Aligning ""Hallucinations'': Benchmarking LL.LMs and VLLMs with Humans
on Blind Visual Question Answering

Anonymous ACL submission

Abstract

Pretrained linguistic knowledge provides an es-
sential semantic foundation for modern Vision-
Language Models (VLMs), but its impact on
genuine visual grounding remains unclear. We
introduce "hallucination alignment", a frame-
work that for the first time systematically com-
pares models and human responses on visual
question answering (VQA) without visual in-
put. To this end, we gather the first large hu-
man dataset on blinded VQA-derived questions,
evaluating Large Language Models (LLMs)
and VLMs against human performance and an-
swer patterns. We find that linguistic priors
in VLMs enable blind performance exceeding
both LLMs and humans. Likewise, answer pat-
terns for both LLMs and VLMs differ signifi-
cantly from human answers. We show that it is
possible to align VLMs to human blinded an-
swers at no cost to visually-grounded inference,
creating better aligned multimodal models.

1 Introduction and Related Work

Vision-Language Models (VLMs) (Radford et al.,
2021; Huang et al., 2023a,b; Liu et al., 2023a; Zhu
et al., 2025; Hurst et al., 2024; Bai et al., 2025) in-
herit strong linguistic priors from their foundational
Large Language Model (LLM) components (Tou-
vron et al., 2023). This enables impressive fluency
in answering visually grounded questions (Antol
etal., 2015; Goyal et al., 2016; Wu et al., 2023; Liu
et al., 2023b; Li et al., 2023; Fu et al., 2023; Chen
et al., 2024). However, aligning these linguistic
expectations with visual evidence remains a signif-
icant challenge. Their mismatch often leads to the
phenomenon of hallucination, where models confi-
dently produce plausible responses as they heavily
rely on spurious biases or linguistic cues over visual
information (Agrawal et al., 2017; Xiao and Wang,
2021a; Ji et al., 2023; Xiao and Wang, 2021b;
Huang et al., 2024; Han et al., 2024; Agrawal et al.,
2017; Rohrbach et al., 2018)—Ilikely since the train-

ing objectives incentivize probable linguistic re-
sponses over explicit visual grounding (Kalai et al.,
2025; Ye et al., 2024; Lee et al., 2024).

Previous work Chen et al. (2024) has pointed out
that models lack proper visual grounding, demon-
strating how VLMs often succeed in VQA tasks
without visual input. They designed a benchmark,
MMStar, that aims to measure visual grounding
and logical reasoning, via categories such as coarse
and fine-grained perception and instance reasoning.
Likewise, human cognition also relies deeply on
linguistic and conceptual priors when sensory infor-
mation is absent or ambiguous (Tversky and Kah-
neman, 1974). Importantly, however, while models
are tested broadly across benchmarks, direct em-
pirical comparisons between human and VLM
behavior on such "hallucinations" are scarce.

To bridge this gap, we collect human data
on this behavior in ’blind’ scenarios providing
only the probing questions from VQA bench-
marks and evaluate VLMs and LLMs against hu-
man performance. We collect the first human-
annotated blind-inference dataset from open-ended
and multiple-choice VQA benchmarks including
VQA 2.0 (Goyal et al., 2016) and MMStar (Chen
et al., 2024), spanning different question categories.
We measure the degree of hallucination alignment
both in terms of accuracy but also in terms of an-
swer patterns to provide a deeper understanding of
their language priors. Finally, we investigate how
these language priors interact with visual ground-
ing abilities on the state-of-the-art VLMs by steer-
ing their bias towards human prior via fine-tuning
and see how or whether it reshapes their hallucina-
tion behavior and visual grounding.

2 Experimental Setup

2.1 Blind Inference Protocol

Datasets and Models. Our hallucination evalua-
tion set consists of 374 questions sampled across



different question types from the VQA 2.0 vali-
dation split (Goyal et al., 2016), and 267 ques-
tions from MMStar (Chen et al., 2024), drawn
from four categories and excluding the Science
& Technology category, as our analysis focuses
on visual reasoning. We use the same test set for
humans for the quadrant analysis in Section 2.1,
and use another subset of 5,000 images of the VQA
dataset in Section 3.3. We benchmark a set of open-
source state-of-the-art LLMs and VLMs, including
Qwen3 series (Bai et al., 2025; Yang et al., 2025),
InternVL3.5 (Zhu et al., 2025) and LLaVA models
(Liu et al., 2023a, 2024) with two language back-
bone variants, including Mistral (Jiang et al., 2023)
and Vicuna (Zheng et al., 2023).

Human Data Collection. Using an IRB-
approved protocol with standard compensation,
we recruited N=20 human participants, who were
instructed to answer each of the 641 VQA-like
questions based solely on the textual prompt,
ensuring consistency across responses. Participants
were instructed to rely only on general world
knowledge and linguistic cues. After answering,
participants reported their confidence on a 5-point
Likert scale (1-5), with higher values indicating
greater confidence.

Accuracy Metrics. We report three metrics: (1)
accuracy following the standard evaluation proto-
col in Antol et al., 2015 for VQA or percentage
correct for the 4-alternative forced-choice MM-
Star, (2) semantic similarity for non-dichotomous
or non-numeric VQA questions between predicted
and ground-truth answers using Sentence-BERT
embeddings (MiniLM-L6-v2; Wang et al., 2020)
via cosine similarity, and for VLM models also
(3) Multi-modal Gain (MG), which quantifies the
performance drop when visual input is removed.

We evaluate the VLM models in two inference
settings, 1) given blank black images with ad-
ditional instruction to guess based on common
world knowledge (refer to Appendix E.1 for de-
tails on instruction) and 2) original image with
questions to compute multimodal gain (MG). Fol-
lowing Chen et al. (2024), MG is defined as
MG = Syisionttext — Stext—onlyy where Syision+text and
Stext-onty denote model performance with full visual
input and with a blank image, respectively.

Answer pattern alignment. We estimate an-
swer agreement of models with humans or hu-
mans with humans via the pairwise Spearman cor-

relation (p) on the list of scores of questions of
each subject. Human—human agreement is com-
puted via a leave-one-out protocol, correlating
each annotator’s correctness with the mean cor-
rectness of all other annotators per question, while
model-human agreement correlates model correct-
ness with aggregated human consensus; Spearman
correlations are averaged directly. Confidence in-
tervals for human and LLM baselines are estimated
via leave-one-rater-out jackknife, treating raters
(humans or models) as the unit of independence,
where removing a rater removes all correlations
involving that rater.

2.2 Fine-tuning to Human Data

To isolate the effect of alignment to human lan-
guage priors, we fine-tune VLMs of 4B and 7-8B
on blind human annotations (N=10 and 15) using
LoRA adapters, while freezing the vision encoder
and alignment modules. We leverage aggregated
human confidence scores under two training ob-
jectives: (1) standard supervised fine-tuning using
a single representative answer selected based on
highest confidence and frequency (SFT), and (2)
distributional alignment using a Jensen—Shannon
divergence loss that incorporates token-level super-
vision derived from human confidence scores (JS).
Full dataset curation and training implementation
details are provided in Appendix E.

3 Experimental results

3.1 Language priors

The blind performance of humans and pretrained
models, with Qwen 3 LLM as our baseline models
is reported in Table 1.

Humans vs LLMs vs VLMs. Human VQA per-
formance on dichotomous yes/no questions is bet-
ter than chance, whereas guessing the exact num-
ber of items blindly proves harder. Performance on
"other" question types in terms of exact match is at
low, yet non-zero levels, but as can be seen, humans
are able to provide similar answers to the ground
truth in many cases. Performance on the more
open-ended MMStar questions is similar across cat-
egories and at the reported random choice level of
~ 25%(Chen et al., 2024) testifying to the dataset’s
design choice of testing pure visual grounding.

In terms of VQA performance, interestingly,
VLMs show higher average accuracy in the blind
condition than humans, whereas the LLM baseline



VQA MMStar
Model LLM Size \ Y/N Num Other Avg \ CP FP IR LR Avg
Humans (N=20) - - \ 66.6 13.8 13.0/455 39.0 \ 282 263 284 277 274
LLM Baseline
Qwen3 Qwen3 4B | 549 190 247/552 388 | 25.0 33.7 236 409 29.7
8B | 503 17.1 22.1/532 353 | 17.6 297 200 59.1 26.8
Multi-Modal models
2B | 71.8 17.1 23.8/555 464 | 309 287 21.8 227 272
Qwen3-VL Qwen3 4B | 703 19.0 28.9/564 48.0 | 17.6 347 255 409 285
8B | 71.5 219 27.0/549 48.0 | 309 30.7 309 500 325
Qwen3-0.6B IB | 68.3 381 20.0/52.8 451 | 250 297 29.1 273 280
InternVL 3.5 Qwen3-1.7B 2B | 74.6 17.1 19.2/53.0 458 | 20.6 257 182 364 236
" Qwen3-4B 4B | 744 171 24.0/557 478 | 206 257 255 31.8 2438
Qwen3-8B 8B | 703 229 228/543 458 | 279 327 273 63.6 329
LLaVA v1.5 Vicuna 1.5 7B | 703 17.1 19.4/484 438 | 368 277 29.1 273 305
’ 7B | 744 200 27.2/562 494 | 324 208 309 182 260
LLaVA v1.6 Mistral 7B | 69.6 20.0 27.0/550 47.0 | 250 248 21.8 31.8 248

Table 1: Zero-shot blind performance of humans and models across dataset categories. Metrics for Other answer types in VQA
are Accuracy/Similarity pairs; others are accuracy only. MMStar accesses include CP (coarse perception), FP (fine-grained
perception), IR(instance reasoning), LR (logical reasoning) core capabilities. Bold denotes best; underline denotes second best.

performs on average similarly. As the table en-
tries demonstrate, however, both LLMs and VLMs
show different performance patterns according to
question types against the human benchmark. On
MMStar, several VLMs in addition show high blind
performance on logical reasoning tasks, indicating
successful, yet non-human-like hallucination.

Effects of Model size. Increasing the model size
for LLM models shows slight decreases in perfor-
mance on the blind set. Conversely, both QwenVL
and InternVL have clear gains for the MMStar
benchmarks with increasing model size, especially
in the logical reasoning tasks. Performance on
VQA shows less variability with model size. This
pattern suggests that larger models encode stronger
and more structured language priors.
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Figure 1: Responses for dichotomous/numerical questions.

3.2

Answer Biases. Figure 1a records answer distri-
butions for yes/no and numerical questions in the
VQA task. Here, models overall produce different
answer patterns compared to humans: fewer posi-

Human-Model Agreement

tive answers for categorical questions, and a large
bias towards answering "0" while at the same time
producing significantly fewer answers in the small
number regime.

Correct/incorrect matrix. To further character-
ize model behavior, we stratify questions based on
blind correctness for both humans and models, then
analyze how models behave when visual informa-
tion becomes available via accuracy-based Multi-
modal Gain (MG). This is done for four correctness
regimes (Shared Wrong, Human-Only, Shared Cor-
rect, Model-Only) using a 50% average accuracy
threshold for humans and models.

Shared Wrong Human-Only Shared Correct Shared Correct  Model-Only

- VQAV2 s MMStar

Mean MG

Figure 2: Multimodal gain (MG) for accuracy matrix.

When blind linguistic inference fails, adding vi-
sual input yields consistently large positive gains,
as MG is largest in the Shared Wrong and Human-
Only regimes as shown in Figure 2. A representa-
tive example from VQA questions yielding largest
MG and high blind performance in humans, asks
for the number of clocks on a tower. Humans cor-
rectly answer "1" by leveraging bias anchored by
the question, whereas models default to null or
generic answers as reflected in Figure 1.

In contrast, when blind correctness is already
achieved, visual input contributes little or may
even degrade performance, as MG collapses in
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Figure 3: Human—model alignment versus test accuracy on VQA dataset. The x-axis shows Spearman correlation (p) between
model and human correctness. Marker size=size of the models. Blue markers indicate ground truth training, orange markers are
prior aligned models in different training strategies. Human baseline is highlighted in red and Qwen LLM baseline is in gray.
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Figure 4: Answer change of InternVL 3.5 and Qwen3-VL
after human responses alignment when pretrained models are
correct in the blind setting.

the Shared Correct and Model-Only regime, with
more pronounced degradation when humans are
not correct — suggesting the blind model correct-
ness is often driven by idiosyncratic or spurious
linguistic correlations that conflict with visual evi-
dence. Cases where visually grounded predictions
diverge from heterogeneous or misleading human
priors include in the question “What type of es-
tablishment are these people likely seated?”, all
VLMs correctly answer restaurant based on prob-
able imagined cues. In contrast, human responses
include variable answers (such as playground, nurs-
ing home, park bench, school, or waiting room),
reflecting reliance on ambiguous or incorrect priors
in the absence of visual input.

3.3 Human-Model Prior Alignment

Models initially exhibit low alignment with hu-
man responses (p = 0.455), lower than the human
baseline (p = 0.566) and closer to their LLM base-
line (p = 0.423), as shown in Figure 3. However,
after fine-tuning with human prior biases, align-
ment improves substantially (p = 0.598 for SFT

and p = 0.547 for JS), while preserving visually
grounded performance, incurring little to no loss in
original VQA accuracy. After alignment finetuning,
the models produce more generic responses similar
to humans, as illustrated by the VQA examples
in Figure 4 that capture the human blind-answer
distribution correctly. We also note that fine-tuning
on the original VQA responses does not produce
better human blind-response alignment, as shown
by the blue markers in Figure 3.

Qualitative examples from MMStar further high-
light how the alignment could suppress the out-
standing blind performance observed in 8B VLMs.
In one example from the logical reasoning category
estimating the proportion of an image occupied
by a bus, about half of humans converge on the
ground truth option (0.6). However the Qwen3-VL
model regressed to other choices after the align-
ment, despite having the answer correct initially.
Conversely, the opposite effect was observed in
another example from MMStar, where the ques-
tion asks "Which mood does this image convey?".
More than half of the humans preferred to answer
"cozy" (the ground truth answer), while the models
anchored to the option "sad" before alignment. Our
gathered human responses helped to compensate
the degraded performance of models from incorrect
but generic human priors.

4 Conclusion

In this work, we analyzed hallucination in
vision—language models by comparing their
language-only inference with human responses un-
der missing visual input. We showed that VLMs
outperform both humans and LLMs, with both
LLMs and VLMs exhibiting significantly differ-
ent answer patterns as well—a large misalignment.
Using inexpensive fine-tuning, we managed to in-
crease alignment while keeping the multimodal,
visually-grounded performance intact.



Limitations and Future Work. Our models and
alignment methods can further reduce leakage to
existing benchmarks by better leveraging on hu-
man priors and improving generalizability, without
harming the accuracy. However, our analyses rely
on a limited set of model families and human anno-
tations evaluated question subsets. Consequently,
the reported correlations should be interpreted di-
rectionally rather than as precise effect sizes or
causal estimates. In addition, model inference is
deterministic in our evaluation, with zero-shot mod-
els evaluated using a single inference pass without
task-specific optimization; as a result, individual
measurements may not fully reflect variability.

Future work would benefit from scaling human
annotation efforts on such human priors, with ex-
panding the range of pretrained and fine-tuned mod-
els evaluated, and exploring explicit fine-tuning
strategies that better balance the trade-off between
leveraging linguistic priors and ensuring robust
visual grounding. Finally, extending evaluation
to larger datasets and benchmarks that explicitly
probe spurious correlations or counterfactual rea-
soning would strengthen causal claims about the
role of language priors in vision—language model
behavior.
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Appendix

A Human Study Protocol and Participant
Details

A total of 24 participants (9 men and 15 women;
age range: 20-43 years) were included in the study.
Participants were recruited via online student com-
munity forums at universities. All procedures were
conducted under an IRB-approved protocol and
adhered to the principles of the Declaration of
Helsinki. Informed consent was obtained from
all participants prior to participation.

Each participant completed 641 VQA-style ques-
tions in a single session, which took approximately
one hour on average. Participants were compen-
sated at a rate of 10,000 KRW per hour, consistent
with standard compensation for similar annotation
tasks.

For VQA, participants were instructed to provide
free-form answers that were as concise as possi-
ble. Responses could be given in either Korean or
English and were translated and processed using
the same answer normalization and aggregation
strategy described in Appendix E.

MMStar questions were presented with the orig-
inal multiple-choice options, along with Korean
translations, in the same order as the dataset.

B Effects of Blind Awareness Instruction

After the original prompt and the blank image, the
models were instructed as the following: *Note: No
images are provided. For each question, imagine
an appropriate image exists and answer based on
the most common or universal scenario.’.

VQA MMStar
Model GT  Blind Ape GT  Blind  Apg
InternVL-3.5 (1B)  80.5 436 02 434 257  -1.9
InternVL-3.5 (2B)  82.1 455  -02 517  26.1 0.7
InternVL-3.5(4B)  83.0 450 22 643 245 29
InternVL-3.5 (8B) 869  47.1  -1.7 627 287  -0.8

Qwen-VL-3(2B) 830 455 07 517 239 33
Qwen-VL-3(4B) 859 455 19 638 218 3.0
Qwen-VL-3(8B) 894 443 31 660 252 1.8

Table 2: Accuracy comparison with the presence of additional
instruction on VQA and MMStar. GT denotes standard visual
inference accuracy. Apg = Blindpg — Blind captures the
effect of instruction presence.

C Answer Similarity Distributions
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(a) ECDF of answer embedding similarity for human
and model responses.

Answer embedding similarity distribution

Human
Model

---- Human p=64.2
010 Model 1=69.8

0 20 0 60 80 100
Embedding similarity (cosine, x100)

(b) Histogram of answer embedding similarity for
human and model responses.

Figure 5: Distribution of answer embedding similarity for
human and model responses in VQA dataset. ECDF (top)
and histogram (bottom) provide complementary views and
show consistent rightward shifts for model-generated answers,
indicating greater semantic consistency to the ground truth
answer in the blind setting.

D Interrater agreement

Figure 6: Inter-rater agreement matrix under blind condi-
tions. Each cell reports the pairwise Spearman rank correla-
tion (p) between two subjects (human or model), computed
over per-question consensus. Higher values indicate stronger
rank consistency in question-level behavior, measuring the
extent to which the subjects tend to find the same questions
easy or difficult in the absence of visual input. Humans and
models are separated by a red line.



E Training Details.

Hyperparameters. We apply LoRA to all linear
layers with rank 32 and scaling factor 64, while
freezing the vision encoder and alignment mod-
ules. We optimize the model using AdamW with
a learning rate of 2 x 107°, cosine learning-rate
scheduling with a 5% warmup, and weight decay
of 0.1, training for a maximum of 5 epochs. We
select the checkpoint with the best validation per-
formance for evaluation. Hyperparameters were
selected based on prior literature and preliminary
runs, rather than exhaustive optimization.

Answer Aggregation. For training dataset cura-
tion, we cluster semantically equivalent answers
(e.g., “3” and “three”) into canonical forms us-
ing using GPT-40 mini (OpenAl, 2025) For each
question, we aggregate human responses into a
confidence-weighted distribution over canonical
answers. Models are then trained on a subset of 15
subject samples and split 20% for validation.

We cluster semantically equivalent human an-
swers using a large language model. The model is
prompted to group synonymous responses, select
a concise canonical form, and return the result in
structured JSON.

The prompt used is shown below.

Prompt. You are an expert VQA data processor.
Group semantically similar answers.

Instructions: (1) Group semantically identical
answers (e.g., “3” and “three”). (2) Choose the
most common and concise canonical form. (3)
Unique answers form their own group. (4) Return
only valid JSON. (5) Ignore unsafe or inappropri-
ate terms.

Confidence Aggregation. Let ¢ denote the map-
ping from each human answer a; to its correspond-
ing canonical answer a; € A. Given a visual
question g with image I, we collect N human anno-
tations, where each annotator ¢ provides an answer
a; and a confidence score ¢; € [0, 1].

For each canonical answer ay, we aggregate the
confidence scores from all annotations mapped to

it:
Yo (1)

i:p(ai)=aj,

S =

The human confidence distribution H over
canonical answers is then obtained by normaliza-
tion:

Sk

H(ay,) = ZKis
=157

2

Supervised Fine-Tuning Loss. The standard
cross-entropy loss on the ground-truth answer se-
quence:

T
Lspr = —Zlong(yt|y<t,q,I) 3)
t=1

where y = (y1,. .., yr) is the target answer token

sequence.

Distributional Matching Loss. We adopt an
answer-level distributional objective that aligns
model predictions with human uncertainty over
complete answers.

Let My denote the vision-language model with
parameters 6, and let Py(alq, I) denote the model’s
probability distribution over answers given ques-
tion ¢ and image I.

For a model My, we define the answer-level pre-
dictive distribution

exp(¢))
> iy exp(ly)’

where /; = log Py(a; | ¢) is computed by sum-
ming the token-level log probabilities of the answer
a; conditioned on the question q.

We use the Jensen—Shannon divergence (JSD)
(Lin, 2002) defined as:

My(a;) = )

['dist(Q) = JSD(Hq H Mq)

= DKL (H, | Ug) + 5 D (My |0,
&)
where U, = 1(H, + M,) is the mixture distribu-
tion, and Dy, denotes the Kullback—Leibler diver-
gence:
P(a)

—.  (6)

Dxi(P Q) = ) Pla)log 5

ac€Aq



E.1 Effect of supervision under different
finetuning strategies on VQA.

Under distributional finetuning, ground-truth super-
vision yields only marginal improvements in both
accuracy and answer similarity across all models.
In contrast, standard finetuning method exhibits
substantially larger gains from ground-truth super-
vision, particularly for smaller models.

Model Strategy | Acc. A Sim. A
InternVL 3.5 (8B) g:'r 823; 8??
LLaVA-Mistral (7B) g}r &ii 8:(1)8
Qwen3-VL (4B) g;T (1)141‘3 8282
Qwen3-VL (8B) éSI;T 8:23 81(1)3

Table 3: Effect of supervision under different finetuning strate-
gies on VQA. We report the difference between ground-truth
and blind supervision (GT — Blind) for VQA-trained models.
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