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Fig. 1: Left: TARS, a token-adaptive preference strategy for mitigating hallucinations
in MLLMs, recasts DPO as a min-max objective: (1) minimizing behavioral misalign-
ment via structured preference feedback and (2) maximizing distributional adaptability
by perturbing visual-agnostic tokens. Right: On LLaVA-v1.5-13B under AMBER |[69],
TARS improves over preference-optimization baselines and approaches GPT-4o [31] on
key hallucination metrics.

Abstract. Multimodal large language models (MLLMs) often halluci-
nate, producing fluent but visually ungrounded outputs, partly because
direct preference optimization (DPO) overfits to superficial linguistic
cues under static preference supervision. We propose TARS, a token-
adaptive preference strategy that reformulates DPO as a min-max op-
timization problem: the inner maximization perturbs visual-agnostic to-
kens to induce worst-case distributional shifts, while the outer minimiza-
tion enforces alignment with causal visual signals rather than surface-
level patterns. A spectral alignment loss further regularizes hidden rep-
resentations in the frequency domain via the Fast Fourier Transform
(FFT). With only 4.8k preference samples and no expert feedback, TARS
halves the hallucination rate (26.4% — 13.2%) and reduces the cognition
score from 2.5 to 0.4, outperforming standard DPO. It also surpasses 5x
larger LLM-based data augmentation (28.8k samples; Hal-Rate 16.0% vs.
13.2%) and narrows the gap to GPT-4o, suggesting that token-adaptive
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optimization improves data efficiency beyond simply scaling augmented
preference data.

Keywords: Multimodal Large Language Models - Hallucination - Pref-
erence Optimization

1 Introduction

Multimodal large language models (MLLMs) extend the reasoning capabilities
of LLMs [13,26,35,70] to visual inputs, enabling grounded vision-language un-
derstanding [23,30,66]. Despite strong performance across diverse tasks [36,60],
MLLMs remain prone to hallucinations, producing outputs that appear plausible
but are factually incorrect or lack visual grounding [27,29,34,37,57]. Mitigating
such failures is crucial for deploying reliable MLLMs.

Modern MLLMs follow a two-stage pipeline of knowledge pretraining [5, 19,
79] and instruction tuning [40,41]. Hallucinations often stem not from knowl-
edge deficits but from behavioral biases that produce plausible yet ungrounded
outputs [11,47]. Preference optimization (PO) addresses this by fine-tuning with
ranked response pairs from human [49,64] or AI feedback [61, 78], aligning out-
puts with factual expectations [2,58]. Direct preference optimization (DPO) [53]
is widely used for hallucination reduction [24,75], yet current methods can over-
fit to shallow textual cues such as high-frequency phrases [29, 43], generating
plausible but visually ungrounded responses (Fig. 2(c)). Our analysis (Fig. 2(d))
further reveals that DPO-trained models assign high preference to outputs with
spurious correlation tokens (e.g., prepositions or frequently mentioned objects)
that lack visual grounding [67,72]. This reliance on static preference signals
hinders generalization under shifting visual-textual contexts, leading to brittle
alignment and increased hallucination [24, 59].

We formulate this challenge as a min-max token-adaptive alignment
problem: maximizing distributional variation under semantic constraints, then
minimizing preference loss under these perturbations. A natural alternative is
data augmentation, which diversifies the preference distribution by generating
additional training pairs. However, our experiments (Sec. 4.7) show that even
5x LLM-based augmentation (28.8k samples) underperforms TARS using only
the original 4.8k samples (Hal-Rate: 16.0% vs. 13.2%). This result suggests that
adversarial token perturbation improves this alignment setting more effectively
than simply scaling augmented preference data. The key distinction is that data
augmentation enriches the data distribution, whereas TARS actively reshapes
the optimization landscape: the inner maximization dynamically generates
worst-case token configurations per sample, forcing the outer minimization to
learn alignment features that are invariant to distributional shifts rather than
memorizing surface-level patterns.

Specifically, we perturb visual-agnostic tokens, i.e., textual elements with
minimal cross-modal grounding, to shift the input distribution without alter-
ing semantic content. This forces the model to rely on causally grounded visual
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Fig. 2: Motivation illustration for TARS. (a) and (b) illustrate standard DPO and our
token-adaptive perturbation strategy. (c) shows a VQA example where DPO halluci-
nates, while TARS effectively avoids ungrounded output. (d) and (e) visualize token-
to-query attention maps during autoregressive decoding. DPO over-attends to spurious
tokens, while TARS attends to causally grounded visual-semantic cues.

signals rather than superficial correlations (Fig. 2(b)). Supervising perturbed
representations requires maintaining semantic consistency without rigid token-
level correspondence. Standard spatial constraints (e.g., 2 or contrastive losses)
indiscriminately penalize any positional deviation equally, reintroducing the spu-
rious correlations our perturbation aims to eliminate [65,83]. We instead propose
a novel spectral alignment loss via the Fast Fourier Transform (FFT). Under
the shift property of the Discrete Fourier Transform, a local token perturba-
tion at position ! contributes a bounded additive term proportional to e 27!/ L
to each frequency bin k, regardless of [ [18]. This means spectral magnitudes
vary smoothly under local perturbation, whereas spatial metrics (¢, cosine) ex-
hibit sharp discontinuities at the perturbed positions. Meanwhile, the dominant
low-frequency components capture global semantic structure (e.g., topic, intent,
visual grounding), while high-frequency components encode position-dependent
lexical details [73,80]. This makes frequency-domain alignment a theoretically
principled choice for preserving global semantic invariance while tolerating the
local distributional shifts inherent in our min-max formulation (Sec. 3.3).

We refer to this approach as TARS (token-adaptive preference strategy),
a lightweight and generalizable approach that enhances preference learning by
combining adaptive token perturbation with frequency-domain spectral regular-
ization. We evaluate TARS on LLaVA-v1.5 [42] at 7B and 13B scales across
generative and discriminative hallucination benchmarks. TARS achieves strong
performance across all benchmarks and matches or exceeds GPT-40 [31] on se-
lected hallucination metrics, supporting the effectiveness of token-adaptive pref-
erence optimization. Our contributions are as follows:

— We reformulate preference learning as a min-max optimization that dynam-
ically generates worst-case token perturbations per sample, reshaping the
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optimization landscape rather than augmenting data. With only 4.8k sam-
ples, TARS outperforms 5x LLM-based augmentation (28.8k samples).

— We propose a spectral alignment loss via FFT that preserves global se-
mantic structure in dominant low-frequency components while tolerating
local distributional shifts from token perturbation, avoiding spurious posi-
tional correlations reintroduced by spatial constraints (e.g., £2, cosine).

— We present TARS, combining adaptive token perturbation with spectral
regularization. Using only 4.8k samples without expert feedback, TARS
strongly reduces hallucinations and matches or exceeds GPT-40 on selected
hallucination metrics while preserving general reasoning capabilities.

2 Preliminaries

Multimodal Large Language Models. MLLMs extend LLMs by incorpo-
rating visual inputs alongside textual prompts [79]. Formally, given an image x
and a prompt ¢, the model generates a textual response y = (y1,...,y;) in an
autoregressive manner [42]:

ye ~ mo(ye | y<i, 7, q), (1)

where my denotes the conditional generation policy parameterized by 8. Given
a textual input ¢ and a visual input z, the model tokenizes them into discrete
sequences: textual tokens ¢ = {q1,...,¢n} and visual tokens = = {z1,...,2,}.
In practice, a pretrained vision encoder extracts patch-level features from the
image, which are projected into the language model’s embedding space through
a learnable alignment module. These tokens are mapped to embeddings and
fused via cross-attention to integrate semantic signals from both modalities.
The resulting multimodal context is then used by the decoder to autoregressively
generate the output sequence [20,74].

Direct Preference Optimization. Direct preference optimization (DPO) [53]
is an effective and widely adopted approach for aligning model behavior with
human preferences. It bypasses explicit reward models by directly optimizing
preferences from pairwise comparisons.

Traditional methods such as reinforcement learning with human feedback
(RLHF) [49] and AI feedback (RLAIF) [78] rely on training a scalar reward
model 7y (z, q,y) from preference pairs. This reward model is typically trained
using the Bradley-Terry formulation [7]:

exp(ry (2, ¢, Yuw))
exp(ry (2, ¢, yw)) + exp(ry (2, ¢, yr)) (2)
=0 (rlb(mv qayw) - Tw(xvqa yr)) )

P(yw>'yr|xaQ):

where (z,q,Yw,yr) is sampled from the preference data distribution D, and
o(z) = HT;(%) denotes the sigmoid function. y,, and y, denote the preferred
and dispreferred responses, respectively. The reward model 7y (z,¢,y) is then
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trained to maximize the log-likelihood of correctly ranking the preferred response
over the dispreferred one during optimization:

Hﬁin ]E(:v,q,yw7y,.)~D [_ log o (le (Z‘, q, yw) — Ty (ma q, y'r))] . (3)

After training, the learned reward model 7y (x,q,y) is used to guide the fine-
tuning of the policy my. Specifically, the policy is optimized to generate high-
reward responses while minimizing divergence from a fixed reference policy mcf,
typically using KL-regularized objectives:

min By ), ye oy [ = (70 (2, 0,97) = - D (mo(y” | 2,9) [ met(y™ | 2,9)))]. (4)

where a controls the strength of KL regularization, which ensures alignment
with the learned preferences. Rather than relying on the explicitly trained reward
model, DPO [53] simplifies the learning process by leveraging the insight that
the optimal policy can be expressed in closed form using relative log-likelihoods
under mg and e

; o (Yw|2,q) 7o (yr|®,q)
min E(2.q,50.5.)~D| — log o(alog % —alog %)] (5)

This formulation enables direct policy optimization from preference pairs, align-
ing the output probabilities with human preferences and improving alignment
stability and sample efficiency compared to RL-based approaches.

3 Method

We propose a token-adaptive min-max strategy with perturbations on visual-
agnostic tokens and a frequency-based regularizer for improved alignment. An
overview is shown in Fig. 3, and the detailed algorithm is provided in Supplemen-
tary Section 8. We first define notation used throughout: x denotes the visual
input, ¢ = {q1,...,qm} the tokenized textual prompt, y,, and y, the preferred
and dispreferred responses, 7y the trainable policy, m.f the frozen reference pol-
icy, and D the preference dataset.

3.1 Min-Max Reformulation of DPO

To address the limitations of traditional DPO, we reformulate preference opti-
mization as a token-adaptive min-max game. The inner maximization introduces
a controlled token-level perturbation function ¢(-), which modifies selected to-
kens in the prompt ¢ to induce input distribution shifts. The outer minimization
then aligns the policy my with preference signals under these perturbations. For-
mally, we define the min—max preference objective as:

i ]E ~ L: b} y JwHy Ir i 6
min max  E,q,,.0,)~0 [Lrans (@ ¢(0); v, r)] (6)
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Fig. 3: Overview of TARS. TARS reformulates preference optimization as a Min—
Max problem: (1) The maximization branch perturbs visual-agnostic tokens to simulate
semantically shifted contexts (red dashed box); (2) The minimization branch fine-tunes
the model to align with human preferences via the DPO objective (purple dashed box).
TARS encourages the model to attend to causally grounded visual signals rather than

spurious correlations, thereby reducing hallucinations.
where ¢ is constrained to modify only visually agnostic tokens. Specifically, #(.A)

denotes the set of admissible perturbation functions: ¢(A) = {¢ | {i | ¢(q;) #
¢} C A(z,q)}, where A(z,q) is the set of token indices identified as visually
agnostic (defined in Eq. (9)). This min—max objective promotes preference align-
ment under distributional shifts, helping to mitigate spurious correlations and
reduce hallucinated outputs.

3.2 Maximizing with Token Perturbations

As shown in Eq. (5), DPO aligns models with preferred responses via log-
likelihood ratios against a reference model. However, we observe that this formu-
lation can encourage overfitting to superficial patterns such as frequent phrases
and stylistic tokens, which in turn reduce effective alignment with the visual
context and hinder robust multimodal understanding [24,59].

To counter this, we apply token-wise maximization to introduce distribution
shifts and reduce overfitting to preference signals. Formally, we define:

¢(q) = arg max Sim(¢(q), q), (7)
pedP(A)

where @(A) denotes allowable perturbations constrained to A(z, ¢), and Sim(e(q), q)
measures token-level deviation. In practice, we approximate ¢*(¢q) by applying
token-level transformations:

0(q) = {I[i € A(z,q)] - p(q;) +1[i ¢ Alz, )] - a: 17, , 8)

where ¢(g;) denotes the perturbed token, constructed using either masking (re-
placing with [MASK]) or synonym substitution; implementation details are pro-
vided in Supplementary Section 7.2. I[-] is the indicator function. This approx-
imation simulates worst-case alignment uncertainty while preserving semantic
integrity.
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To preserve semantics, we restrict changes to visual-agnostic tokens with min-
imal impact on cross-modal alignment. We compute token-level visual relevance
using a visual encoder G,(-) and a text encoder G(-) (both instantiated by the
CLIP encoder [52]) as the cosine similarity between visual features G, (z) € R?
and each token embedding G;(¢;) € R?. We then identify a set A of N; visually
agnostic tokens with the lowest cross-modal alignment scores:

A= TOPN,,( - gv(x)gt(Qi)T)a Ny=|w- AP +1. (9)

where |-] denotes the floor operation and w is a scaling coefficient controlling
perturbation intensity. The matrix P € R™ is the negated similarity score vector,
with P; = =G, (z) - Gi(¢;)". The confidence margin AP = max; P; — maxy; Py
quantifies the predictive uncertainty of the cross-modal alignment: confident
predictions (large AP) lead to fewer perturbations, while greater uncertainty
(small AP) induces broader variation. Supplementary Section 9.5 compares this
adaptive selection strategy against random and uniform perturbation baselines.

3.3 Spectral Regularization for Token Alignment

Token-level perturbation introduces distribution shifts, yet the supervision from
preference pairs (yy, ¥r) is static. This discrepancy may cause the model to learn
distribution-specific artifacts under strong alignment constraints [17,24].

We align in the frequency domain rather than in the spatial domain (e.g.,
l3). The key motivation is that a spatial loss ||z — z’||2 penalizes every positional
deviation equally; when specific tokens are perturbed, this rigid constraint rein-
troduces spurious positional correlations [65,83]. In contrast, by the shift prop-
erty of the Discrete Fourier Transform, perturbing a single token z; affects every
frequency bin k by an additive term proportional to e 27*!/L whose magni-
tude is bounded regardless of [. The spectral representation thus absorbs local
perturbations into a smooth global envelope, preserving dominant low-frequency
semantics while tolerating position-specific noise [18].!

Concretely, we extract hidden states for (z, ©(q), y») and contrast them with
(7,q,90) and (z,q,9,). Let z € REXP denote a hidden-state sequence. The
spectral representation is:

F(2)k = ||Re , k=0,...,L—1. (10)

2

L—1
§ 216727rzkl/L

=0

where the FFT is applied along the token axis, Re[] extracts the real part, and
| - ||l2 vields a scalar spectral summary. The spectral preference loss is:

F(h s JYw F(h s S Yr
Loroq = — 1oga<6 [log ZXgpadied) — log 4&25&?‘3,@%?]) (11)

! Supplementary Section 9.3 provides a formal analysis of spectral alignment under
token-level adversarial perturbation.
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Here hy(-) and hyet(+) are hidden states from the policy and reference models, and
B is a scaling temperature. This objective extends DPO alignment to the spec-
tral domain, improving frequency-aware consistency and reducing hallucinations
from overfitting to fixed preferences.

3.4 Minimization Objective in TARS

We integrate the standard DPO loss with spectral regularization to yield the
final TARS training objective. Given a perturbed input ¢(g) obtained from the
inner maximization, and its original counterpart ¢, the overall loss is defined as:

Lrars(z,q,9(9); Yw, Yr) = Loro (@, 0(), Yuw: Yr)
+ A Efreq(xa q, SO(Q); Yw, yr)'

where A is a weighting coefficient that balances preference alignment and spectral
consistency. This joint formulation explicitly encourages the model to preserve
causal alignment with preference signals under adversarial perturbation, thereby
mitigating spurious correlation. Extended ablation studies on the sensitivity of
w and X are presented in Supplementary Sections 9.1 and 9.2.

(12)

4 Experiments

4.1 Experiment Details

Experiment Setups. We evaluate our approach on the multimodal LLM LLaVA-
v1.5 [42] at both 7B and 13B scales, and on Muffin-13B [24, 76| (Supplementary
Section 11). All methods are performed with greedy decoding and a temperature
of 0.

For fair comparison, we carefully align our training configuration with the
most data-efficient preference optimization baselines. Specifically, we randomly
sample 4.8k instances from the RLHF-V-Dataset [77], consistent with OPA-
DPO [75], and adopt the same training strategy as CHiP-DPO [24]. All models
are trained on eight NVIDIA A100 (80GB) GPUs with identical hyperparame-
ters. We set a = 1 in Eq. (5) and =1 in Eq. (11) for preference optimization.
We implement ¢(-) using both token masking (Mask) and replacement (Replace)
strategies in Eq. (8), and set the perturbation constraint strength to w = 0.1 in
the adversarial min-max formulation Eq. (9). We use a frequency-domain loss
weight of A = 0.1 in Eq. (12). Full implementation details and ablation studies
are reported in the supplementary material.?

Evaluation Benchmarks. We evaluate TARS across four established hal-
lucination benchmarks spanning generative and discriminative settings: AM-
BER [69] for fine-grained generative hallucination (CHAIR [54], Cover, Hal-Rate,
Cog), MMHal [63]| for VQA hallucination scored by GPT-4V, OBJHal [77] for

2 See Supplementary Sections 7, 9.1, and 9.2 for configurations and hyperparameter
ablations.
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Table 1: Comparison across benchmarks. We evaluate SOTA MLLMSs as references,
denoted by §. For algorithms with available checkpoints, re-tested results are marked
with f; for those without, we reproduce results using settings from [24, 38|, denoted by
1. Bold denotes the best performance, and underlined denotes the second-best.

. AMBER MMHal POPE OBJHal
Algorithm
CHAIR| Coverf Hal-Rate| Cog| Scorel Hal-Rate| Acct Pret CRs| CR;l
Intern-VL2.5-7B [16]° 7.9 54.7 37.1 3.2 354 0.26 - - 36.0 9.1
Qwen-VL2.5-8B [3]° 4.6 54.6 21.1 1.3 3.29 0.27 - - 40.7 8.6
DeepSeek-VL2-27B [71]° 2.4 56.6 16.3 0.9 284 0.27 - - 10.0 7.0
GPT-4o [31]% 2.5 60.9 17.6 0.8 3.87 0.24 - - 29.3 6.7
LLaVA-v1.5-7B [42]} 7.6 51.7 35.4 4.2 2.02 0.61 80.0 61.8 54.0 15.8
+ RLHF [64] 8.3 52.2 41.8 4.5 1.93 0.67 82.0 69.3 56.0 15.2
+ RLAIF [78]* 3.0 50.3 16.5 1.0 2.89 0.42 88.1 88.0 13.7 4.2
+ HALVA [56]T 6.9 52.8 33.2 3.5 212 0.59 87.5 79.6 47.3 14.6
+ DPO [38]F 4.9 56.6 26.4 2.5 219 0.61 87.8 82.0 14.0 5.0
+ CHiP-DPO [24]} 2.9 57.3 19.9 1.0 232 0.57 81.1 91.8 7.3 4.3
+ OPA-DPO [75] 2.7 474 12.5 0.9 2.78 0.46 87.4 86.2 13.3 4.5
+ TARS (Mask) 24 59.6 13.2 0.4 248 0.45 88.7 97.5 12.0 3.2
+ TARS (Replace) 2.1 59.3 14.9 0.7 2.54 0.46 87.9 97.0 134 3.3
LLaVA-v1.5-13B [42]} 6.7 52.1 32.5 3.5 239 0.53 74.6 55.2 50.0 14.5
- RLHF [64]i 7.1 51.4 36.3 3.6 210 0.67 83.6 71.2 46.7 11.6
+ HALVA [56] 6.5 53.4 30.1 3.3 228 0.56 86.8 75.6 42.7 12.1
- DPO [38]i 4.1 56.7 24.3 2.2 248 0.50 85.2 84.3 19.0 7.2
+ CHiP-DPO [24]} 3.8 58.6 20.8 1.7 270 0.46 86.6 74.9 30.0 6.2
- OPA-DPO [75]“ 2.8 48.4 13.5 1.0 3.02 0.40 87.2 80.7 183 5.1
+ TARS (Mask) 2.1 59.8 12.5 0.6 2.89 0.45 87.6 93.0 14.6 2.8
+ TARS (Replace) 2.1 59.4 13.6 0.7 2.63 0.47 86.9 92.5 14.9 3.4

captioning hallucination (response-level CR; and object-level CR;), and POPE [39]
for binary discriminative object hallucination. Detailed benchmark descriptions
and evaluation protocols are provided in Supplementary Section 7.3.

Baseline Methods. We compare against two categories:

(1) Advanced multimodal foundation models: Intern-VL2.5-7B [16], Qwen-
VL2.5-8B [3], DeepSeek-VL2-27B [71], and GPT-4o [31].

(2) LLaVA-v1.5 with RL techniques: We evaluate multiple RL-based ap-
proaches applied to both the 7B and 13B variants of LLaVA-v1.5, including
RLHF [64], RLAIF [78], HALVA [56], as well as three state-of-the-art methods
based on direct preference optimization (DPO): DPO [51], CHiP-DPO [24], and
OPA-DPO [75]. A comparison of algorithmic properties is provided in Tab. 4.

4.2 Evaluation on Hallucination Benchmarks

Tab. 1 presents results across four hallucination benchmarks. We adopt token
masking and synonym replacement as perturbation strategies; extended results
on Muffin-13B are reported in Supplementary Section 11.

(1) Consistent hallucination mitigation across benchmarks. On the 7B
scale, TARS lowers the AMBER Hal-Rate from 35.4% to 13.2% (-22.2 pp) while
raising Cover from 51.7% to 59.6% (+7.9 pp) and reducing Cog from 4.2 to 0.4.
On OBJHal, CR¢ drops sharply from 54.0% to 12.0%.



10 K. Zhang et al.

[ LlavA [ DPO I TARS

Average Score
o - N w S w

Overall Attribute Object Comparinson  Counting Relation  Environnment Description Others

Fig. 4: Comparison of average scores across question categories on MMHal. TARS
achieves consistently higher scores, demonstrating stronger visual grounding.

Table 2: Ablation of token-level perturbation — oo
=&~ TARS (7B =& DPO (7B

(TP), cross-modal alignment score (CAS),g y TARS (138) DPO (138)

and spectral preference alignment (SPA).

w
S

N
&

Hallucination Rate (%

. AMBER OBJHal
Algorithm 2
Covert Hal-Rate| Cogl CRs| CR;il
LLaVA-v1.5-7B [42] 51.7 35.4 42 540 158 TP
TARS 596 132 04 120 32 0.0 0.3 0.6 12 18 2.4 3.6 4.8
. Preference Data Scale (k)
w/o TP 56.6 26.4 2.5 140 5.0
w/o CAS 55.9 17.7 1.3 127 35
w/o SPA 58.3 15.1 07 125 37 Py . : :
/ ig. 5: Comparison of AMBER halluci-
w/o CAS&SPA 55.1 18.5 1.5 126 3.8 g p

nation rate versus preference data scale.

(2) Strong data efficiency under limited supervision. Using only 4.8k
public preference samples without expert feedback (Tab. 4), TARS outperforms
OPA-DPO on AMBER-13B in both Cover (+11.4 pp) and Hal-Rate (—1.0 pp).
(3) Scalability across model sizes. From 7B to 13B, CHAIR improves from
2.4 to 2.1, Hal-Rate drops from 13.2% to 12.5%, and Cog stays below 0.7. TARS-
13B consistently surpasses all 13B baselines by 1.0-1.5 pp in Hal-Rate.

(4) Competitiveness with larger proprietary models. At 13B, TARS ap-
proaches GPT-4o in Cover (59.8% vs. 60.9%) while achieving a notably lower
Hal-Rate (12.5% vs. 17.6%), and remains competitive with DeepSeek-V1.2-27B
in both metrics despite its smaller scale. POPE accuracy reaches 88.7% (+8.7 pp
over LLaVA-7B), confirming preserved factual grounding.?

4.3 Ablation Analyses on Component

We analyze the key TARS components through ablations in Tab. 2, focusing on
three elements:

(1) Token-level perturbation (TP) in Eq. (6), which introduces distribu-
tional shifts and proves essential for revealing token-level vulnerabilities and
improving robustness. Removing it substantially increases Cog from 0.4 to 2.5,
highlighting its critical role in capturing fine-grained alignment uncertainty.

(2) Cross-modal alignment score (CAS) in Eq. (9), which targets visually
agnostic tokens to preserve semantic fidelity. Its absence leads to a 4.5-point
increase in hallucination and a 0.9 rise in Cog, indicating weaker suppression of
spurious correlations and reduced visual grounding. Supplementary Section 9.5

3 Fine-grained AMBER and multimodal-understanding breakdowns are provided in
Supplementary Sections 10.1 and 10.2.
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Fig.6: Distribution of hidden representations across preference-aligned, non-
hallucinated, and hallucinated responses of different MLLMs. Top and right margins
show marginal distributions along key feature dimensions. We extract representations
from 100 preference training instances and 200 AMBER inputs across text and vision
modalities. Responses to AMBER inputs are categorized as non-hallucinated or hallu-
cinated based on factual coherence. TARS aligns with preference data while avoiding
overfitting to spurious correlations, demonstrating superior factual fidelity.

directly compares adaptive and random /uniform token selection, confirming the
necessity of the proposed mechanism.

(3) Spectral preference alignment (SPA) in Eq. (11), which regularizes
frequency-aware consistency across token representations. Removing it increases
the hallucination rate by 1.9 points and CR; from 3.2 to 3.7, suggesting degraded
fine-grained factual grounding and less stable preference alignment. Supplemen-
tary Section 9.4 compares spectral alignment against spatial alternatives ({s,
cosine).

4.4 Ablation Analyses on Preference Scale Impact

We examine how preference data scale influences alignment efficiency (Fig. 5).
TARS consistently outperforms DPO across all scales and exhibits sharper gains
in the low-data regime: from 0 to 1.8k examples, the 7B and 13B variants reduce
hallucination rates by over 15 pp, indicating that TARS captures the core align-
ment signal early. Beyond 3.6k examples, marginal gains saturate while perfor-
mance remains stable, highlighting strong data efficiency for practical scenarios
where preference annotations are costly or scarce. This behavior is consistent
with the dual-space regularization discussed in Sec. 3.4: by enforcing alignment
in both the output probability space and the hidden representation space, TARS
extracts richer supervision from each preference pair, reducing the sample com-
plexity needed to reach competitive performance. In contrast, standard DPO
requires substantially more data to compensate for its tendency to overfit to
surface-level patterns, as reflected by the persistent hallucination rate gap across
all data scales in Fig. 5.
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4.5 Stability of Semantic Representations

We analyze how preference optimization reshapes hidden-state distributions
in Fig. 6. TARS yields a more structured latent space in which hallucinated
and preference-aligned representations are clearly separated, whereas DPO pro-
duces entangled clusters that interleave hallucinated and preference features,
indicating overfitting to superficial signals. Crucially, TARS selectively aligns
non-hallucinated responses with preference features while isolating hallucinated
content, creating a semantically faithful representation space that reinforces only
factually grounded outputs.

The marginal distributions (top and right panels in Fig. 6) further reveal the
mechanism behind this separation. Under DPO, hallucinated and preference-
aligned marginals overlap heavily, reflecting a representation space where surface-
level patterns dominate over grounded semantics. In contrast, TARS produces
near-disjoint marginals for hallucinated content while maintaining tight over-
lap between non-hallucinated and preference-aligned distributions. This selective
clustering indicates that spectral regularization combined with adversarial per-
turbation shapes a representation geometry that naturally distinguishes factual
from hallucinated outputs, without requiring explicit labels during training.

4.6 Training Dynamics Analysis

To validate the min-max formulation (Eq. (6)), we compare training dynamics
of standard DPO, random perturbation (RandPert), and TARS (Min-Max) on
LLaVA-v1.5-7B over 20 epochs (Fig. 7; all losses normalized to [0, 1]). DPO con-
verges to the lowest training loss (~0.2) but exhibits the worst robust-sample test
loss (0.65-0.75), confirming severe overfitting to static preference patterns [51].
RandPert shows intermediate test performance but with heavy oscillation, as in-
discriminate perturbation yields inconsistent gradients. TARS maintains a mod-
erately higher training loss (0.35-0.4) yet achieves the lowest test loss on both
clean (<0.3) and robust (<0.5) splits with stable convergence. This confirms
that the min—-max formulation acts as an implicit regularizer: adversarial token-
level shifts during training prevent premature convergence and yield alignment
features that generalize to unseen and perturbed data.

4.7 Comparison with Data Augmentation

We compare TARS against data augmentation baselines across all four bench-
marks (Tab. 3).* We consider paraphrasing via back-translation and LLM-based
instruction augmentation at 1x and 5x expansion rates, all applied on top of
standard DPO training. As shown in Tab. 3, augmentation alone improves cover-
age and moderately reduces hallucination, yet even 5x LLM augmentation still
falls short of TARS in Hal-Rate (16.0% vs. 13.2%) and Cog (1.2 vs. 0.4). The
trend is consistent across MMHal and OBJHal: augmentation narrows the gap

4 See Supplementary Section 10.3 for detailed augmentation protocols and analysis.
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Fig. 7: Training dynamics of DPO, RandPert, and TARS (Min-Max); all losses are
normalized to [0, 1]. (a) Training objective: DPO converges fastest but overfits; Min-
Max maintains a higher loss reflecting adversarial difficulty. (b) Test performance on
clean and robust (perturbed) samples: Min-Max achieves the lowest test loss on both
splits, while DPO exhibits a large clean—robust gap indicating poor robustness.

Table 3: Comparison of TARS against data augmentation baselines on four hallucina-
tion benchmarks. Paraphrasing denotes back-translation-based response diversification;
LLM Aug. denotes LLM-generated preferred responses, where 1x and 5x indicate the
expansion factor relative to the original 4.8k preference set. All methods build on stan-
dard DPO. TARS is complementary to augmentation strategies.

AMBER MMHal POPE OBJHal
Method
CHAIR] Covert Hal-Rate] Cogl Scoret Hal-Rate] Acct Pret CRs| CRil
LLaVA-7B-DPO 4.9 56.6 26.4 2.5 2.19 0.61 87.8 82.0 14.0 5.0
+ Paraphrasing 4.5 57.9 24.8 2.3 2.24 0.58 87.9 83.5 136 4.8
- LLM Aug. (1><) 4.1 58.8 22.9 2.0 2.30 0.55 88.1 85.8 13.2 4.5
+ LLM Aug. (5x) 3.1 59.3 16.0 1.2 2.38 0.50 88.3 90.4 126 4.0
+ TARS 2.4 59.6 13.2 0.4 2.48 0.45 88.7 97.5 120 3.2
+ TARS & Para. 2.4 60.1 12.8 0.4 250 0.45 88.9 975 11.6 3.0

+ TARS & Aug. (1x) 2.2 60.5 12.5 0.3 253 0.43 88.9 97.7 11.2 29
+ TARS & Aug. (5x) 2.1 60.8 12.3 0.2 2.55 0.42 89.1 97.8 10.6 2.7

but cannot close it without TARS’s token-level robustness mechanism. Combin-
ing TARS with augmentation yields the best results on every metric (CHAIR 2.1,
Hal-Rate 12.3%, CRs 10.6%), confirming that the two strategies target comple-
mentary error sources.

Discussion. Across all experiments, TARS’s improvements manifest systemat-
ically across generative (AMBER, OBJHal), discriminative (POPE), and open-
ended (MMHal) evaluations. The ablation studies (Tab. 2) confirm that each
component contributes independently, the scale analysis (Fig. 5) demonstrates
strong data efficiency, and the training dynamics (Fig. 7) validate the regular-
ization effect of the min-max formulation. This convergence of evidence across
complementary evaluation axes supports the claim that token-adaptive pertur-
bation with spectral regularization addresses a fundamental limitation of static
preference optimization rather than exploiting benchmark-specific biases.
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Table 4: Comparison of preference optimization strategies. TARS achieves hallucina-
tion mitigation and causal alignment with minimal data and no expert feedback.

Algorithm Data Size Feedback Reward-Free Hal. Mitigation Causal Align.
LLaVA-v1.5 [42] - - X X X

+ RLHF [64] 122k self-reward v X X

+ RLAIF [78] 16k LLaVA-Next X v X

+ HALVA |56] 22k GPT-4V X X X

-+ DPO [3§] 5k self-reward v v X

+ CHiP-DPO |24] 5k self-reward v v X

-+ OPA-DPO [75] 4.8k GPT-4V X v X

+ TARS (Ours) 4.8k self-reward v v v

5 Related Work

Multimodal large language models (MLLMSs) extend LLMs by integrating visual
inputs to support multimodal reasoning [12, 21, 32]. Typically, visual features
are extracted by a vision encoder, aligned through a connector, and processed
by the LLM [42,50], with complementary efforts compressing or pruning such
models for efficiency [68,84]. Despite strong performance, MLLMs often produce
factually incorrect or visually ungrounded outputs, undermining reliability [4,
11]. This issue is more severe than in unimodal LLMs [15, 34], mainly due to
modality imbalance [28,45] and ineffective fusion [6,33]. Recent studies attribute
these failures to persistent misalignment between multimodal representations
and human expectations, rather than model capacity (14,44, 55].

A key bottleneck in addressing MLLM hallucinations lies in aligning model
outputs with human preferences for factual consistency. Unlike knowledge-intensive
pretraining [9,46] and instruction tuning [10,42], recent methods typically lever-
age small-scale human preference data refined via reinforcement learning [8, 22,
77]. Direct preference optimization (DPO) [51, 53] has become a leading ap-
proach due to its simplicity and effectiveness, demonstrated in CHiP-DPO [24]
and OPA-DPO [75]. However, DPO’s reliance on limited data can cause overfit-
ting to superficial linguistic cues [24, 59|, leading to distributional rigidity and
reduced adaptability to modality-specific semantics [48,62]. These limitations
call for more adaptive alignment strategies that capture token-level variabil-
ity and cross-modal dependencies for stable multimodal reasoning. Adversarial
training has proven effective for improving robustness in vision-language pre-
training [25,82], and injecting visual noise has recently been shown to mitigate
object hallucinations [81], yet integrating such perturbation into preference op-
timization remains largely unexplored.

To address these challenges, we propose a token-adaptive min-max alignment
strategy with spectral regularization that enhances preference learning without
relying on high-resource expert feedback (e.g., GPT-4V [1]). Our spectral align-
ment loss operates in the frequency domain via FFT, encouraging global seman-
tic consistency while tolerating the local distributional shifts induced by token
perturbation. Using only a small public preference dataset, our method effec-
tively mitigates hallucinations and consistently outperforms RL-based baselines
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across benchmarks. Tab. 4 compares preference optimization methods in terms
of data scale, supervision, and alignment.

6 Conclusion

This work studies a limitation of static preference optimization: its tendency
to latch onto superficial linguistic correlations rather than causally grounded
visual evidence. We address this issue by reshaping the optimization landscape
rather than only scaling data. TARS recasts preference learning as a min-max
game in which the inner adversarial maximization over visual-agnostic tokens
encourages the model to separate visual signals from spurious textual cues, while
a spectral alignment loss in the frequency domain regularizes global semantic
invariance under the resulting distributional shifts. Empirically, using only 4.8k
preference samples without expert feedback, TARS halves the hallucination rate
(26.4% — 13.2%), reduces cognitive inconsistency from 2.5 to 0.4, and surpasses
5x LLM-based augmentation on 28.8k samples while narrowing the gap with
GPT-40 on AMBER metrics at a smaller model scale. These results suggest that
adversarial token perturbation can improve data efficiency for robust multimodal
preference alignment.
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