (x1.1) 87.7

val2014 using AdamW optimizer with learning
rate le — 4, batch size 32, for 5 epochs; training
completes in approximately 12 minutes on a single
A100 GPU, with a total of 68.7M parameters across
both networks. Hallucination labels are derived au-
tomatically by comparing MLLM-generated object
mentions against COCO ground-truth annotations,
requiring no manual annotation. We conduct exper-
iments on four mainstream multimodal large lan-
guage models: InstructBLIP, MiniGPT-4, LLaVA-
1.5, and Qwen-VL.

Table 1 compares the training and inference over-
head of AHEAD against representative baselines
on LLaVA-1.5. AHEAD requires only 0.2 hours of
training—100x less than POVID—while achiev-
ing the best POPE F1 score of 87.7% with a mini-
mal inference overhead of x1.1.

4.2 Main Results

Hallucination Mitigation Performance. Table 2
presents hallucination mitigation results on the
CHAIR benchmark. AHEAD achieves the best
performance across all models and decoding strate-
gies, validating the effectiveness of potential net-
work modeling. Under greedy decoding, AHEAD
reduces CHAIR_S from 41.2% to 36.5% on In-
structBLIP, a reduction of 4.7 percentage points,
and CHAIR_I from 14.4% to 11.2%, a reduction
of 3.2 percentage points, improving by 4.7% and
3.2% over the second-best method DeCo, respec-
tively. On LLaVA-1.5, AHEAD achieves 32.8%
CHAIR_S and 9.3% CHAIR_I, reducing by 12.2
and 5.4 percentage points compared to the vanilla
baseline. Notably, AHEAD exhibits strong com-
patibility with different decoding strategies. Under
beam search, AHEAD consistently outperforms
OPERA across all models, achieving CHAIR_S
of 29.5% on LLaVA-1.5 compared to OPERA’s
44.6%, a significant improvement. Under nucleus
sampling, AHEAD maintains its lead, reducing
CHAIR_S by 14.8 percentage points on Instruct-
BLIP compared to the vanilla baseline. This consis-

tency across decoding strategies demonstrates that
potential networks can accurately identify and dy-
namically adjust attention head contributions with-
out relying on specific decoding mechanisms.

Table 3 shows results on the POPE benchmark.
AHEAD achieves the highest F1 scores across all
models, with particularly significant improvements
on MiniGPT-4. Under greedy decoding, AHEAD
achieves 79.1% F1 on MiniGPT-4, improving by
20.6 percentage points over the vanilla baseline’s
58.5% and by 1.7 percentage points over DeCo’s
77.4%. On LLaVA-1.5, AHEAD reaches 88.1%
F1, improving by 5.9 percentage points over the
vanilla baseline’s 82.2%. On Qwen-VL, AHEAD
achieves 87.8% F1, maintaining optimal perfor-
mance. These results indicate that potential net-
works effectively identify attention heads overly re-
liant on language priors and dynamically suppress
their contributions through energy-guided reweight-
ing during inference, preventing trajectory escape
phenomena.

Visual Grounding and Hallucination Trade-
off. Table 4 presents results on the AMBER bench-
mark, which evaluates the trade-off between hal-
lucination mitigation and visual grounding capa-
bility. AHEAD achieves the lowest CHAIR, Hal.,
and Cog. metrics across all decoding strategies
while maintaining competitive Cover scores. Under
greedy decoding, AHEAD achieves 6.2% CHAIR,
48.2% Cover, 26.5% Hal., and 2.5% Cog., losing
only 0.7 percentage points in coverage while reduc-
ing hallucinations compared to the vanilla baseline.
Under beam search, AHEAD’s CHAIR drops to
5.8%, Hal. to 23.8%, and Cog. to 2.1%, reduc-
ing by 0.6, 3.7, and 0.8 percentage points respec-
tively compared to OPERA. This demonstrates that
potential networks enhance attention heads with
strong visual grounding capacity, not only reduc-
ing hallucinations but also maintaining the model’s
perception of real objects, avoiding performance
degradation caused by over-intervention.

General Capability Preservation. Table 6
presents results on the MM Vet benchmark to eval-
uate whether AHEAD compromises the model’s
general vision-language capabilities. Results show
that AHEAD maintains competitive general perfor-
mance while reducing hallucinations. On LLaVA-
1.5, AHEAD outperforms the vanilla baseline and
DeCo across all subskills, achieving a total score
of 28.8%, improving by 5.2 percentage points over
vanilla’s 23.6% and by 0.9 percentage points over
DeCo’s 27.9%. Particularly on recognition (Rec),
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Table 2: CHAIR hallucination evaluation results. CHAIR evaluates object hallucination in image captions
by comparing generated object mentions with ground-truth labels. CHAIR_S denotes the proportion of captions
containing hallucinations, and CHAIR_I denotes the proportion of hallucinated objects among mentioned objects.

Lower scores indicate fewer hallucinations.

. InstructBLIP MiniGPT-4 LLaVA-1.5 Qwen-VL
Decoding Method
CHAIRs | CHAIR;] CHAIRs] CHAIR;] CHAIRg] CHAIR;| CHAIRs) CHAIR;/|
Greedy Vanilla 58.8 23.7 31.8 9.9 45.0 14.7 46.0 12.5
DoLa 48.4 159 322 10.0 47.8 13.8 46.8 12.9
DeCo 41.2 14.4 27.0 8.8 37.8 11.1 422 10.7
AHEAD (ours) 36.5 11.2 23.2 7.1 32.8 9.3 37.8 8.9
Vanilla 55.6 15.8 30.6 9.5 48.8 139 41.8 10.8
Beam Search OPERA 46.4 14.2 26.2 9.5 44.6 12.8 34.6 9.5
DeCo 438 12.7 24.8 7.5 33.0 9.7 32.0 8.7
AHEAD (ours) 40.2 10.8 22.5 6.0 29.5 8.0 29.2 7.2
Vanilla 54.6 24.8 32.6 10.7 48.8 14.2 49.2 13.1
Nucleus VCD 58.0 17.0 33.8 11.1 54.0 16.0 46.4 11.9
DeCo 43.6 12.9 30.8 9.5 42.8 13.2 43.8 11.8
AHEAD (ours) 39.8 11.1 28.5 8.0 39.2 11.5 40.5 10.2

Table 3: POPE hallucination evaluation results.
POPE assesses hallucination through a binary question-
answering format, where the model answers whether
a queried object exists in the scene. Performance is
measured using the standard F1 score. To evaluate ro-
bustness, POPE splits queried objects into three subsets:
random (arbitrary samples), popular (frequent objects),
and adversarial (visually similar to ground-truth).

InstructBLIP MiniGPT-4 LLaVA-1.5 Qwen-VL

Decoding  Method Fl1 F11 F1 1 F11
Vanilla 80.0 58.5 82.2 85.2
Greedy DoLa 83.4 72.8 83.2 85.8
DeCo 84.9 77.4 86.7 86.3
AHEAD 86.2 79.1 88.1 87.8
Vanilla 84.4 70.3 84.9 85.3
Beam Search OPERA 84.8 73.3 85.4 86.1
DeCo 84.9 77.9 86.7 86.4
AHEAD 86.3 79.5 88.2 87.9
Vanilla 79.8 52.8 83.1 84.5
Nucleus VCD 79.9 56.0 83.1 84.7
DeCo 81.8 63.8 854 85.2
AHEAD 83.5 66.2 86.9 86.6

OCR, and mathematics (Math) tasks, AHEAD
achieves 33.2%, 22.8%, and 12.1%, improving by
4.4, 8.7, and 8.6 percentage points over the vanilla
baseline. On Qwen-VL, AHEAD achieves a total
score of 47.1%, maintaining balanced performance
improvements across all subskills. These results
validate the fine-grained nature of potential net-
work modeling: by only adjusting attention heads
related to object generation, AHEAD avoids dis-
rupting the model’s overall reasoning capability,
achieving dual optimization of hallucination miti-
gation and general capability preservation.

Table 4: Results on the AMBER image caption dataset.
AMBER evaluates hallucinations in image captions by
assessing hallucinated object rate (CHAIR), coverage of
ground-truth objects (Cover), proportion of hallucinated
responses (Hal.), and tendency to mention cognitively
biased objects (Cog.). Lower scores for CHAIR, Hal.,
and Cog. indicate fewer hallucinations, while a higher
Cover score reflects stronger visual grounding. Results
are based on LLaVA-1.5-7b.

Decoding  Method LLaVA-1.5
CHAIR | Cover T Hal | Cog |
Greedy Vanilla 8.2 489 343 4.0
DoLa 8.0 50.8 375 43
DeCo 6.6 475 281 28
AHEAD 6.2 482 265 25
Vanilla 7.1 507 324 38
Beam Search OPERA 6.4 490 275 29
DeCo 6.3 46.8 251 24
AHEAD 5.8 475 238 21
Vanilla 10.2 50.2 433 45
Nucleus VCD 9.0 517 402 44
DeCo 8.3 48.0 375 34
AHEAD 7.8 492 352 31

Cross-Domain  Generalization. To assess
whether AHEAD overfits to COCO, we eval-
uate zero-shot transfer on A-OKVQA and
GQA—benchmarks covering different tasks
and visual domains. Following VCD’s protocol,
bounding boxes are generated by SEEM without
any domain-specific fine-tuning. As shown in
Table 5, AHEAD consistently outperforms all
baselines on both benchmarks across LLaVA-1.5
and Qwen-VL, achieving +5~6% gains over
the vanilla baseline. This confirms that the
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Table 5: Zero-shot cross-domain generalization on A-OKVQA and GQA. Networks are trained on COCO only and

evaluated directly without domain-specific fine-tuning.

Model Method A-OKVQA Acc  A-OKVQAFI  GQAAcc  GQAF1
Vanilla 78.13 78.10 77.89 78.13
+VCD 79.99 81.30 80.16 81.67

LLaVA-1.5 +DeCo 80.64 81.87 82.75 82.39
+AHEAD 83.27 83.08 84.38 83.60
Vanilla 7831 79.18 78.15 79.22

OwenVL +VCD 80.07 80.96 80.65 81.43
+DeCo 81.88 81.96 81.81 82.17
+AHEAD 84.07 83.50 84.74 84.61

Table 6: Results on the MM Vet benchmark. MM Vet
evaluates the general capabilities of multimodal large
language models across 14 subskills, including OCR,
object recognition, spatial relations, and commonsense
reasoning. It uses multiple-choice questions on natural
images. We follow the official protocol and report over-
all accuracy. Rec denotes recognition, OCR denotes
optical character recognition, Know denotes knowledge,
Gen denotes generation, Spat denotes spatial, and Math
denotes mathematics.

Model Method Rec T OCR 1 Know 1 Gen T Spat 1 Math 1 Total 1
Vanilla 28.8 14.1 155 164 156 35 23.6
LLaVA-1.5 DeCo 32.1 215 186 207 237 112 279
AHEAD 332 228 193 215 245 121 288
Vanilla 51.8 353 41.0 356 38.1 192 457

Qwen-VL  DeCo 50.5 382 388 338 417 265 463
AHEAD 512 39.1 405 362 425 278 471

learned potential functions capture generalizable
visual-semantic alignment properties rather than
COCO-specific patterns.

4.3 Sensitivity analysis

Table 7 reports a sensitivity analysis over o and (8
on POPE F1 (LLaVA-1.5). The optimal configu-
ration (a=0.5, $=0.3) achieves 87.7% F1. Perfor-
mance remains above 87.0% for « € {0.4,0.5}
and 8 € {0.2,0.3,0.4}, confirming robustness
across a broad range of values. Both components
contribute synergistically: setting either to zero de-
grades performance, validating the complementary
roles of visual and language prior potentials. Ex-
cessively large values (o« > 0.8 or 5 > 0.6) lead
to degradation, consistent with the risk of over-
intervention disrupting the model’s existing reason-
ing capacity.

5 Conclusion

We revisit MLLM reasoning from an energy per-
spective and propose AHEAD, which quantifies
attention head behaviors through Visual Grounding

Table 7: Hyperparameter sensitivity analysis.

a\s 0.0 0.2 0.3 04 0.6
00 834 842 845 843 838
04 868 874 876 872 863
05 869 875 877 873 864
0.8 8.2 858 859 855 84.6

and Language Prior Potential Networks. By identi-
fying the trajectory escape phenomenon, AHEAD
dynamically reweights attention heads to am-
plify visual grounding while suppressing language-
driven hallucinations. Experiments demonstrate
that AHEAD significantly reduces hallucination
rates across multiple benchmarks without fine-
tuning the base MLLM, while maintaining gen-
eration quality and compatibility with various de-
coding strategies.

Limitations

Our work has several limitations. First, AHEAD re-
quires training two lightweight potential networks
(VGPN and LPPN) on data with object-level anno-
tations. When applied to MLLMs with different
architectures or parameter scales, these networks
must be retrained, limiting cross-model general-
ization. Second, AHEAD requires access to in-
ternal attention states for head reweighting and is
therefore not applicable to closed-source API-only
models—a constraint shared by most attention-
based inference-time intervention methods. Finally,
while AHEAD effectively mitigates hallucinations
caused by visual-language imbalance, its effective-
ness diminishes when visual signals are severely
degraded or entirely absent, as the energy-guided
reweighting mechanism inherently relies on mean-
ingful visual input.
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