More Thinking, Less Seeing? Assessing Amplified
Hallucination in Multimodal Reasoning Models

Zhongxing Xu'**  Chengzhi Liu>*  Qingyue Wei'  Juncheng Wu?
James Zou' Xin Eric Wang? Yuyin Zhou® Sheng Liu'
! Stanford University 2UC Santa Barbara 3UC Santa Cruz

chengzhiQucsb.edu, zhongxingxul@gmail . com, shengl@stanford.edu

Abstract

Test-time compute has empowered multimodal large language models to generate
extended reasoning chains, yielding strong performance on tasks such as multi-
modal math reasoning. However, we observe that this improved reasoning ability
often comes with increased hallucination: as generations become longer, models
tend to drift away from image-grounded content and rely more on language priors.
Attention analysis reveals that longer reasoning chains reduce focus on visual
inputs, contributing to hallucination. To systematically study this phenomenon, we
introduce RH-AUC, a metric that quantifies how a model’s perception accuracy
changes with reasoning length, enabling evaluation of whether the model preserves
visual grounding while reasoning. We also release RH-Bench, a diagnostic bench-
mark covering diverse multimodal tasks, designed to jointly assess the balance of
reasoning ability and hallucination. We find that (i) larger models generally exhibit
a better balance between reasoning and perception; (ii) reasoning and perception
balance depends more on the types and domains of the training data than its volume.
Our findings highlight the need for evaluation frameworks that account for both
reasoning quality and perceptual reliability.

1 Introduction

Large reasoning models scale test-time computation to improve complex reasoning. These models [0}
7,132, 2] generate longer outputs and engage in deeper reasoning before producing final answers,
resulting in more comprehensive solutions for complex mathematical and scientific problems. This
paradigm has been extended to multimodal large language models: non-reasoning base models are
supervised finetuned (SFT), or finetuned with reinforcement learning (RL) to obtain strong reasoning
ability [36} 156111049, |54, 21]], demonstrating exceptional capabilities in multimodal reasoning tasks,
particularly in domains like mathematical problem solving.

Most existing studies on multimodal reasoning models focus on enhancing reasoning performance,
with limited attention paid to perception-focused tasks. As illustrated in Figure [Th, although the
reasoning model generates an extended reasoning chain in visual question answering, its answer is
largely driven by language priors rather than visual evidence, leading to hallucination. Our empirical
study reveals a consistent and significant finding: although reasoning models can generate more
detailed reasoning chains, they introduce more hallucinations in perception-focused tasks than the
non-reasoning counterparts, as shown in Figure[Tp.

Through attention analysis, we investigate the decrease of attention on visual tokens in multimodal
reasoning models, which exacerbates visual hallucinations. The reasoning model allocates signif-
icantly less attention to visual tokens compared to its non-reasoning counterpart, while directing
more attention to the instruction tokens. This bias increases reliance on language priors and amplifies
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Figure 1: (a) Example of outputs from a reasoning model and a non-reasoning model on a perception
task. Red highlights indicate visual hallucination. Multimodal reasoning models are generally more
prone to amplifying hallucinations during the reasoning process compared to their non-reasoning
counterparts. (b) Performance of different models on reasoning and perception tasks in the RH-Bench
dataset. Better performing models are positioned in the upper right corner. Baseline non-reasoning
models of varying scales typically exhibit weaker reasoning capabilities and fewer hallucination,
whereas reasoning models display the opposite trend.

hallucination risk. Moreover, the extension of the reasoning chain further weakens the visual atten-
tion allocation, leading to an increase in hallucinations, as the model becomes more dependent on
language-based reasoning rather than visual evidence.

Based on these ndings, we further investigate the impact of reasoning chain length on model
reasoning and hallucination. The results indicate that the in uence of reasoning chain length on
reasoning-hallucination exhibits a non-monotonic relationship. Additionally, the optimal reasoning
range differs across tasks, while traditional evaluation metrics, such as accuracy and hallucination
rate, are inadequate for capturing the dynamic balance between reasoning and visual grounding.

To address this, we introduce RH-AUC, a new metric designed to assess the balance between
reasoning and hallucination in multimodal reasoning models. This metric is computed by calculating
the area under the curve formed by reasoning performance and hallucination performance at different
reasoning lengths, with higher values indicating better balance. Alongside this metric, we release
RH-Bench, a diagnostic benchmark containing 1,000 samples across various reasoning and perception
tasks, with each task featuring both multiple-choice questions and open-ended questions. Through
the evaluation of RH-Bench, we observe three key ndings: (i) Larger models typically demonstrate
better reasoning and hallucination balance. (ii) RL-only training models promote more adaptive
reasoning, resulting in a better balance between reasoning and hallucination compared to SFT+RL.
(iif) Reasoning-Hallucination balance is more in uenced by the types and domains of the training
data than by its volume. To sum up, our contributions are listed as follows:

* We observe that multimodal reasoning models are more prone to hallucinations than their non-
reasoning counterparts in perception tasks, which can be attributed to a decline in visual attention
allocation. Longer reasoning chains further diminish visual attention.

* We reveal that the relationship between reasoning chain length and the model's reasoning and
perception performance is non-monotonic, with the optimal length varying across tasks.

* We introduce the new RH-AUC metric and the RH-Bench diagnostic dataset to systematically
evaluate the balance between reasoning and hallucination across varying reasoning lengths in
multimodal reasoning models.

2 Multimodal Reasoning Can Amplify Visual Hallucination

In this section, we begin by investigating whether multimodal reasoning models introduce more hallu-
cination in perception-focused tasks. Speci cally, we compare 8 recent multimodal reasoning models
against their backbone non-reasoning-based counterparts across multiple hallucination benchmarks,
including MMVP [42], MMEval-Pro [13],VMCBench [61],Bingo [5],MMHAL [39].

2.1 Hallucination Increases Consistently Compared to Base Models

To systematically assess the impact of multimodal reasoning on visual grounding, we evaluated
eight reasoning-augmented models against their non-reasoning Qwen2.5-VL backbones on ve



hallucination datasets. As shown in Figure 2, all reasoning models trace markedly smaller radar areas
than their baselines, indicating uniformly higher hallucination rates on perception-focused tasks. This

de cit remains consistent at both the 3 B and 7 B scales, demonstrating that the elevated hallucination
rate stems from the reasoning paradigm itself rather than model size.

Figure 2: Comparison of reasoning and non-reasoning models on ve perception benchmarks. Results
are shown for 3B models (left) and 7B models (right). Higher scores indicate lower hallucination.

2.2 Does Training Paradigm Matter? Comparison Between RL and SFT+RL

Current multimodal reasoning models typically adopt one of two training regimes: (1) pure re-
inforcement learning (RL-only) or (2) supervised ne-tuning followed by reinforcement learning
(SFT+RL). Figure 3 shows a consistent performance hierarchy across four perception benchmarks:
The Qwen2.5-VL baseline achieves the highest scores, followed by RL-only ne-tuning, with the
SFT+RL pipeline performing the worst. This pattern highlights the robustness of baseline model in
visual grounding and indicates that subsequent RL or hybrid ne-tuning weakens this robustness,
with the supervised-preceded RL strategy leading to the most signi cant performance degradation.

Figure 3: Performance across four perception benchmarks comparing Base, RL, and SFT+RL.

2.3 Case Study of Hallucinations in Reasoning Models

Figure 4 presents two representative hallucination patterns observed in multimodal reasoning models,
arising from visual misrecognition and reasoning bias, respectively. In Figure 4a, the reasoning model
fails to identify ne-grained visual cues and miscounts four individuals as three, re ecting a localized
de ciency in visual perception. In Figure 4b, the reasoning model increasingly relies on linguistic
priors during the reasoning process while overlooking early visual evidence, ultimately generating an
incorrect response. In contrast, the baseline model exhibits a lower hallucination rate under identical
inputs. These observations raise a crucial question: why do multimodal reasoning models, despite
their strong reasoning performance, exhibit weakened visual grounding? In the next section, we
provides an in-depth analysis based on the internal attention mechanisms of the reasoning models.



Figure 4: Two common types of hallucination patterns observed in multimodal reasoning models.
(a) corresponds to hallucinations caused by visual misrecognition, while (b) re ects hallucinations
arising from reasoning biases. Hallucinated spans are highlighted in red.

Across training paradigms and model scales, multi-modal reasoning models exhibit|a
consistent drop in accuracy and rise in hallucination rates on general visual benchmarks.

3 Why Reasoning Models Amplify Hallucinations?

Many previous studies have investigated the role of attention mechanisms in hallucination, identifying
insuf cient attention allocation as a potential key factor contributing to hallucinatigh4f6, 53]. In

this section, we conduct an attention based analysis to explore the underlying causes of hallucination
ampli cation in multimodal reasoning models. Section 3.1 indicates that hallucinations may result
from limited attention allocated to visual inputs, while Section 3.2 shows that longer reasoning chains
further weaken the model's visual focus.

3.1 Hallucination Resulting from Weak Visual Attention

We conduct a comparative analysis of the attention distributions over visual, instruction, and system
tokens across all layers in the reasoning and non-reasoning models. As shown in Figure 5a, the
reasoning model consistently assigns low attention to visual tokens, with a further decrease observed
in deeper layers, indicating a limited ability to integrate visual evidence. Meanwhile, more attention
is shifted to instruction tokens, re ecting a heightened reliance on linguistic priors. In contrast,
the non-reasoning maintains a relatively high and stable level of visual attention from shallow to
intermediate layers. The visual attention heatmap in Figure 5b further supports this observation:
while the non-reasoning model progressively focuses on semantically salient regions, the reasoning
model exhibits sparse and dispersed attention, failing to consistently engage with key visual areas.
This phenomenon indicates that the weakening of visual attention undermines the reasoning model's
ability to achieve effective visual grounding, exacerbating the occurrence of hallucinations.

Figure 5: Attention allocation and visual grounding between reasoning and non reasoning models.
The reduction of visual attention in reasoning models ampli es visual hallucinations.
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