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Abstract

Vision-Language Models (VLMs) often pri-
oritize linguistic fluency over visual fidelity,
leading to hallucinations where generated text
contradicts the image. Countering this bias
typically requires resource-heavy fine-tuning
or high-latency verification methods that pro-
vide feedback only after the full response is
generated. To overcome these limitations, we
present a framework for Token-level Inference-
Time Alignment (TITA) that steers the decod-
ing process without updating the base model
parameters. By training a lightweight reward
model to capture visual preferences, TITA ex-
tracts implicit guidance through log-probability
ratios. This approach functions as an inference-
time adaptation of Direct Preference Optimiza-
tion (DPO), injecting dense feedback to correct
the output distribution at every generation step.
Across diverse architectures including LLaVA-
1.5, Qwen3-VL, and InternVL3.5, TITA con-
sistently improves performance on 13 bench-
marks. For example, TITA boosts LLaVA-1.5-
7B by +8.6% on MM Vet and achieves a 74.0
MMStar score with Qwen3-VL-8B. Specifi-
cally, these gains incur negligible overhead
( 0.2s per query), offering a superior trade-
off between alignment effectiveness and ef-
ficiency. Our code is available at: https:
//github.com/Thecommonirin/TITA

1 Introduction

Vision-Language Models (VLMs) have fundamen-
tally reshaped multimodal Al, enabling capabilities
ranging from visual question answering (VQA) to
complex instruction following by anchoring text
generation in visual input (Li et al., 2023c; Liu
et al., 2024a; Wu et al., 2024a,c; Yang et al., 2025;
Wang et al., 2025). Despite their widespread adop-
tion, VLMs frequently exhibit a critical failure
mode: hallucination. These models often produce
fluent, coherent text that contradicts the provided
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visual evidence (Zhao et al., 2023; Bai et al., 2024,
Huang et al., 2024; Leng et al., 2024; Zang et al.,
2025). Such discrepancies not only degrade gener-
ation quality but also introduce substantial safety
risks, preventing the deployment of trustworthy
multimodal systems in high-stakes environments.
Fundamentally, these hallucinations stem from
misalignment during the decoding process: large-
scale pretraining instills strong linguistic priors that
can override visual grounding, particularly when
visual signals are ambiguous or fine-grained (Li
et al., 2023a; Zhu et al., 2023; Hurst et al., 2024;
Shen et al., 2025). In these scenarios, the model
defaults to statistical correlations learned from text
data rather than attending to the image, amplify-
ing factual inconsistencies. Consequently, miti-
gating hallucination requires intervening in this
dominance of language priors to restore balance
between visual adherence and textual fluency.
Current alignment paradigms attempt to address
this trade-off but struggle with limitations in train-
ing costs and granularity as illustrated in Figure 1.
Training-time alignment methods leverage super-
vised fine-tuning or reinforcement learning with hu-
man or model-based feedback (Xiong et al., 2024;
Zhou et al., 2024b; Kapuriya et al., 2024). While ef-
fective, this paradigm suffers from inherent rigidity
and prohibitive scalability costs. Relying on static
parameter updates means that adapting to new do-
mains or refining preference criteria necessitates re-
training the entire backbone. This process requires
not only massive computational resources but also
expensive, curated annotation budgets or propri-
etary preference labels, severely limiting the acces-
sibility and adaptability of such methods in rapidly
evolving multimodal landscapes (Zhao et al., 2024;
Favero et al., 2024; Bai et al., 2025).
Inference-time methods offer an alternative by
steering frozen VLMs with external reward models
(Yan et al., 2024; Zhou et al., 2024c; Liu et al.,
2025b). Most operate at the sequence level: they
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Figure 1: Efficiency Trade-offs across VLM Preference Alignment Paradigms.

(A) Training-time alignment

fine-tunes base model mg with human-labeled preferences. (B) Sequence-level inference-time alignment reranks
complete responses with reward models. (C) TITA achieves dual efficiency via token-level decoding guidance.

assign rewards to entire responses, offering only de-
layed and coarse-grained feedback while incurring
heavy overhead from sampling and reranking. This
“generate-then-evaluate" mechanism suffers from
two critical drawbacks: its feedback is too late to
correct errors that manifested early in the decoding
trajectory, and its need to sample full sequences
create prohibitive computational overhead.

We argue that overcoming these bottlenecks re-
quire shifting from delayed, coarse-grained feed-
back to timely, fine-grained intervention. Since hal-
lucinations often originate from deviations during
the decoding trajectory, correction signals should
be applied at the token level. Inspired by the duality
between reward modeling and language modeling
(Fu et al., 2024), we observe that preference in-
formation does not require heavy external critics
or human annotation. Instead, it can be implicitly
captured via the log-probability ratios between a
reference model and the target model. This allows
a dense, autoregressive guidance that steers the
model away from hallucinations step-by-step.

Building on these insights, we introduce
TITA (Token-level Inference-Time Alignment), a
framework that transforms sparse sequence-level
feedback into dense autoregressive signals. Rather
than fine-tuning the base VLM, TITA trains a

lightweight reward model to approximate the pre-
ferred distribution. During inference, it extracts
implicit preference signals as log-probability ratios
between the reward model and the target VLM, dy-
namically steering the decoding process. A token-
mapping mechanism ensures compatibility across
heterogeneous tokenizers, enabling plug-and-play
alignment for off-the-shelf VLMs without modify-
ing their parameters (Figure 1(C)).

This work establishes TITA as a general and
principled paradigm for efficient and precise VLM
alignment. Methodologically, we design a pipeline
for constructing preferences via self-supervision.
By leveraging augmented visual inputs, we syn-
thesize robust reward signals at the token level, ef-
fectively eliminating the reliance on costly human
annotations. Theoretically, we provide a rigorous
proof that this autoregressive formulation approxi-
mates the dense reward distribution over sequences,
formally bridging the gap between coarse verifica-
tion of full sequences and granular guidance during
decoding (Section A in Appendix). Empirically,
extensive evaluations across three VLM families
and 13 benchmarks demonstrate that TITA consis-
tently reduces hallucinations while preserving base
model capabilities and incurring minimal computa-
tional overhead (Section 4).
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2 Related Work

Hallucination in VLMs. Despite the success of
VLMs in multimodal tasks, they suffer from a fun-
damental misalignment where strong language pri-
ors often override visual evidence during gener-
ation. This dominance of parametric knowledge
leads to hallucinations, defined as generated text
that is linguistically fluent but contradicts the vi-
sual input (Huang et al., 2024; Leng et al., 2024;
Guo et al., 2025a). Such ungrounded outputs com-
promise factual accuracy and restrict model de-
ployment in safety-critical domains like healthcare
and scientific reasoning (Chen et al., 2024a; Wu
et al., 2024b; Guo et al., 2025b). Consequently,
current research has pivoted toward aligning VLM
outputs with human preferences to ensure that gen-
eration remains faithful to the provided visual con-
text (Zhang et al., 2025b; Sun et al., 2025).

Preference Alignment in VLMs. Recent efforts
aim to align VLMs with human preferences via
training-time or inference-time strategies. Training-
time alignment involves supervised fine-tuning or
reinforcement learning based on human-annotated
(Chen et al., 2024c; Guo et al., 2025b; Shen et al.,
2025) or model-generated preference data (Ren
et al., 2024; Zhang et al., 2025a; Wan et al., 2025).
These approaches often yield strong performance
but require substantial computational resources and
repeated retraining when adapting to new tasks
or preferences. Inference-time strategies offer a
lightweight alternative by using external reward
models to guide the decoding of frozen VLMs.
However, most current inference-time methods op-
erate at the sequence level, (Gou et al., 2024; Dong
et al., 2025; Sun et al., 2025), assessing response
quality only after generating full candidates. This
coarse granularity delays error correction and sig-
nificantly increases inference latency due to the
need for multiple sampling passes.

Data Augmentation in VLMs. While data aug-
mentation is traditionally employed in computer
vision to enforce representation invariance (Grill
et al., 2020; He et al., 2020; Yuan et al., 2024).
Rather than viewing this sensitivity merely as a
lack of robustness, recent research (Zhu et al., 2024,
Awais et al., 2025) repurposes it for alignment. By
analyzing divergent outputs triggered by augmen-
tations, these methods identify unstable or hallu-
cinated content, effectively turning augmentation-
induced inconsistency into a source of negative

preference pairs. This transforms augmentation
from a regularization technique into a weak super-
vision tool for preference mining.

Self-Evolution Strategies. Self-evolution re-
duces reliance on manual annotation by enabling
models to generate their own supervision signals.
While techniques such as self-consistency rank-
ing and feedback distillation have shown promise
in LLMs (Chen et al., 2024d; Patel et al., 2024,
Wang et al., 2024; Ding and Zhang, 2025; Liu et al.,
2025b), their application to multimodal settings re-
mains underexplored. The primary challenge lies
in establishing reliable verification criteria for vi-
sual grounding without external labels. TITA ad-
dresses this gap by leveraging visual perturbations
to construct token-level preference signals auto-
matically. This approach extends self-evolution to
VLMs, enabling scalable and efficient alignment
that enforces fine-grained consistency between vi-
sual inputs and textual outputs.

3 Methods

In response to the inherent tendency of aligned
VLMs to develop shallow heuristics rather than
principled reasoning, this work present a token-
level preference optimization framework that fun-
damentally rethinks the alignment process.

3.1 Preference Dataset Construction

In preference optimization, the dataset consists of
quadruplets D = {(gn, In, y7, y*)}2_,, where g,
is the input question, I, is the associated image,
Yw 1S the preferred response, and y; is the less
preferred one. Preferences are modeled with the

Bradley—Terry (BT) formulation:

eXp(T(q, I, yw)

eXp(T(q, I7 yw)) + EXp(T(q, I7 yl))él)

where 7(q, I,y) is the reward score for response y
conditioned on the input (g, I'). This formulation
naturally captures our intuition that the winning
answer should have a higher probability of being
preferred, while maintaining a meaningful compar-
ison with the competitive loser.

p(yw = yilg, I) =

To construct more informative preference pairs,
we leverage the diversity of model outputs gener-
ated under multiple image augmentations. Given
an input (g, I'), we first obtain a baseline response
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Contrast

y;. Several people
walking on the road.

Describe what is
in the image?

y1: Red traffic light y?: Billboard on y3:
on the roadside.

Di{fusion—W

Lamps light the

the roadside people.  roadside people.

Yw. Several people walking on the road with a red traffic light and a billboard on roadside.

Figure 2: The winner answer yy, is generated by fusing multiple responses obtained from augmented versions of the
image, capturing more comprehensive and details compared to the original generation y;.

from the original image:

v < mo(-|q, I), (2)
yk<_7r9(|Qafk(I))’ ke [15-"7K]7 (3)
yw < mo(-[5'19%] ... 195), @)

where fi denotes the k-th image augmentation
method, and y; serves as the loser response. The
responses {7,792 ..., "} are concatenated along
with a fusion prompt (e.g., “Please provide a com-
prehensive fusion based on the following candidate
answers.”), and passed back into the model to gener-
ate a unified answer y,,, which serves as the winner
response. This procedure encourages the model to
aggregate diverse visual cues across augmentations,
resulting in a more grounded target.

Figure 2 illustrates how different augmentations
highlight distinct visual cues and lead to semanti-
cally richer descriptions. The fused output captures
fine-grained elements (e.g., red traffic light, bill-
board) that are overlooked in the original response,
validating the effectiveness of our augmentation-
guided preference construction.

3.2 Token-Level Reward Model

Diverging from standard scalar reward models that
evaluate complete sequences, TITA employs a gen-
erative autoregressive formulation. Instead of out-
putting a single score, a lightweight VLM (e.g.,
TinyLLaVA-1.5B) is optimized to assign higher
probability mass to preferred tokens, thereby func-
tioning as a dense, token-level reward signal.

Lety = (y1,%2,- - -, Yy:) denote the output token
sequence, where y; is the token at position ¢, and
y<+ 1s the prefix. Then the autoregressive reward
model assigns token-level rewards by modeling the
log-likelihood of each token conditioned on the

input and its prefix:

r(g, Ly) =Y mwle, Ly), (5
t

where 7,(y¢|q, I,y<¢) is a learnable distribution
function. Generating the next token requires only
one forward pass through the target and reward
models. This is significantly faster than previous
methods (Zhang et al., 2025a) that require gener-
ating several candidate tokens, completing the full
response for each, and then selecting the best next
token. As shown in Table 1, our inference strat-
egy operating at the level of tokens significantly
reduces latency. And we demonstrate in Appendix
A that this parameterization remains sufficiently
expressive to guide target LLMs toward any dis-
tribution achievable by traditional reward models
within the KL-regularized RL framework.

The reward model is trained by maximizing the
likelihood margin between preferred and less pre-
ferred tokens, ensuring that the sequence-level re-
wards align with the preference data:

L(mr;Dp) = —Ep, [log U(ﬂ > g T (Y tlg, I, Yo, <1)
t

=B logm(yiilg, I, yz,«))] :
t ©

3.3 Inference-time Guidance

We now describe the auto-regressive inference-time
alignment mechanism. In practical scenarios, fine-
tuning a smaller, typically weaker language model
(e.g., 1B/7B) is often feasible, while fine-tuning a
larger, stronger model (e.g., 70B) may be imprac-
tical due to resource constraints. By leveraging
our proposed auto-regressive reward model, which
predicts next-token rewards log 7, (y¢|q, I, y<¢) in
a manner similar to how language models predict
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next-token log probabilities, Equation 7 can be in-
terpreted as a form of controlled decoding from
multiple models:

logm(ylg, I) = —log Z(q, I) + Y _ logma(yelg, I, y<t)
t

+ A Zlogﬂr(yd% Ly<y),

t @

This formulation allows TITA to apply previous

decoding techniques (Dekoninck et al., 2023) to

sample the next token g, conditioned on the query

with image (g, ) and the partially generated re-

sponse y¢, by computing the next-token condi-
tional probability as follows:

A
m(yela, I y<t) o< wo(yelq, I y<e) (o (yela, I y<i)) . (8)

A distinct advantage of TITA is the decou-
pling of the reward model from the target policy.
TITA trains the autoregressive reward model with-
out relying on any specific target LLM during the
training phase. Unlike standard DPO, which binds
alignment to a specific backbone during training,
TITA optimizes the reward model independently.
Specifically, in this work, a compact autoregressive
reward model is employed to steer larger, more
powerful target LLMs, enabling scalable weak-to-
strong alignment. This design decouples reward
modeling from the target generator, fostering di-
verse and adaptable inference-time applications
without the need for target-specific retraining.

The complete inference pipeline is summarized
in Algorithm 1 (Appendix B). A unique challenge
of this decoupled architecture arises when the small
reward model 7, and the target VLM 7y utilize
different tokenizers. To align their probability
spaces during the token generation step (Equation
8), we deploy a Top-k cross-encoding mapping
strategy. Specifically, we extract the top-k tokens
with the highest probabilities from 7., decode them
into text strings, and re-encode them using the
target model’s tokenizer to assign the correspond-
ing probability mass. Sensitivity analysis reveals
that TITA is remarkably robust to the choice of k,
with performance fluctuations remaining negligible
(0.3 on MM Vet) for k € {5, 10,20, 50}.

Furthermore, while this cross-vocabulary map-
ping is stable due to the overlap of high-probability
subwords, we recommend using same-family RM-
LM pairings (e.g., Qwen-VL-2B guiding Qwen-
VL-72B) as a practical best practice to completely
bypass tokenization discrepancies.

4 Experiments

4.1 Experimental Setup

Backbones. To evaluate the generality of TITA,
we conduct experiments on two distinct VLM
categories. (1) Established Research Backbones:
We utilize the LLaVA-1.5 series (Liu et al,
2024a) to ensure fair comparisons with
prior hallucination mitigation studies. 2)
Contemporary High-Performance Models: To
explore scalability to advanced architectures, we
extend evaluation to Qwen3-VL-8B-Instruct (Yang
et al., 2025), InternVL3.5-8B (Wang et al., 2025),
and the DeepSeek-VL2 family (Wu et al., 2024c¢).

For the reward model, we employ the lightweight
TinyLLaVA-1.5B (Zhou et al., 2024a), trained on
preference pairs from OCRVQA (Mishra et al.,
2019) and TextVQA (Singh et al., 2019). Train-
ing takes only ~0.4 hours on 8 A100 GPUs (see
Appendix C for training details).

Baselines. To situate TITA within the alignment
landscape, we compare it with three paradigms of
hallucination mitigation.

(1) Training-time Alignment: Methods that in-
ternalize human preferences by fine-tuning the base
VLM parameters, including Fact-RLHF (Sun et al.,
2023), CSR (Zhou et al., 2024c¢), and SeVa (Zhu
et al., 2024). As shown in 1, these methods incur
notable computational overhead (7.5-16.4 hours
when applied to the LLaVA-1.5-7B base model) due
to parameter-efficient fine-tuning.

(2) Decoding Heuristics: Training-free methods
that modify decoding logits based on priors or noise
intervention. We evaluate against VCD (Leng et al.,
2024), M3ID (Favero et al., 2024), and MARINE
(Zhao et al., 2024) to contrast heuristic-based ad-
justments with the learned, fine-grained semantic
guidance provided by TITA.

(3) Inference-time Alignment: Strategies that
employ external critics or iterative self-correction
to rerank or refine generated responses. We com-
pare with Critic-V (Zhang et al., 2025a), MM-
Verify (Sun et al., 2025), and Sherlock (Ding and
Zhang, 2025). While effective, these “System 2”
approaches operate at the sequence level, often ne-
cessitating multiple generation passes.

Benchmarks. Evaluation is conducted across
three dimensions: (1) Comprehensive Evaluation:
SEED (Li et al., 2023b), LLaVA-Bench (Liu et al.,
2024b), MMbench (Liu et al., 2025a), MME (Yin
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Table 1: Comparative study on LLaVA-1.5-7B across three alignment paradigms. TITA establishes a new Pareto
frontier with minimal training cost. “Inference Time” indicates the average latency per query.

Model MME®” MMEC SEED LLaVAY MMvVet SQA GQA POPE Optimization Training Time Inference Time
Base Model: LLaVA-1.5-7B 1510.7 3482 58.6 63.4 30.5 66.8  62.0 85.9 1.5s
Paradigm 1: Training-time Alignment

Fact-RLHF (Sun et al., 2023) 1490.6  335.0 58.1 63.7 31.4 65.8 613 81.5 RLHF 16.4h 1.5
CSR (Zhou et al., 2024c) 15242 3679 60.3 71.1 339 707 62.3 86.8 DPO 6.8h 1.5s
SeVa (Zhu et al., 2024) 1531.0 369.2 65.8 722 372 67.5  60.7 86.7 DPO 7.5h 1.5s
Paradigm 2: Training-free Decoding Heuristics

VCD (Leng et al., 2024) 1450.1  354.0 61.7 66.6 329 654 613 86.3 Decoding 2.9s
M3ID (Favero et al., 2024) 14364 3428 59.3 64.3 36.2 66.9 61.8 88.0 Decoding 2.4s
MARINE(Zhao et al., 2024) 1517.5  360.2 62.4 67.0 38.5 684 61.6 905 Decoding 3.8s
Paradigm 3: Inference-time Alignment

Critic-V (Zhang et al., 20252) 1528.4  355.0 63.4 67.8 35.7 66.5 594 86.5 DPO 2.9h 7.9s
MM-Verify (Sun et al., 2025) 1505.0 3427 59.3 67.6 342 66.0 58.0 86.2 SFT 4.8h 59s
Sherlock (Ding and Zhang, 2025)  1523.0  350.6 614 67.5 38.3 69.6 61.7 88.7 DPO 19.0h 21.4s
TITA f (Ours) 15384  369.5 66.6 72.5 39.1 707 623 917 DPO 0.4h 1.6s

1 denotes our token-level method, whereas other inference-time baselines operate at the sequence level.

et al., 2023), MMVet (Yu et al., 2023). (2) Gen-
eral Visual Question Answering (VQA): VizWiz
(Gurari et al., 2018), GQA (Hudson and Manning,
2019), ScienceQA (Lu et al., 2022), MMStar (Chen
etal., 2024b). (3) Hallucination Detection: CHAIR
(Rohrbach et al., 2018) and POPE (Li et al., 2023d).
To ensure hardware-agnostic latency comparisons,
all inference speed and FLOPs measurements are
standardized on a single NVIDIA A100 (80GB)
GPU using greedy decoding with a batch size of 4.

4.2 Main Results

Efficiency-Effectiveness Trade-off. Table 1 il-
lustrates the performance landscape on the LLaVA-
1.5 benchmark, demonstrating that TITA redefines
the balance between alignment quality and compu-
tational cost. TITA surpasses training-time meth-
ods while eliminating the need for expensive pa-
rameter updates. Approaches like SeVa demand 7.5
hours of GPU-intensive training, whereas TITA re-
quires only 0.4 hours for reward modeling yet
achieves a superior MM Vet score of 39.1%.
Crucially, TITA eliminates the latency bottle-
necks of inference-time verification. Methods like
Critic-V generate and rank full sequences, lead-
ing to an average latency of 7.9s per query. By
contrast, TITA optimizes the token distribution in
real time, adding a negligible 4-0.1s overhead to
the base model’s speed (1.6s vs 1.5s). Further-
more, as detailed in Table 3, compared to dual-
stream decoding heuristics like MARINE (17.36
TFLOPs), TITA is highly compute-efficient (10.54
TFLOPs) since it only requires a single scalar scor-
ing overhead per token rather than redundant for-
ward passes. Independent runs confirm this effi-
ciency is highly stable (e.g., MM Vet 39.1 £ 0.28,

POPE 91.7 £ 0.31).

Isolating the Guidance Mechanism. To rigor-
ously decouple the quality of our synthesized pref-
erence data from the guidance mechanism itself,
we compared TITA against standard SFT and DPO
using the exact same (y,,, y;) data pairs. As shown
in Table 4, TITA (with a frozen base model) suc-
cessfully matches the performance of DPO across
multiple benchmarks. This proves that our perfor-
mance gains are not merely data dividends; rather,
TITA effectively extracts and applies preference
signals at inference time, achieving the same align-
ment quality as intensive weight fine-tuning but at
a fraction (~ 5%) of the computational cost.

Scalability and Weak-to-Strong Generalization.
To verify scalability beyond LLaVA, we evalu-
ate TITA on modern high-performance architec-
tures, including Qwen3-VL-8B, InternVL3.5-8B,
and DeepSeek-VL2-27B (Table 2). The results
indicate that simply scaling the base model does
not automatically eliminate entrenched language
priors; however, TITA provides consistent gains
across all capacities. On the 27B DeepSeek-VL2, it
reduces object hallucination (CHAIR;) from 11.7%
to 4.9%—a drop of over 58%. Remarkably, these
improvements are achieved using a 1.5B reward
model steering targets nearly an order of magnitude
larger. This weak-to-strong generalization suggests
that the visual alignment principles captured by
TITA are scale-invariant, offering a highly cost-
efficient alignment strategy. Furthermore, early
experiments indicate this token-level guidance suc-
cessfully generalizes to text-only LLMs (detailed in
Appendix C.2), showcasing its broad applicability
beyond visual domains.
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Table 2: Comparative Study of Modern VLM Architectures: TITA Consistently Improves Hallucination Robustness
and General Reasoning Across Qwen, InternVL, and DeepSeek Backbones with Minimal Inference Overhead.

Backbone Method MMVet MMBench MMStar VizWiz POPE CHAIR; | CHAIR; | Inference Time
Base Model 354 67.7 41.6 53.6 85.9 483 14.1 2.7s
+ CSR (Zhou et al., 2024c¢) 37.8 68.8 42.4 56.8 87.3 28.0 73 2.7s
+ SeVa (Zhu et al., 2024) 41.0 68.7 442 54.7 87.4 23.6 6.5 2.7s
LLaVA-1.5-13B + Critic-V (Zhang et al., 2025a) 39.2 66.7 43.0 52.5 80.1 26.0 7.4 14.3s
+ MM-Verify (Sun et al., 2025) 40.4 67.0 437 53.0 88.7 24.5 8.1 10.5s
+ Sherlock (Ding and Zhang, 2025) 414 67.7 44.6 55.0 90.3 23.8 72 37.8s
+ TITA (Ours) 42.3 68.2 45.1 55.2 92.6 23.5 6.6 2.8s
Base Model 85.5 84.7 70.9 39.0 91.5 50.6 23.5 1.4s
+ CSR (Zhou et al., 2024¢) 86.3 85.0 71.3 40.3 92.7 30.1 15.6 1.4s
+ SeVa (Zhu et al., 2024) 88.4 86.8 72.6 442 94.8 253 11.7 1.4s
Qwen3-VL-8B + Critic-V (Zhang et al., 20252) 86.3 85.7 71.6 43.1 94.3 28.0 16.4 8.5s
+ MM-Verify (Sun et al., 2025) 86.5 859 71.8 43.0 94.8 22.6 13.5 7.5s
+ Sherlock (Ding and Zhang, 2025) 88.0 87.2 73.2 44.7 95.1 21.8 12.8 20.4s
+ TITA (Ours) 89.1 88.3 74.0 449 97.5 20.3 12.2 1.6s
Base Model 83.1 79.5 69.3 54.3 88.7 53.5 27.7 1.4s
+ CSR (Zhou et al., 2024c) 84.2 80.1 70.4 54.5 90.2 36.8 18.7 1.4s
+ SeVa (Zhu et al., 2024) 86.8 82.8 72.3 55.1 94.3 33.6 10.5 14s
InternVL3.5-8B + Critic-V (Zhang et al., 20252) 84.5 80.7 70.5 54.6 93.5 34.4 12.9 8.5s
+ MM-Verify (Sun et al., 2025) 84.1 80.4 70.2 55.0 92.0 35.7 16.9 7.6s
+ Sherlock (Ding and Zhang, 2025) 88.2 84.0 73.8 55.2 96.0 28.5 9.4 21.5s
+ TITA (Ours) 87.7 83.7 73.4 55.3 96.3 22.3 8.5 1.6s
Base Model 52.8 71.3 49.0 474 88.8 413 16.7 3.9
+ CSR (Zhou et al., 2024c) 54.8 72.4 50.3 48.6 90.4 26.6 12.9 3.9s
+ SeVa (Zhu et al., 2024) 56.3 73.0 51.6 50.5 92.6 22.7 10.6 3.9s
DeepSeek-VL2-27B  + Critic-V (Zhang et al., 2025a) 56.0 72.8 51.3 50.0 94.1 16.7 8.3 23.5s
+ MM-Verify (Sun et al., 2025) 55.8 72.9 51.4 50.7 93.6 17.5 9.2 17.0s
+ Sherlock (Ding and Zhang, 2025) 56.8 74.1 51.6 51.0 93.7 14.5 7.0 54.2s
+ TITA (Ours) 57.3 73.9 52.0 50.4 94.7 12.5 4.9 4.2s

Table 3: Computational overhead comparison on
MM Vet (LLaVA-1.5-7B). TITA achieves state-of-the-
art accuracy while requiring significantly fewer FLOPs
than dual-stream decoding (MARINE).

Table 4: Decoupling Guidance from Data: TITA (frozen
base) matches or exceeds the performance of SFT/DPO
(fine-tuned base) using the exact same preference data,
but requires only ~ 5% of the training cost.

Method MMVet FLOPs (x10'2)
Base Model 30.5 8.68

+ CSR (Training-time) 33.9 8.68

+ MARINE (Inference-time) 38.5 17.36

+ TITA (Ours) 39.1 10.54

Comparison with Heuristic Decoding. Finally,
we differentiate TITA from training-free heuris-
tics like VCD (Leng et al., 2024), M3ID (Favero
et al., 2024), and MARINE (Zhao et al., 2024)
(Table 5). These methods attempt to mitigate hal-
lucinations by reweighting the base model’s logits
using fixed contrastive formulas. VCD contrasts
with perturbed images, M3ID contrasts with text-
only inputs, and MARINE contrasts with caption-
conditioned outputs. These approaches rely on
hand-crafted perturbations without learned visual
grounding signals. While TITA incorporates a
learned multimodal reward model 7,cyqrd(y||q, )
that provides explicit preference supervision. By
leveraging this learned signal, TITA guides the
model toward visually faithful tokens more effec-
tively than methods relying only on noise or priors.

Method Training Cost MMVet MMBench POPE

Backbone: LLaVA-1.5-13B

Base Model - 354 67.7 85.9
+ SFT 3.4h 39.6 68.0 89.0
+DPO 11.0h 425 68.1 92.9
+ TITA (Ours) 0.6h 423 68.2 92.6

Backbone: Qwen3-VL-8B

Base Model - 85.5 84.7 91.5
+ SFT 3.9h 86.7 86.5 93.0
+DPO 7.5h 89.4 88.3 97.5
+ TITA (Ours) 0.4h 89.1 88.3 97.5

4.3 Ablations and Analysis

Impact of scale factor \. We investigate the sen-
sitivity of the hyperparameter A, which governs
the trade-off between the base model’s original pri-
ors and the reward model’s preference guidance.
As illustrated in Figure 3, increasing A from O to
0.6 steadily improves MM Vet, culminating in a
peak score of 39.1%. This trend is mirrored in
POPE, which rises from 85.9% to 91.7% at the
same threshold. This consistent peak across reason-
ing and grounding tasks confirms that the optimal
window A € [0.5,0.7] is robust and transferable,
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Table 5: Unlike heuristic methods that rely on noise per-
turbations or linguistic priors, TITA leverages a learned
reward model for explicit visual grounding.

Table 6: GPT-40 pairwise evaluation between fusion-
based winners (y,,) and original responses (y;). The
overwhelming preference for y,, validates the high qual-
ity of our self-supervised preference construction.

Dataset GPT-40 Preference (%)

Yo Winrate T 1y, Winrate | Tie rate
TextVQA 97.30 0.44 2.26
OCRVQA 85.12 2.95 11.93

Model Inference logits CHAIR, | CHAIR; |
Backbone: LLaVA-1.5-7B log mo(yllq, I) 48.8 149
+VCD (14 M) log 7 (yllg, I) — Mog mg(yl|q, ) 28.1 11.0
+M3ID (1= X)logmp(yllg, T) + Xog ma(y/lq) 27.1 6.4
+MARINE (1= N log mo(ylla. e, I) + Mog mo(yllq. I) 178 72
+ TITA (Ours) (1 = ) log Mreward (Y|, I) + Alog wa(y||q, I) 16.3 5.6
LLaVA-1.5-7B +CSR + SeVa + Critic-V
+ MM-Verify Sherlock =®= +TITA
40 92
N /’\
/ % T « 1
38 d

MM Vet

\0 90+
36 e
S
F E .

0 02 04 06 08 10
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Figure 3: Ablation studies on reward integration factor A
in Eq. 8. TITA achieves optimal performance at A ~ 0.6
across both reasoning and hallucination tasks.

rather than task-specific.

Effectiveness of Multi-view Preference Fusion.
We evaluate the efficacy of our multi-view pref-
erence fusion strategy by contrasting it with stan-
dard single-view image augmentations. The left
panel of Figure 4 shows that using a single augmen-
tation (e.g., RandFlip, Contrast) leads to modest
gains over the baseline. For example, Contrast and
Diffusion-W provide slight boosts on MM Vet, but
they struggle to offer robust gains across hallucina-
tion benchmarks due to limited semantic variation.
Conversely, the right panel of Figure 4 highlights
the superiority of our fusion approach, which aggre-
gates consensus from multiple perturbed views to
construct a high-quality target. A clear monotonic
trend is observed: as the number of fused views
increases from 1 to 6, the quality of the constructed
preference pairs improves significantly, driving per-
formance up to 39.1% on MM-Vet and 91.7% on

M LLaVA-1.5-7B [ RandFlip [l Contrast [l Crop(0-20%) |l LLaVA-1.5-7B  Fusion-1 Fusion-2 Fusion-3
| Diffusion-S Diffusion-W il Gamma il MOCO W Fusion4 W Fusion-5 M Fusion-6

M BYOL M SimCLR

Vi, FLEAN
;&\\\G % “:' < o,
?///J\\?w 7 W

AL N\ 1A

Single augmentation vs. Fusion-based multi-view

Figure 4: Ablation study on preference pair construc-
tion: Single augmentation vs. Multi-view fusion.

POPE. This confirms that fusing diverse visual per-
spectives effectively filters out noise, thereby dis-
tilling a more reliable and grounded supervision
signal for the reward model.

Quantitative Validation of Winners y,,. To fur-
ther verify the quality of TITA ’s automatically con-
structed data, we employ GPT-40-2025-03-26 as an
impartial judge to compare the fusion-based win-
ners ¥,, against original responses ;. Evaluation
sets are constructed from TextVQA and OCRVQA.
As shown in Table 6, y,, substantially outperforms
1; across both datasets: 97.3% on TextVQA and
85.1% on OCRVQA. Importantly, we conduct a
rigorous qualitative analysis to rule out potential
verbosity bias, ensuring that the evaluation does not
merely favor longer outputs. Our findings confirm
that the superiority of y,, stems from increased
factuality rather than redundant linguistic padding.
While y,, responses are occasionally more com-
prehensive, this reflects denser visual grounding.
Specifically, the multi-view fusion mechanism en-
ables ¥, to capture fine-grained visual evidence
(e.g., precise spatial coordinates and localized sig-
nage texts) that single-view generations frequently
miss. This rich, grounded detail directly correlates
with higher correctness and reduced hallucination,
thus proving the efficacy of our data synthesis. De-
tailed evaluation protocols, scoring criteria, and
comprehensive sample pairs are provided in Ap-
pendix C.1 and Table 7.

4.4 Qualitative Alignment Analysis

To elucidate the mechanism driving the perfor-
mance gains of TITA, we analyze attention dynam-
ics during token generation. Qualitatively, visu-
alizations in Appendix C.4 (Figure 6) reveal that
the baseline model often exhibits diffuse attention,
failing to anchor on relevant visual regions, leading
to hallucinations. This observation is substantiated
by a layer-wise diagnosis (Figure 7), which iden-
tifies a critical “visual accumulation” phase in the
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middle layers (5-18). By reinforcing visual evi-
dence accumulation within this specific window,
TITA prevents subsequent semantic refinement lay-
ers from generating text based solely on language
probability, confirming that our token-level rewards
effectively steer the model to prioritize visual fi-
delity over parametric knowledge.

5 Conclusion

We presented TITA , a framework that shifts
VLM alignment from costly parameter retraining
or delayed sequence reranking to precise, token-
level intervention. By reframing preference op-
timization as a decoding-time guidance problem,
TITA transforms sparse sequence-level rewards
into dense autoregressive signals. This approach
effectively counteracts the dominance of linguis-
tic priors by steering the generation trajectory us-
ing log-probability ratios between a lightweight
reward model and a frozen target model. To en-
sure broad interoperability, we introduce a dy-
namic cross-tokenizer mapping mechanism, allow-
ing TITA to function as a plug-and-play module
across disparate architectures. Extensive empirical
evidence across diverse VLM families—including
LLaVA, Qwen3-VL, InternVL3.5, and DeepSeek-
VL2——confirms that our method consistently sup-
presses hallucinations and enhances multimodal
reasoning. By achieving these gains with minimal
computational overhead, TITA establishes a scal-
able and efficient paradigm for deploying reliable,
visually grounded vision-language models.

Ethics Statement

In this work, we propose an inference-time align-
ment framework for vision-language models that
significantly improves factual consistency without
requiring expensive human annotations. By en-
hancing visual grounding, our method has the po-
tential to increase the reliability and accessibility of
multimodal systems in critical domains such as edu-
cation, assistive technology, and scientific analysis.
However, as a dual-use technology, this improved
steerability could theoretically be exploited to gen-
erate more convincing misinformation or to cir-
cumvent safety guardrails. Furthermore, because
our approach relies on self-supervised preference
construction, the resulting model may inherit or
inadvertently reinforce systemic biases present in
the foundational pre-training data. We advocate
for careful deployment, transparency in alignment

mechanisms, and continued research into fairness-
aware multimodal reward modeling to mitigate
these risks.

Large Language Model Usage

During the preparation of this manuscript, we em-
ployed large language models exclusively for edito-
rial purposes, including language polishing, gram-
mar correction, and structural refinement. We
strictly confined their usage to improving the read-
ability and English presentation of the text. These
models did not contribute to the conception of the
core ideas, theoretical formulations, experimental
design, data analysis, or the interpretation of the
results. We take full responsibility for the entirety
of the content within this paper.

Limitations

The performance of TITA is inherently bounded
by the discriminative capacity of the reward model,
while achieving the optimal trade-off between vi-
sual adherence and linguistic diversity necessitates
precise calibration of the guidance scale.
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Appendix

To ensure reproducibility, this supplementary material provides comprehensive technical details. Ap-
pendix A theoretically justifies using log-probability rewards for token-level guidance. Appendix B
formalizes our inference pipeline and Top-k Tokenizer Mapping. Appendix C details the experimental
setup, encompassing benchmark descriptions (Appendix C.1), granular results (Table 7), text-only LLM
generalization (Appendix C.2), and training strategies (Appendix C.3). Finally, Appendix C.4 analyzes
Visual Attention Dynamics to elucidate the mechanisms behind our performance gains.

A Theoretical Justification for Log-Probability Reward in VLMs

In this section, we provide a theoretical foundation for parameterizing the reward function as a log-
probability distribution, log 7, (y | ¢, I). We demonstrate that under the Bradley-Terry (BT) model, this
parameterization is not merely an approximation but a theoretically complete representation. Specifically,
we prove that for any valid reward function r, there exists a corresponding autoregressive distribution 7,
that induces an identical preference ranking over responses. This ensures that optimizing against log 7, is
mathematically equivalent to optimizing against the original reward r.

Theorem I. Let R denote the class of reward functions consistent with the Plackett-Luce model over
multimodal input (g, ). Then, for every r € R, there exists a probability distribution 7, (y | ¢, I) such
that the log-probability reward log 7, (y | ¢, ) belongs to the same preference equivalence class as r.
Moreover, this parameterization is unique within each equivalence class.

This result implies that using the autoregressive likelihood log 7, (y | ¢,I) as a surrogate reward
function in VLMs is not merely an approximation but a complete and expressive formulation under the
Plackett-Luce framework. Despite the complexity of multimodal grounding where visual evidence and
linguistic instructions jointly influence the response, the log-probability form preserves the full range
of expressible preferences encoded by reward functions in R. To formalize this claim, we first define
equivalence classes of reward functions based on the preference distributions they induce.

Lemma. (Adapted from (Rafailov et al., 2024)) Under the Plackett-Luce or Bradley-Terry model, two
reward functions r1(q, I, y) and r2(q, I, y) are equivalent if they induce the same pairwise preference
probabilities over responses:

exp(r(q, 1, y))
exp(r(q, I, y)) +exp(r(q, I, y'))’

Furthermore, any pair of equivalent reward functions leads to the same optimal policy in constrained
reinforcement learning settings.

Ply>=y'lql) =

Proof. Letr(q,I,y) € R be an arbitrary reward function. Define its normalized variant via the softmax
transformation:

7(q,1,y) := log Zezxfx(;gid’?i» =r(q,I,y) — loggjexp(r(q, I,z2)),

The corresponding conditional distribution is:

B exp(r(q,lyy))
Wr(y | q’I) - Zz eXp(T(C_IaL Z))’

and hence log 7, (y | ¢, 1) = 7(q, I, y).
We now show that #(q, I, y) and r(q, I, y) belong to the same preference equivalence class. Observe
that the transformation introduces only a constant shift:

r(q,1,y) — (g, 1,y) = log Y _ exp(r(q, 1, 2)),
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which is independent of y. Therefore, the pairwise preference between any two outputs remains unchanged:

exp(r(q, 1, y)) _ exp(7(q, 1, y))
exp(r(q, I, y)) +exp(r(q, I,y'))  exp(P(q,1,y)) +exp(i(q, I,y'))

Since the preference structure is preserved, the same ranking over outputs is induced, and thus the same
optimal policy is obtained when optimizing under such preferences. This confirms that log 7, (y | ¢, I) is
a faithful representative of the equivalence class defined by (g, I, y). ]

Theorem II.  All reward equivalence classes can be represented with the parameterization log 7, (y|q, I)
for some probability distribution 7. (y|q, I).

Proof Sketch.  Take any reward function r(q, I, y). Consider the following reward function

expr(q,1,y)
> .expr(q,1,z)

7(q,1,y) = log

expr(g,ly)
Zz expr(q,[,z) ’
Second, since r(q, I,y) —7(q,I,y) =log ). expr(q, I, z) does not depend of y, #(q, I, y) and r(q, I, y)

are equivalent. Therefore, 7(q, I,y) is a member of the equivalence class of (g, I, y) with the desired
form, and we do not lose any generality in our reward model from the proposed parameterization. (Il

First, #(q, I, y) is consistent with the parameterization log 7, (y|q, I) with m,(y|q,I) =

B Algorithms

Algorithm 1 formalizes the TITA pipeline, integrating multi-view preference construction, reward opti-
mization, and cross-tokenizer token-level guidance.

Algorithm 1 Token-level Inference-time Alignment

Require: Dataset with query prompts and images: D = {(gn, I.) }A—1; target model 7y; target model tokenizer T5; reward

model 7,; reward model tokenizer 7,; alignment hyper-parameter 3; inference query prompt and image: (¢*, I™); number
of output tokens T'; scaling factor \; Image augmentation methods { fx(-)}r—;, P is the softmax-derived token probability
distribution.

1: Dy + {} // Construct preference dataset D, for reward model training.

2: forn=1,...,Ndo

3:  for each augmentation methods fx(-) do

4: IF « fi(I) /I Augment images.

5: gE ~ 70 (+|qn, Iﬁ) /! Generate candidate response from augmented input.
6:  end for

7: yl' ~ 7o (-|gn, In) /l Loser response generated by the pretrained model.
8: Yoy ~ Fusion(g}” 92,0, g)ff) // Winner response generated from fusion candidate answers.
9: Dy <+ DpU(qn, In,yn,yr) /N Adding the triplet to the preference dataset.
10: end for
11: // Training the auto-regressive reward model 7.
12:

min ~B(q,1,y.,91)~D, [IOg o (B > log T (Yu,ilg, I, yw,<i) — BY logmr(yielg, I, yz,«))]
t t

13: // Token-level reward guidance during inference stage.
14: fort =0,...,7 — 1do
15:  if T # Tiage: then

16 BT < molule’, I y<)

17: // Logits mapping with top-k tokens.

18: V®) « top-k tokens with highest likelihood

190 PT(V)] « PIT. (V)]

20: Tdecode (Yt |q™ s ™, y<t) < mo(ye|lq™, ", y<t) (IP’[’Y; (V(k>)) A
21:  else N
22: 71'decode(yt|q>’<7 I*v y<t) < To (yt|q*7 ]*7 y<t) (]P)[/];(V)])
23:  endif

24: // Next predict token sampling:

25:  yi < top-1 token from logits Taecode (Ye|q™, I, y<t)
26: Y<t+1 + Y<t || Yt

27: end for

Ensure: Generated response y<:
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C Experimental Details

C.1 Evaluation Benchmarks

LLaVA-Bench (In the wild) (Liu et al., 2024b): A
challenging benchmark of 60 diverse tasks de-
signed to evaluate models in naturalistic settings. It
specifically tests visual instruction-following and
question-answering capabilities in real-world sce-
narios, offering insights into practical applicability.

MM-Vet (Yu et al., 2023): A comprehensive
evaluation suite comprising 218 diverse samples
that assess six core visual-language capabilities.
This benchmark uniquely integrates mathematical
reasoning, logical inference, and visual knowledge
understanding, providing a rigorous test of broad
multi-modal comprehension.

MM-Bench (Liu et al., 2025a): A large-scale
multi-modal benchmark with 4.7K samples, focus-
ing on visual knowledge and reasoning capabili-
ties. This dataset provides a balanced assessment
of both factual knowledge and analytical reasoning
in multi-modal contexts.

POPE (Li et al., 2023d): A specialized bench-
mark containing 8,440 samples designed to evalu-
ate model hallucination. It specifically tests models’
ability to provide accurate Yes/No responses about
object presence in images, serving as a critical mea-
sure of visual grounding reliability.

MME (Yin et al., 2023): A benchmark with 14
tasks assessing perception and cognition in LVLMs,
challenging interpretative and analytical skills.

SEED (Li et al., 2023b): A benchmark designed
to evaluate the generative comprehension capabil-
ities of large vision-language models (LVLMs).
It includes an extensive dataset of 19K multiple-
choice questions with precise human annotations,
spanning 12 distinct evaluation dimensions that
cover both spatial and temporal understanding
across image and video modalities.

ScienceQA (Lu et al., 2022): A multimodal
benchmark crafted to evaluate and diagnose the
multi-hop reasoning abilities and interpretability
of Al systems within the science domain. It fea-
tures an extensive dataset of approximately 21k
multiple-choice questions, spanning a broad spec-
trum of scientific topics and supplemented with
detailed answer annotations, associated lectures,
and explanations.

GQA (Hudson and Manning, 2019): A dataset
specifically engineered for advanced real-world vi-
sual reasoning, utilizing scene graph-based struc-
tures to generate 22 million diverse, semantically-

programmed questions. It incorporates novel eval-
uation metrics focusing on consistency, grounding,
and plausibility, thereby establishing a rigorous
standard for vision-language task assessment.

VizWiz (Gurari et al., 2018): A visual question
answering (VQA) dataset derived from naturalistic
settings, featuring over 31,000 visual questions. It
is distinguished by its goal-oriented approach, with
images captured by blind individuals and accom-
panied by their spoken queries, along with crowd-
sourced answers.

MMStar (Chen et al., 2024b): A benchmark of
1,500 test samples designed to address issues of low
vision—language alignment and potential training-
data leakage. It is carefully curated and spans 6
core capability areas and 18 fine-grained evaluation
axes.

CHAIR (Rohrbach et al., 2018): A well-
established benchmark for evaluating object hal-
lucination in image captioning tasks, with two vari-
ants: CHAIR,; and CHAIR,, which assess halluci-
nation at the instance and sentence levels, respec-
tively. we randomly sampled 500 images from the
COCO (Lin et al., 2014) validation set and evalu-
ated object hallucination using the CHAIR metric.
Note that a lower CHAIR score indicates fewer
hallucinations, which implies better alignment be-
tween the captions and the actual content of the
images.

Number of hallucinated objects
CHAIR; =

Number of all mentioned objects ’

Number of captions with hallucinated objects

CHAIR; =
i Number of all captions

C.2 Additional Detail Results

Granular Performance Breakdown. Table 7
provides a granular breakdown across three rep-
resentative benchmarks. Specifically, MM Vet
assesses seven capabilities (including reasoning,
OCR, spatial, and math); MMBench evaluates mul-
tilingual knowledge via English and Chinese sub-
sets; and POPE tests hallucination robustness under
random, popular, and adversarial settings. Across
these diverse dimensions, TITA consistently im-
proves upon the baselines.

Cross-Domain Generalization to Text-only
LLMs. To validate the broader applicability of
TITA, we extend our token-level alignment to text-
only Large Language Models (LLMs) via a weak-
to-strong paradigm. By employing a 1B reward
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Table 7: Detailed performance breakdown on MM Vet, MMBench, and POPE benchmarks.

Model MM Vet MMBench POPE
All rec ocr know gen spat math en cn All rand pop adv

Backbone: LLaVA-1.5-7B

Base 305 35.7 219 17.7 19.7 247 7.7 643 583 859 89.5 86.7 81.7
+ Fact-RLHF(Sun et al., 2023) 31.4 36.5 227 181 209 323 7.7 634 56.8 81.5 86.5 839 83.0
+ CSR(Zhou et al., 2024c¢) 339 372 233 219 245 277 7.7 655 594 86.8 894 874 83.6
+ SeVa(Zhu et al., 2024) 37.2 402 299 21.8 239 343 7.7 656 592 86.7 894 87.1 83.6
+ Critic-V(Zhang et al., 2025a) 35.7 37.6 28.1 21.0 225 285 7.7 64.0 585 865 88.1 864 83.5
+ TITA (Ours) 39.1 448 312 30.7 345 36.0 7.7 655 592 91.7 92.6 93.0 90.2

Backbone: LLaVA-1.5-13B

Base 354 389 322 233 248 29.7 248 677 63.6 859 89.6 86.5 82.0
+ Fact-RLHF (Sun et al., 2023) 32.6 41.2 28.9 228 23.7 34.1 252 647 58.0 86.7 894 875 825
+ CSR(Zhou et al., 2024c¢) 37.8 41.0 325 246 30.1 32.8 248 688 0645 873 894 88.1 82.2
+ SeVa(Zhu et al., 2024) 41.0 454 328 324 367 37.0 254 68.7 648 874 90.5 89.0 82.7
+ Critic-V(Zhang et al., 2025a) 39.2 39.5 30.0 257 29.2 347 246 66.7 62.0 80.1 90.3 882 82.6
+ TITA (Ours) 423 448 362 33.1 385 39.0 248 682 642 92.6 932 93.7 91.0

model (Llama-3.2-1B-Instruct) to guide larger tar-
get models (Llama-3.1-8B and 70B), TITA con-
sistently enhances reasoning and conversational
abilities (Table 8). Notably, steering the 70B model
with the 1B reward yields a +4.4% gain on MMLU
and +0.16 on MT-Bench. This confirms that our
explicit token-level guidance captures generalized
alignment principles extending well beyond the
vision-language domain.

Table 8: Cross-Domain Robustness: TITA is applied to
text-only LLMs via weak-to-strong alignment, utilizing
a fine-tuned Llama-3.2-1B-Instruct as the reward model
to steer larger Llama-3.1 models.

Model MMLUT MT-Bench?!
Llama-3.1-8B-Instruct 69.4 7.64

+ TITA (1B RM) 74.8 8.51
Llama-3.1-70B-Instruct 82.0 8.98

+ TITA (IB RM) 86.4 9.14

C.3 Experimental Setup

Image augmentation strategies To assess the
impact of augmentation strategies, we analyzed 12
widely used techniques (Chen et al., 2020; Grill
et al., 2020; He et al., 2020) (Figure 5). We found
that overly aggressive methods (e.g., strong diffu-
sion noise) hindered feature learning, while overly
simple ones (e.g., random flipping) offered limited
gains. Accordingly, we adopted a balanced com-
bination of three effective augmentations with the

Original W/ Augmentation Strategies

PR
f &

POPE Score
s 2 a s

2 OO O

Figure 5: Comparison of 12 data augmentation strate-
gies applied to LLaVA-1.5, including various geometric
and color transformations as well as contrast learning
enhancement methods. By analyzing these methods, the
goal is to find the combination that best improves the
performance of VLMs.

S &

MMVet Score
s,
%
53
I
4 MMBench Score
o 8 s 5 8 3 8 3

(a) MMVet

(b) MMB

(c) POPE

original images.

By applying these techniques to the original im-
ages, we produce multiple distinct responses which
are then synthesized into a comprehensive final
output. This approach enhances model robustness
by introducing controlled variations in visual in-
put while maintaining semantic consistency. The
augmentation strategies include: (i) Diffusion-W
(Weak): Introduces gaussian noise with 200 diffu-
sion steps, offering a more moderate level of visual
distortion. (ii) Contrast: Enhances image contrast
by a factor of 2, accentuating visual boundaries and
feature differences. (iii)) Gamma: Performs gamma
correction at a value of 0.8, lightening dark regions
in the image. (Note that gamma values above 1
make shadows darker, while values below 1 make
dark regions lighter).
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Enhancing Visual-Language Consistency: Token Attention in Object Recognition Tasks
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Figure 6: Visualization of attention shifts during object generation. The baseline LLaVA-1.5-7B often exhibits
low or diffuse attention on relevant visual tokens, leading to hallucinations. TITA effectively steers the model to
allocate higher attention weights to visual evidence, thereby ensuring the generated text is visually grounded.

C.4 Deep Dive into Visual Attention Dynamics

To understand why hallucinations emerge in VLMs and why TITA’s decoding guidance is effective, we
analyze how the model processes visual information during object-token generation. Prior work suggests
(Lietal., 2023a; Zhu et al., 2023; Hurst et al., 2024; Shen et al., 2025) that VLMSs rely heavily on linguistic
priors, often before visual evidence is fully incorporated. Inspired by the attention diagnostic framework
(Jiang et al., 2025), we conduct an independent layer-wise evaluation to contrast the dynamics of real
tokens versus hallucinated tokens. We examine (a) the visual attention ratios (VAR) across layers and
heads, and (b) the logit contribution of attention sublayers to the final object prediction.

This section provides a deeper investigation into the internal mechanisms of hallucination and the
corrective effect of TITA. We focus on two aspects: (1) specific attention patterns in generated responses,
and (2) statistical trends in attention distribution across model layers.

Response-Token Attention Visualization. Figure 6 compares the attention weights of generated tokens
over image features for both the baseline LLaVA-1.5-7B and the TITA-guided inference. In the baseline
case (top row), the model fails to attend to specific visual regions when generating object-related tokens
(e.g., “car”), leading to hallucinations where the text describes objects absent from the image. Conversely,
TITA (bottom row) produces sharper attention maps that tightly align with the corresponding visual objects.
This qualitative evidence suggests that the token-level reward model explicitly penalizes ungrounded
generation, forcing the decoding process to respect visual boundaries.

Layer-wise Analysis of Visual Grounding. To understand why hallucinations emerge in VLMs and
why TITA’s decoding guidance is effective, we analyze how visual information is processed during
object-token generation, using Qwen3-VL as our representative base model. Prior work suggests (Li et al.,
2023a; Zhu et al., 2023; Hurst et al., 2024; Shen et al., 2025) that VLMs rely heavily on linguistic priors,
often before visual evidence is fully incorporated. Inspired by the attention diagnostic framework (Jiang
et al., 2025), we conduct an independent layer-wise evaluation on Qwen3-VL to contrast the dynamics of
real tokens versus hallucinated tokens. We examine (a) the visual attention ratios (VAR) across layers and
heads, and (b) the logit contribution of attention sublayers to the final object prediction.
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(a) The visual attention ratios (VAR) across layers and heads
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(b) The logit contribution of attention sublayers
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moment outdoors. Positioned on the left side of the frame, a young child is looking (2 Real Tokens) (2 Hallucinated Tokens)
directly at the camera with a curious or slightly mischievous expression. They are
wearing a red baseball cap, a striped short-sleeved shirt, and denim overalls. A 40
pacifier is in their mouth, and they are holding a small object (possibly a toy or 15
piece of grass) in their right hand. On the right side of the frame, a white goose with 30

an orange beak and feet stands on the grass, looking away from the camera,

seemingly unfazed by the child. The scene takes place in a wide, open grassy field

under a bright, sunny sky. In the background, there are scattered trees and shrubs,

including some tall, slender palm-like trees, and a body of water, possibly a lake or

pond, is visible in the far left. The overall setting appears to be a park, a nature 10

reserve, or a rural area. The image has a warm, slightly faded color palette and

grainy texture, istic of older film p y. The ition places 0

the child and the goose as the main focal points, creating a sense of innocent

interaction between a child and nature, ultimately evoking a feeling of childhood

wonder and the simple, unscripted moments of life. 0 10 20
Layer

30 0 10 20 30

Figure 7: Visual Attention Dynamics: Real vs. Hallucinated Tokens. (Left) An example image and generated
text, highlighting accurate groundings (child, goose) and hallucinations (toy, lake). (Right) Layer-head distribution
of visual attention ratios (VAR) and mean logit contributions for real tokens (blue) versus hallucinated tokens (red).
While hallucinated tokens exhibit visual attention in middle layers, their visual representations fail to translate into
strong predictive signals in the upper layers, allowing linguistic priors to dominate.

As illustrated in Figure 7, contrasting the behavior of real tokens (blue) with hallucinated tokens (red)
reveals a distinct two-stage processing pattern and the fundamental mechanistic cause of hallucinations.
For accurately grounded tokens, the middle layers (e.g., layers 11-27) assign high and broadly sustained
attention to image tokens, establishing a robust visual evidence accumulation stage. Following this, the
upper layers (e.g., layers 24-35) exhibit a sharp, high-magnitude rise in logit contribution (peaking near
20), acting as a semantic refinement stage where these visual representations strongly dictate the final
token prediction.

However, the dynamics of hallucinated tokens reveal a critical breakdown in this pipeline. As seen in
the red distributions, while hallucinated tokens do trigger concentrated visual attention in a narrower band
of middle layers (layers 15-23), this accumulation fails to be effectively propagated. Most tellingly, during
the semantic refinement stage, the logit contribution from the visual attention sublayers is significantly
weaker and highly unstable (peaking at merely half the magnitude of real tokens). Because the visual
module fails to provide a dominant and decisive predictive signal, the generation process is inevitably
hijacked by the model’s internal parametric knowledge (linguistic priors), resulting in outputs driven by
textual bias rather than grounded visual facts.

TITA addresses this exact vulnerability. By serving as a dense, token-level guide, it intervenes to
reinforce and sustain the visual signal across the generation trajectory. By ensuring that the refinement
stage receives a robust, high-magnitude visual conditioning that overpowers ungrounded textual bias,
TITA fundamentally curtails the propensity for hallucination.
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