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Abstract. Hallucinations in vision–language models (VLMs) are com-
monly treated as semantic errors, yet they often arise from partial or am-
biguous visual evidence. Prior work mainly focuses on detecting or sup-
pressing hallucinations at generation time, leaving the subsequent reason-
ing stage largely unexplored. In this work, we study Post-Hallucination
Reasoning (PHR), the stage in which hallucinated semantics enter the
model’s inference context and influence downstream predictions. To sys-
tematically investigate PHR, we introduce the HIVE (Hallucination
Inference and Verification Engine), an evaluation infrastructure that en-
ables controlled comparisons between faithful and hallucinated captions.
Across nine tasks and nine models, we observe structured modality-
dependent patterns: hallucinated captions often improve accuracy on
vision–language tasks, while text-only tasks exhibit limited or unstable
effects. Further analyses show that hallucinated cues broaden semantic
coverage and reshape reasoning dynamics while preserving stable infer-
ence. These findings highlight that hallucinated semantics may influence
downstream reasoning once they enter the model’s inference context. Un-
derstanding this post-hallucination stage is important for improving the
reliability and interpretability of multimodal reasoning systems.
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1 Introduction

Vision–language models (VLMs) often operate under partial observabil-
ity [11,23,24,31,40,56]. Occlusion, low resolution, and motion blur frequently lead
them to produce speculative semantic completions [16,46,55]. According to com-
munity standards, such unverifiable content is considered hallucination. However,
hallucinations arise naturally from incomplete visual evidence rather than iso-
lated system failures [7, 9, 10, 14, 59]. Consequently, most existing studies focus

*Work done while visiting Purdue University.
†Corresponding authors.



2 F. He et al.

c

Dermoscopy Image (Medical)

Q:Is this lesion malignant?
A:Yes ✔️

Halluc.: Lesion >7 mm
Faithful: Pigmented lesion

Observation

Halluc.: Hints at ABCDE rules.
→ Answer: Yes ✔️
Faithful: No diagnostic clue.
→ Answer: No ✖️

Reasoning

(b) VLM Case Study (Medical) (c) Performance

Hallucination 
Caption

What happens after hallucination?

Post-Hallucination
Reasoning

Image Caption

Detect/ Mitigate

Prior Work Our Work

(a) Post-Hallucination Reasoning

Hallucination Appears

Suppress
Hallucination

Reason with
Hallucination Cues

Image

Fig. 1: Post–hallucination reasoning in VLMs. (a) Prior work mainly focuses on
detecting or suppressing hallucinations, whereas we study reasoning that occurs after
hallucinations appear. (b) A medical example illustrates how hallucinated cues (e.g.,
lesion size) can alter the model’s observation and reasoning process. (c) Across models
and vision tasks, hallucinations can systematically change task performance, revealing
structured post–hallucination dynamics, especially in vision–language tasks.

on detecting [13,23,27,28,32,43,58] or mitigating hallucinations [37,38,47,53,61]
at the moment they appear. Far less attention has been paid to what happens
after hallucinated semantics enter the reasoning process of a VLM, leaving this
post-hallucination stage largely unexplored.

Meanwhile, studies of LLMs show that chain-of-thought reasoning [4, 22, 29,
36, 37, 50, 51] does not strictly follow human causal logic: incorrect intermedi-
ate steps can still lead to correct conclusions. This observation suggests that
reasoning may continue to evolve in latent space even when intermediate rep-
resentations are imperfect or partially incorrect. By analogy, hallucinations in
VLMs may also interact with downstream reasoning processes. However, whether
such speculative cues help, hinder, or simply perturb reasoning remains unclear.

We refer to this phenomenon as Post-Hallucination Reasoning (PHR),
which describes the reasoning behavior that emerges after hallucinated semantics
become part of the model’s inference context and influence subsequent predic-
tions. Despite the prevalence of hallucinations in multimodal systems, the struc-
ture and impact of PHR remain poorly understood. As illustrated in Fig. 1, once
hallucinated semantics enter the model’s inference context, they may reshape the
observation and reasoning process, ultimately influencing downstream predic-
tions. Across diverse benchmarks, we observe a consistent pattern: hallucinated
semantic cues can sometimes improve downstream reasoning in vision-language
tasks. This suggests that hallucinations may occasionally provide speculative se-
mantic anchors that guide inference rather than merely degrading predictions.
However, this effect is neither universal nor well understood. These observations
raise two fundamental questions: (1) When does PHR improve downstream rea-
soning? (2) Why does PHR lead to improved reasoning?
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To systematically study these questions, we introduce HIVE (Hallucination
Inference and Verification Engine), an evaluation infrastructure for studying
PHR. HIVE constructs paired faithful and hallucinated captions, verifies their
validity, and enables controlled measurement of their influence on downstream
predictions. By comparing raw inputs, faithful, and hallucinated captions un-
der matched conditions, HIVE allows us to isolate the reasoning effects induced
by hallucinated semantics and analyze the structure of PHR. Across 9 tasks
and 9 models, we observe structured patterns: hallucinated semantic cues often
improve performance on vision-language benchmarks, with gains varying sys-
tematically across model families and decoding settings.

To understand the mechanisms underlying PHR, we analyze hallucination-
induced reasoning dynamics at multiple levels. (I) Hallucinated captions broaden
semantic coverage and widen embedding distributions. (II) They modulate rea-
soning entropy, with correct predictions correlating with higher entropy.

These findings reveal PHR as an overlooked stage of multimodal inference,
where hallucinated semantics can reshape and sometimes enhance downstream
reasoning rather than merely introducing noise. Our contributions are:
❶ Post-Hallucination Reasoning Phenomenon. We identify and charac-
terize PHR, a previously overlooked stage in which hallucinated semantics in-
fluence downstream reasoning in VLMs across diverse task settings. We observe
structured patterns showing that hallucinated semantic cues can systematically
reshape model predictions rather than merely introducing noise.
❷ Evaluation Infrastructure for PHR. We present HIVE, an evaluation
infrastructure designed to study PHR through controlled semantic comparisons.
HIVE organizes caption generation, hallucination discrimination, and down-
stream evaluation under matched configurations, enabling paired comparisons
between faithful and hallucinated captions and allowing us to isolate and quan-
tify the downstream impact across multiple models and task domains.
❸ Mechanistic Analysis of PHR. We analyze PHR across the input, reasoning-
process, and output levels. Our results show that hallucinated captions broaden
semantic coverage, induce distinctive distributional shifts, and modulate reason-
ing dynamics associated with successful predictions. These findings reveal how
hallucinated semantics reshape reasoning trajectories in multimodal inference.

2 Related Work
Hallucinations in VLMs: Detection and Mitigation. Hallucination

denotes content inconsistent with the given input. Hallucinations are widely
observed in LLM and VLM outputs, appearing in tasks such as summarization
[60] and open-domain QA [41]. Their presence undermines reliability in high-
stakes domains, including healthcare [20,35] and legal decision support [1,8]. Two
major threads dominate: detection and mitigation. For detection, studies propose
factuality metrics and benchmarks such as FactCC [17], QAGS [45], TruthfulQA
[25], and Q2 [12], along with agreement- or internals-based judging [6, 32, 43].
For mitigation, approaches include (I) instruction-level tuning [26, 54, 57], (II)
constrained decoding [3, 19, 34, 43], and (III) training or retrieval augmentation
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[21,33,42]. These lines of work largely treat hallucinations as undesirable errors
and focus on detecting or suppressing them, leaving the role of hallucinated
semantics in subsequent reasoning largely unexplored.

Intermediate Reasoning and Latent Dynamics in LLMs. Recent stud-
ies on language-only models reveal that a model’s reasoning process does not
necessarily align with its explicit chain-of-thought text. Multiple works show
that LLMs may generate incorrect, inconsistent, or partially fabricated interme-
diate steps while still producing correct final answers [39,49]. This phenomenon
suggests that reasoning continues to evolve in the latent space and is not strictly
determined by the faithfulness of intermediate text. Further analyses indicate
that LLMs can maintain stable internal inference even when intermediate steps
contain hallucinated elements [15,18,48]. These findings imply that unfaithful or
speculative content does not terminate reasoning; instead, the model proceeds
to a subsequent reasoning stage that may still yield coherent conclusions.

Hallucinations in Multimodal Reasoning Models. Recent work has
begun to study hallucination effects in multimodal reasoning, showing that im-
perfect perceptual cues can influence reasoning outcomes in VLMs. Studies such
as More Thinking, Less Seeing [52], More Thought, Less Accuracy [44], MI-
RAGE [5], and multimodal CoT analyses [30] indicate that hallucinations inter-
act with reasoning dynamics beyond perception-level errors. A recent survey fur-
ther summarizes evaluation and detection efforts in this area [2]. However, these
methods mainly analyze either intermediate reasoning traces or benchmark-level
behavior, without explicitly studying how hallucinated semantics, once used as
input context, affect downstream reasoning.

Different from existing methods, we focus on a largely overlooked stage
in VLM inference: Post-Hallucination Reasoning (PHR), where halluci-
nated semantics, once generated and adopted by the model, may influence sub-
sequent reasoning and task predictions. Prior work on VLM hallucinations fo-
cuses almost entirely on whether hallucinations occur, why they arise, and how
to reduce them. Yet little attention has been paid to how hallucinated seman-
tics affect the reasoning processes that follow. Consequently, the structure and
impact of PHR remain poorly understood, and the field lacks frameworks for
controlled semantic interventions to study it.

3 Evaluation Pipeline for PHR
3.1 Problem Setup

HIVE is designed as an evaluation infrastructure for studying PHR in
VLMs. It examines how hallucinated semantics, once generated and adopted by
the model, influence subsequent reasoning and task predictions compared with
faithful semantics. Rather than introducing a new model or training method,
HIVE follows established community practices, including prompting-based cap-
tion generation and hallucination detection, and organizes them into a controlled
semantic intervention framework for analyzing the causal effects of hallucinated
semantics. To examine this question, we organize HIVE around three principles.

① Fair comparison. We must ensure that the only difference between faith-
ful and hallucinatory captions lies in the presence of hallucination itself. Thus,
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captions are generated from a unified source with identical prompts, tempera-
ture, and token budget. This design rules out confounds and allows us to focus
on the difference in downstream performance across tasks and models, measured
as the accuracy gap ∆(H−F ) between hallucinated and faithful augmentations.

② Task-agnostic hallucination generation. Hallucinations naturally arise
when an LLM is asked to produce a free-form caption of any input, regardless of
modality. Some captions remain faithful, while others introduce unverifiable or
speculative elements. This inherent property enables us to adapt the paradigm
seamlessly across diverse textual and multimodal tasks.

③ Reliable discrimination. Hallucination detection is inherently imper-
fect, and even human annotators may disagree. To enhance robustness, we adopt
an ensemble of detectors that independently judge each caption, and apply ma-
jority voting to obtain the final label. This ensemble strategy ensures that the
framework remains reliable under noisy classifiers. Formally, let x ∈ X denote
an input with label y ∈ Y, and f : X × C → Y a task-specific model. Each
input can be paired with a faithful caption CF or a hallucinatory caption CH .
Such a triplet design ensures that hallucination is the only varying factor across
conditions, thus enabling a controlled and interpretable evaluation. Formally, we
define these conditions:

yraw = f(x)︸︷︷︸
Raw

, yF = f(x ∥CF )︸ ︷︷ ︸
+ Faithful

, yH = f(x ∥CH)︸ ︷︷ ︸
+ Hallucinatory

, (1)

where ∥ denotes concatenation with the task instruction. Given an evaluation
metric L(ŷ, y) (instantiated as accuracy in our experiments), we quantify the
hallucination effect as

∆(H−F ) = E(x,y)∼D

[
L
(
f(x ∥CH), y

)
− L

(
f(x ∥CF ), y

) ]
. (2)

This paired comparison isolates hallucination as a controlled experimental vari-
able and enables apples-to-apples analysis of PHR across models and tasks.

3.2 HIVE Evaluation Pipeline

The HIVE evaluation pipeline consists of three modules: (I) Caption Gen-
erator, (II) Caption Discriminator, and (III) Task Solver. Given an input
instance, the pipeline proceeds through these components to ensure consistent
and controlled evaluation across tasks. The Caption Generator first takes the
raw input (text, image, or structured record) and produces a set of candidate
captions under a unified, task-agnostic prompt, which may include both faithful
and hallucinatory semantics. The Caption Discriminator then evaluates these
candidates and classifies each as either faithful (CF ) or hallucinatory (CH);
only contrasted pairs ⟨CF ,CH⟩ with majority agreement among detectors are
retained. Finally, the Task Solver integrates the original input x, one of the
paired captions, and a task-specific instruction to produce the final prediction
y. This design yields three controlled conditions Raw (yraw = f(x)), +Faithful
(yF = f(x ∥CF )), and +Hallucinatory (yH = f(x ∥CH)).
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Caption Generator. The Caption Generator aims to produce diverse se-
mantic candidates that may include both faithful and hallucinatory variants. All
captions are generated from a unified source using the same prompt, tempera-
ture, and token budget, ensuring that decoding hyper-parameters cannot con-
found attribution. Given an input x, the generator outputs N natural-language
captions describing it. Due to the inherent stochasticity of LLMs, some captions
remain faithful while others introduce speculative content, which later enables
the construction of contrasted F/H pairs by the discriminator. This design guar-
antees that both F and H captions originate from an identical generation process,
providing a controlled entry point for subsequent evaluation.

Caption Discriminator. Given the candidate captions, the Caption Dis-
criminator determines whether each caption is faithful (CF ) or hallucinatory
(CH). Since hallucination detection is inherently noisy, we adopt an ensemble
of multiple detectors, each providing an independent judgment. Final labels are
decided via majority voting, which significantly improves robustness under noisy
or imperfect classifiers. We further verify the reliability of the hallucination dis-
criminator through dedicated control experiments (Section 4.2). Detailed imple-
mentation specifics of the individual detectors and ensemble configuration are
provided in Appendix S7 for full clarity and reproducibility.

Task Solver. The solver is not a novel model but a controlled interface to
isolate the effect of captions on downstream predictions under identical model
and decoding settings. We measure the isolated impact of caption faithfulness
by contrasting predictions under three conditions C ∈ {raw,CF ,CH}. We use
a unified prompt builder that concatenates three parts:

Φ(Itask, x, C) = Instruction Itask ∥ Serialized Inputσ(x) ∥ Seed s(C) (3)

HIVE frames hallucination as a controlled semantic intervention, enabling sys-
tematic study of how speculative cues influence downstream reasoning in multi-
modal models. Prompt templates are listed in Appendix S2.

4 Experiments
4.1 When Does PHR Help?

We begin by characterizing how hallucinated semantics affect downstream
predictions across a diverse set of models and tasks. Using the HIVE evaluation
infrastructure, we systematically analyze PHR across 9 tasks and 9 models span-
ning both textual and multimodal scenarios. Each model is evaluated under two
input conditions: faithful and hallucinated. Table 1 reports results on text-only
benchmarks, while Table 2 summarizes vision–language tasks. Further dataset
and model details are provided in Appendix S6.

❶ LLMs on text-only tasks: limited or unstable benefits. On textual
tasks, hallucinations provide little or no benefit. Across multiple LLM families,
performance under hallucinated inputs is often similar to or lower than the
faithful setting, with only occasional isolated improvements (see Table 1). The
overall trends are small and inconsistent, indicating that hallucinated semantics
are hard to exploit in rule-based or symbolically constrained tasks.
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Table 1: Faithful (F) vs. Hallucinated (H) path accuracy on text-only tasks.
Cells show accuracy (%). ∆(H − F ) denotes the percentage-point difference between
the hallucinated and faithful paths (↑ gain, ↓ drop).

Dataset P. GPT-4o GPT-3.5 Claude-3
Sonnet

DeepSeek
v3

Mistral
Large O3 DeepSeek

R1

AntiCP2 F 54.59(–) 43.63(–) 46.84(–) 52.19(–) 56.69(–) 53.95(–) 49.87(–)
H 58.35↑+3.76 47.76↑+4.13 48.21↑+1.37 45.01↓-7.18 57.84↑+1.15 50.17↓-3.78 46.42↓-3.45

BBBP F 61.67(–) 60.75(–) 64.07(–) 61.60(–) 59.41(–) 73.27(–) 70.53(–)
H 68.33↑+6.66 57.53↓-3.22 64.95↑+0.88 55.56↓-6.04 59.65↑+0.24 59.47↓-13.80 58.88↓-11.65

CodeXGLUE F 55.15(–) 58.90(–) 49.25(–) 49.46(–) 50.11(–) 45.10(–) 51.54(–)
H 52.75↓-2.40 57.40↓-1.50 53.40↑+4.15 50.13↑+0.67 56.40↑+6.29 46.06↑+0.96 48.95↓-2.59

SARA v3 F 62.93(–) 52.28(–) 62.07(–) 58.10(–) 59.14(–) 65.52(–) 58.62(–)
H 62.24↓-0.69 54.83↑+2.55 63.97↑+1.90 58.96↑+0.86 60.34↑+1.20 62.07↓-3.45 54.48↓-4.14

ProofWriter F 69.49(–) 66.55(–) 76.03(–) 85.17(–) 70.86(–) 97.76(–) 89.31(–)
H 75.00↑+5.51 66.21↓-0.34 76.73↑+0.70 85.86↑+0.69 68.62↓-2.24 98.45↑+0.69 92.93↑+3.62

❷ VLMs on vision–language tasks: strong and consistent gains.
On vision–language benchmarks, hallucinated inputs lead to clear and substan-
tial improvements across models (see Table 2). GPT-4o, Gemini-2.0-Flash, and
Qwen-VL-Max generally show gains, with occasional drops on specific datasets
such as GQA in certain settings. Unlike the text-only setting, where halluci-
nation effects are small and unstable, VLMs reliably benefit from hallucinated
semantics across multiple tasks and model families.

These results suggest that hallucinated captions can enrich visual grounding
by introducing additional perceptual cues that support downstream reasoning.
Vision–language tasks often involve partial observability, where important cues
may be missing or ambiguous. In such settings, hallucinated captions can serve
as speculative hypotheses that expand the model’s hypothesis space and provide
additional semantic anchors for reasoning.

Model-wise variation. While this overall pattern holds across VLMs, the
magnitude of PHR gains varies by model. For example, GPT-4o exhibits mod-
erate but stable improvements, whereas Gemini-2.0-Flash and Qwen-VL-Max
often show larger gains on perception-heavy tasks. This variation likely reflects
differences in visual grounding strength and reasoning strategies across mod-
els: models with stronger perceptual grounding can better exploit speculative
semantic cues introduced by hallucinated captions, while others benefit less.

4.2 Validating the Hallucination Discriminator

Reliability on hallucination benchmarks. To assess the reliability of
HIVE’s hallucination discriminator, we evaluate it in two complementary set-
tings. First, we test the discriminator on the TruthfulQA benchmark, which is
widely used to probe hallucination behavior in language models. The discrim-
inator achieves an accuracy of 81.76% on this benchmark. To approximate
real-world cross-domain usage, we construct a curated dataset of 180 captions
by sampling 20 captions from each of nine tasks. These captions are manually
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Table 2: Faithful (F) vs. Hallucinated (H) accuracy on vision-language tasks.
Cells show mean accuracy (%). ∆ denotes H − F in percentage points and is shown
inline at bottom-right.

Dataset P. GPT-4o Claude 3
Sonnet

Gemini 2.0
Flash

Qwen
VL-Max

GQA F 71.36(–) 62.02(–) 75.23(–) 69.88(–)
H 74.22↑+2.86 61.03↓-0.99 75.69↑+0.46 67.90↓-1.98

Dex-Net F 53.25(–) 50.29(–) 49.88(–) 51.54(–)
H 55.76↑+2.51 50.71↑+0.42 51.15↑+1.27 54.12↑+2.58

ISIC F 63.88(–) 54.19(–) 67.23(–) 58.71(–)
H 75.64↑+11.76 61.02↑+6.83 67.90↑+0.67 75.62↑+16.91

PlantVillage F 62.73(–) 55.28(–) 62.71(–) 67.84(–)
H 77.41↑+14.68 72.50↑+17.22 70.98↑+8.27 77.66↑+9.82

Fig. 2: Process- and output-level analysis of hallucination effects. Left: rea-
soning chain embeddings show that hallucinated prompts reshape inference trajectories
with task-dependent differences (p < 0.05), diversifying reasoning. Right: caption en-
tropy analysis shows that correct predictions exhibit higher entropy than incorrect
ones, indicating expanded semantic coverage. Stars indicate p < 0.05.

annotated as either hallucinated or faithful. Evaluating the discriminator on this
human-labeled dataset yields an accuracy of 83.72%. These results indicate that
the discriminator generalizes beyond a single benchmark and can reliably sepa-
rate hallucinated from faithful captions, providing a stable basis for the paired
comparisons used throughout our experiments.

Random-checker control. To rule out improvements arising from arbi-
trary filtering, we replace the hallucination discriminator with a random checker
that accepts captions without factual assessment. All decoding controls remain
fixed to ensure a fair comparison. As shown in Table 3, random filtering yields
only negligible performance changes (0.17–1.23%) and no statistically significant
gains across datasets (all p > 0.14). This result indicates that the improvements
reported in Section 4.1 are unlikely to arise from chance filtering effects.

Prompt robustness. To rule out the possibility that the observed gains
arise from prompt sensitivity, we repeat the experiments using semantically
equivalent prompt paraphrases. Specifically, we evaluate three prompts: the orig-
inal prompt (P0) and two paraphrased variants (P1 and P2). The results are
summarized in Table 4. Across datasets and models, hallucination-augmented
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Table 3: Random checker ablation. ∆ denotes the absolute accuracy difference
(H–F). p from two-sided paired t-tests; (n.s.) = not significant at p<0.05.

Dataset Faithful (F) H + Random (H) ∆ (H–F) p

AntiCP2 0.5015± 0.0124 0.5114± 0.0200 +0.0100 0.526 (n.s.)
PlantVillage 0.7358± 0.0189 0.7481± 0.0205 +0.0123 0.354 (n.s.)
Dex-Net 0.4950± 0.0068 0.4967± 0.0062 +0.0017 0.757 (n.s.)
ISIC 0.5763± 0.0067 0.5805± 0.0042 +0.0043 0.142 (n.s.)

inputs consistently outperform faithful inputs under all prompt variants. Al-
though absolute accuracies vary slightly due to known prompt sensitivity in
LLMs, the direction of the effect remains stable. This suggests that the observed
improvements are not tied to a specific prompt formulation.

Table 4: Prompt robustness across paraphrased prompts. P0 denotes the orig-
inal prompt, while P1 and P2 are semantically equivalent paraphrases. ∆ reports the
accuracy improvement from hallucination injection (H–F).

Dataset / Model P0 ∆ (%) P1 ∆ (%) P2 ∆ (%) Consistency
PlantVillage / GPT-4o +14.68 +28.00 +9.89 ✓
PlantVillage / Claude 3 Sonnet +17.22 +16.42 +12.84 ✓
ISIC / GPT-4o +11.76 +4.55 +5.00 ✓
ISIC / Claude 3 Sonnet +6.83 +4.54 +4.77 ✓

Token-level ablation. We conduct a token-level ablation study to test
whether hallucinated content is necessary for successful predictions. Specifically,
we first identify the subset of samples that are solved only when hallucinated
captions are provided, where the hallucinated path succeeds while the faithful
path fails. Within these captions, we locate hallucinated tokens that serve as
core evidence in the model’s reasoning process. We then mask these tokens us-
ing a neutral placeholder and re-evaluate the model on the same samples. As
reported in Table 5, we evaluate a subset of samples where the hallucinated path
succeeds while the faithful path fails. For this subset, H-before is near-perfect by
construction, and post-ablation accuracy (H-after) drops substantially across all
four datasets after masking hallucinated evidence tokens. This result indicates
that key hallucinated tokens act as informative cues rather than redundant noise,
and that the model relies on them to reach correct predictions.

4.3 Reasoning Convergence Analysis
To assess whether the semantic shifts introduced by hallucinated captions

affect the stability of model inference, we analyze reasoning convergence at two
complementary levels: (I) Intra-chain convergence, which measures whether
intermediate reasoning steps progressively align with the final conclusion un-
der hallucinated inputs (Fig. 3 left); and (II) Inter-chain consistency, which
evaluates whether multiple reasoning paths sampled from the same input con-
verge to semantically similar trajectories across different sampling seeds (Fig. 3
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Table 5: Accuracy after hallucination removal across domains. H-after Acc.
denotes post-ablation accuracy after masking hallucinated evidence tokens.

Dataset Domain Task H-after Acc.
AntiCP2 Biomedicine Peptide cls. 0.244± 0.085
PlantVillage Agriculture Disease recog. 0.700± 0.111
Dex-Net Robotics Grasping pred. 0.364± 0.061
ISIC Dermatology Lesion diagnosis 0.380± 0.062

Fig. 3: Inter-chain stability on the PlantVillage dataset. Left: Step-wise co-
sine similarity shows reasoning chains progressively converge during inference. Right:
Hallucinated (H) and faithful (F) captions exhibit highly overlapping similarity distri-
butions, indicating that hallucinations preserve stability across sampling runs.

right). These analyses provide a fine-grained view of how hallucinations affect
convergence both within and across reasoning chains, enabling us to determine
whether they destabilize or preserve the model’s inference process. Further im-
plementation details are provided in Appendix S9.

❸ Hallucinations do not disrupt intra-chain convergence. From Fig. 3
(left), step-to-final semantic similarity steadily increases, with intermediate steps
progressively aligning with the final conclusion. This trajectory indicates that
reasoning chains naturally converge as inference unfolds rather than drifting
from the target answer. Moreover, the narrowing variance band suggests that
this convergence pattern remains stable across runs and datasets.

❹ Reasoning chains exhibit strong inter-chain consistency. From
Fig. 3 (right), we observe that reasoning paths generated under hallucinated
(H) and faithful (F) captions both achieve very high pairwise similarity across
multiple sampling runs (means ≈ 0.97). The two distributions nearly overlap,
and statistical tests confirm no significant difference between them (p > 0.6).
This indicates that, regardless of whether captions contain hallucinations, the
model converges to consistent reasoning trajectories across chains. Rather than
diverging into unstable alternatives, multiple sampled paths remain semantically
aligned, underscoring the robustness of the model’s inference.
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Hallucinated(H) Faithful(F) Hallucinated(H) Faithful(F)

Fig. 4: Distribution of caption embeddings (Faithful (F) vs. Hallucinated
(H)). Hallucinated inputs exhibit wider semantic spread and longer tails.

Takeaway ❶. Reasoning chains with hallucinated captions remain sta-
ble: intermediate steps consistently converge to the final answer and mul-
tiple paths sampled stay highly aligned. This stability highlights that
hallucinations can support reliable and reproducible inference.

4.4 Why PHR Helps
To explain the strong and consistent improvements observed on vision–

language tasks (see Section 4.1), we analyze why hallucinated captions provide
useful semantic signals for VLMs. Our analysis focuses on the beneficial case and
examines hallucination effects at three complementary levels: (I) Input-level
shifts. Hallucinated captions substantially reshape the semantic inputs provided
to the model, exhibiting broader distributional spread and lower similarity to
faithful captions (Fig. 4). This indicates that hallucinations introduce mean-
ingful semantic variation rather than redundant noise, enriching the model’s
visual grounding. (II) Process-level modulation. Reasoning-chain entropy
analysis (Fig. 2 left) shows that hallucinations modulate inference dynamics in
a task-dependent manner. They reduce trajectory entropy on reasoning-heavy
tasks (promoting convergence and stability), while increasing entropy on struc-
turally open-ended tasks (supporting exploration), indicating active reshaping
of the model’s reasoning process. (III) Output-level diversity. Correct pre-
dictions consistently exhibit higher caption entropy than incorrect ones (Fig. 2
right), suggesting that broader semantic coverage induced by hallucinations is
positively associated with successful reasoning. Rather than mere lexical variety,
this diversity reflects expanded semantic grounding that supports downstream
task performance. Further implementation details of similarity computation, en-
tropy estimation, and statistical testing are provided in Appendix S8. We give
the following observations:

❺ Hallucinations reshape semantic inputs. From Fig. 4, we observe
that hallucinated captions differ systematically from faithful ones in both mean
similarity and distributional spread. Hallucinated inputs exhibit wider variance
and heavier tails in the embedding space, a difference that is statistically signif-
icant under paired t-tests (p < 0.01). This confirms that they introduce genuine
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(a) (b)
Fig. 5: Downstream task accuracy as a function of hallucination strength. We
gradually interpolate between faithful and hallucinated captions and evaluate down-
stream performance. The results exhibit an inverted-U pattern: introducing moderate
hallucination improves accuracy, while excessive hallucination reduces it.

input-level shifts rather than acting as redundant noise, providing models with
additional anchors to explore alternative reasoning paths. Importantly, this shift
is consistently observed across multiple datasets, underscoring that input-level
semantic reshaping is a general property of hallucinations rather than a dataset-
specific artifact, and holds robustly across diverse modalities and domains.

❻ Hallucinations modulate reasoning dynamics. As shown in Fig. 2
(left), hallucinated prompts alter the entropy of reasoning trajectories in a task-
dependent manner. On reasoning-heavy tasks such as BBBP, AntiCP2, and
ProofWriter, hallucinations reduce movement entropy, suggesting that they pro-
mote more convergent and stable inference. Conversely, on structurally open-
ended tasks such as SARA v3, hallucinations increase entropy, enabling the
model to explore a broader range of reasoning paths. These differences are sta-
tistically significant (paired t-tests, p < 0.05), indicating that hallucinations do
not merely inject noise but actively reshape inference dynamics in ways that can
either encourage convergence or support exploration, depending on the task.

❼ Correct predictions align with higher caption entropy. As shown
in Fig. 2 (right), hallucinated captions that lead to correct predictions consis-
tently exhibit higher semantic entropy than those leading to incorrect predic-
tions, across datasets such as GQA, Dex-Net, ISIC, and PlantVillage. These
differences are statistically significant (p < 0.05), and the effect holds consis-
tently across all evaluated datasets, underscoring that higher semantic diversity
is a general marker of successful reasoning rather than a dataset-specific artifact.
Rather than mere lexical variety, this result highlights that semantic diversity
in the latent space is a useful signal that supports accurate task performance.

Takeaway ❷. Hallucinations consistently reshape inputs, modulate rea-
soning trajectories, and higher semantic diversity correlates with correct
outcomes, indicating that their utility arises from broadening the seman-
tic space rather than adding redundant noise.
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We further analyze hallucinations that arise within the reasoning chain itself.
By detecting the position of the first hallucinated token (early, middle, late), we
observe consistent positional patterns: early hallucinations tend to correlate with
stronger downstream improvements. This suggests that speculative cues intro-
duced early in the reasoning process may shape the evolving inference trajectory.
Detailed experimental results are provided in Appendix S4.

Intuitively, hallucinated captions expand the semantic hypothesis space avail-
able to the model. Under partial observability, faithful captions often describe
only visible attributes, which may provide insufficient cues for reasoning. Halluci-
nated cues introduce speculative but task-relevant semantic anchors that guide
the model toward plausible interpretations of the input. When these anchors
align with the latent structure of the task, they help the model explore useful
reasoning trajectories rather than remaining confined to incomplete observations.

4.5 Case Study
Beyond aggregate results, we present a case study to illustrate how hallu-

cinated captions reshape reasoning chains in practice. We select a sample from
the ISIC dataset, where the task is to determine whether a skin lesion is benign
or malignant. Given the same input, the faithful (F) caption focuses on super-
ficial attributes (e.g., asymmetry, irregular borders), constraining the reasoning
to melanoma-like criteria and resulting in an incorrect malignant prediction. In
contrast, the hallucinated (H) caption introduces a vascular cue suggestive of a
seborrheic keratosis (SK) frame. Although this cue is not strictly faithful to the
image, it provides a task-aligned semantic trigger that reshapes the reasoning tra-
jectory: intermediate steps increasingly anchor the SK frame, ultimately leading
to the correct benign diagnosis. This example demonstrates how hallucinations
can supply additional semantic anchors that steer the reasoning process toward
more effective diagnostic paths, rather than merely injecting noise. As illustrated
in Fig. 6, hallucinated captions can introduce auxiliary but task-relevant cues
that guide the reasoning chain toward the correct outcome. More case studies
across additional datasets are provided in Appendix S5.

4.6 Ablation Study
To identify the conditions under which hallucinations provide the strongest

utility, we conduct a set of ablation studies examining three key generation fac-
tors: sampling temperature, token budget, and hallucination intensity. These
analyses reveal how different generation configurations shape the semantic ex-
pansion introduced by hallucinated captions and how such expansion translates
into downstream performance gains.

Temperature. We analyze how sampling temperature influences the use-
fulness of hallucinated captions. As shown in Table 6, all four datasets peak
at T = 0.6, yielding the strongest and most consistent gains (e.g., +11.76%
on ISIC, +14.68% on PlantVillage, +2.51% on Dex-Net, +3.76% on An-
tiCP2). Lower temperatures (T = 0.0/0.3) generate conservative captions with
limited semantic expansion (e.g., −4.27% on AntiCP2, −5.05% on ISIC), while
higher temperature (T = 0.9) increases variance and reduces controllability (e.g.,
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  H-Caption: Pink-brown lesion, irregular border,
vascular activity; SK/BCC suspected. 
 Reasoning:  

- Observes vascularity + heterogeneity
- Anchors SK frame

  - ✔ Conclusion:  Benign (correct).

  F-Caption: Asymmetrical lesion with multiple
colors, irregular borders, and vessels.
 Reasoning:  

- Observes vascularity + heterogeneity
- Matches melanoma criteria

  - ✘ Conclusion: malignant (wrong).

Q: Benign or Malignant?
A: ✔ Benign

H-Path

F-Path
Spurious vascular cue
anchored SK frame makes
correct benign outcome.

H-Summary

Spurious vascular.

H-Mistake

Anchors benign SK
diagnosis.

H-Gain

Fig. 6: Case study on ISIC. A hallucinated (H) caption introduces a spurious vascu-
lar cue that anchors the reasoning toward a seborrheic keratosis (SK) frame, ultimately
yielding the correct benign diagnosis. In contrast, the faithful (F) caption confines rea-
soning to superficial features, leading to a malignant misclassification, highlighting
hallucination’s potential as constructive guidance.

−5.00% on AntiCP2). These observations indicate that a moderate temperature
around T = 0.6 achieves the most effective balance, providing useful semantic
enrichment without introducing excessive variability.

Table 6: Hallucination-induced gain (∆) across temperature and token con-
ditions. We report relative gain ∆ = H − F , isolating hallucination effects by elim-
inating baseline accuracy differences across datasets. Bold values mark the strongest
gain and underlined values the second-best.

Dataset Temperature (T ) Token Length

0.0 0.3 0.6 0.9 128 256 512 1024

AntiCP2 -4.27 +0.10 +3.76 -5.00 +0.15 +3.76 +4.48 -0.14
PlantVillage +2.30 -4.46 +14.68 +1.51 -4.66 +14.68 +7.86 +9.49
Dex-Net +0.07 +1.88 +2.51 +0.14 +1.56 +2.51 -2.04 +1.93
ISIC +9.26 -5.05 +11.76 +3.70 -2.10 +11.76 +1.33 -0.48

Maximum token budget. We examine the impact of token length using
temperature T = 0.6 (Table 6). Short generations (128 tokens) limit semantic
coverage and result in weak or inconsistent gains. A budget of 256 tokens pro-
duces strong and stable improvements across all datasets. Larger budgets (512 or
1024 tokens) can yield higher peaks but also introduce greater variance. Ablating
key hallucinated tokens results in a substantial accuracy drop, confirming the
benefits of hallucinations rely on sufficient and well-structured semantic cues.

Hallucination intensity. To assess how hallucination strength affects down-
stream performance, we generate captions with different hallucination levels us-
ing GPT-4o and group them into strong and weak categories. We interpolate
between faithful and hallucinated captions, and between strong and weak hal-
lucinations, then re-project them into SBERT space for alignment. Fig. 5 shows
smooth semantic transitions (right) and an inverted U-shaped pattern (left),
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where moderate hallucination intensity provides the most reliable accuracy im-
provements, while excessive intensity reduces controllability.

Takeaway ❸. Moderate hallucination levels provide the strongest gains,
indicating that the benefits of hallucinated cues depend on controlled
semantic expansion rather than excessive or weak generation.

5 Discussion and Conclusion
Our findings point to a dual characterization of post-hallucination rea-

soning. The faithful path encourages exploitation, grounding the model in ver-
ified evidence and producing precise but narrow predictions. The hallucinated
path promotes exploration, expanding the hypothesis space through speculative
but task-relevant cues that occasionally unlock shortcuts unavailable to faithful
inputs. Hallucinations are thus not merely errors but alternative signals that
broaden the model’s inference landscape. Their benefits, however, depend crit-
ically on control: moderate hallucination intensity enriches semantics without
destabilizing inference, whereas excessive or misaligned hallucinations degrade
reliability. Temperature, token budget, and interpolation strength provide prac-
tical levers for tuning this balance across datasets, models, and decoding settings,
and fallback mechanisms to the faithful path help manage risk.

Limitations. Although our study reveals consistent patterns of PHR across
tasks and models, several limitations remain. First, our evaluation is conducted
on a fixed set of benchmarks and may not fully capture the diversity of real-
world multimodal reasoning scenarios. Second, our interventions operate pri-
marily at the caption level, whereas hallucinations may also arise within inter-
mediate reasoning steps or latent representations. Third, while hallucinated cues
can sometimes assist reasoning under partial observability, they may also intro-
duce spurious signals in other settings. Future work should investigate broader
task domains and develop principled mechanisms to better control hallucination
induced semantic expansion in multimodal reasoning systems.

Broader Impact. This work contributes to a deeper understanding of hal-
lucination behavior in multimodal models by examining how hallucinated se-
mantics interact with downstream reasoning. Importantly, our findings should
not be interpreted as advocating hallucination as a deliberate inference strategy.
Rather, PHR appears to arise as a by-product of reasoning under incomplete evi-
dence. Understanding this phenomenon may inform future methods that balance
exploratory semantic cues with reliable grounding and verification.

We hope this work encourages the community to further investigate the role
of hallucinated semantics in model reasoning and develop principled methods to
understand and control PHR.
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