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Abstract

VLM models often rely on memorized knowledge rather than image analysis, getting only 17% accuracy on
counterintuitive counting problems. Prior work demonstrated this on closed API SOTA models, but it
remains unclear whether the same bias appears in smaller open-source models and whether more advanced
prompting strategies can overcome it. We evaluate four open-source VLM with parameters ranging from 8B
to 12B on the VLMBias benchmark and five prompting strategies: baseline, debiased, zero-shot chain-of-
thought, compositional chain-of-thought, and double-check. Results showed that open-source models have
similar to API-based models’ patterns having accuracy and bias-aligned error rate of 17-22% and 65-85%
respectively. We made 16 comparisons against the baseline and 6 remain statistically significant after
Bonferroni correction. The tested strategies appeared to be model specific as they may cause opposite results
for different models. These results suggest that prompting alone is not enough to reliably reduce knowledge
bias in VLMs.
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1. Introduction

VLM models combine a vision encoder with a large language model, which allows them to answer
the questions based on the image [12]. However, since the language model remembers huge amounts
of information from the training data, this knowledge can overcome the visual analysis of the image.
For example, if you show an Adidas logo with 4 stripes and ask the model how many stripes there
are, the model might answer 3, based on the memorized knowledge and not image analysis.

Vo et al. [1] demonstrated this issue with the VLMBias benchmark, which consists of 2784
counterintuitive images in 7 domains. They tested 5 closed SOTA API-based models and received an
average 17.05% accuracy on counting tasks and a bias-aligned error rate of 75.70%. Authors also tested
2 simple prompting strategies, debiased and double-check, that gave +1.87 and +2.70 percentage
points improvement. However, Vo et al. did not test any open-source models and did not use more
comprehensive prompting strategies like chain-of-thought [11, 2] and compositional methods [3].

In this work, we evaluate 4 open-source VLM models, with parameters ranging from 8B to 12B,
on the full VLMBias benchmark with 5 prompting strategies of different complexity. We apply the
McNemar test [10] and the Bonferroni correction to find statistical significance. Our main results:

e  Open-source models show approximately the same accuracy and bias-aligned error rate as
API-based models, 17-22% and 65-85%, respectively.

e Out of 16 prompt comparisons, only 6 showed statistical significance.

e  No prompting strategy showed consistent results across all models. The same strategy can
produce completely opposite effects on different models.

e  These results suggest that prompting strategies alone are not enough to reliably reduce
knowledge bias.
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2. Related work
2.1. Knowledge bias in VLMs

Bias in large language models is one of the core challenges associated with their use [14]. Models
are trained to answer even when they are not confident, which causes hallucinations [13]. In
multimodal systems, it takes the shape of a knowledge bias, when the large language model part
ignores the image and answers based on what it remembers. VLMBias [1] formalized it, showing that
even SOTA closed models often answer with memorized values instead of analyzing the image.

2.2. Prompting and Chain of Thought reasoning

Wei et al. [11] showed that chain-of-thought prompting, where the model reasons step by step
before answering, significantly improves LLM performance on complex tasks. Kojima et al. [2]
showed that adding "Let's think step by step" works without any examples across different types of
tasks. For multimodal tasks, Mitra et al. [3] proposed CCoT, a two-step approach where the model
first describes what it sees and then answers the question. Wang et al. [4] showed that generating
multiple answers and picking the most common one makes CoT more reliable. Lanham et al. [5]
found that CoT reasoning is not always faithful as models get bigger; they start to decide the answer
before generating the reasoning chain and using CoT only to justify an already chosen answer.

3. Method
3.1. Models

We evaluate four open-source VLMs with parameters ranging from 8B to 12B:
Qwen3-VL-8B-Instruct [6]

InternVL3-8B [7]

Gemma 3-12B-it [8]

GLM-4.1V-9B-Thinking [9]

This combination of models was selected to compare different architectural approaches at a
similar scale: Qwen3-VL uses ViT with dynamic resolution, InternVL3 is based on InternViT-
300M, Gemma 3 uses SigLIP2 and GLM-4.1V-9B-Thinking AIMv2-Huge visual encoder. All models
were instruction-tuned and publicly available. Notably, GLM-4.1V-9B is a reasoning model that
generates a chain of thought before providing the final answer, which makes it specifically
interesting for testing how reasoning interacts with knowledge bias. The main characteristics of
the models are given in Table 1.

Table 1
Model specifications
Model Parameters Vision Encoder Max Resolution

Qwen3-VL-8B-Instruct 8B ViT dynamic
InternVL3-8B 8B InternViT-300M 448 x 448 tiles
Gemma 3-12B-it 12B SigLIP2 896x896 crops
GLM-4.1V-9B- 9B AlMv2-Huge dynamic
Thinking

3.2. Prompt conditions

We test five prompting strategies with different complexities, each taken from published work.
The baseline prompt repeats the format used by Vo et al. [1] from the VLMBias benchmark and is a



simple counting question without additional instructions. The debiased prompt, also taken from Vo
et al. [1], adds before the question an instruction to ignore prior knowledge and answer based only
on the image. The zero-shot chain-of-thought prompt, based on the method of Kojima et al. [2], adds
"Let's think step by step" before the question, making the model reason without any examples.
Compositional chain-of-thought (CCoT), based on Mitra et al. [3], uses a two-step approach in which
the model first makes a detailed description of what it sees on the image, and then answers the
counting question using its own previously generated description as context. Double-check prompt,
also taken from Vo et al. [1], asks the model to answer the question, then double-check and confirm
its response. The exact prompts are given in Figure 1.

re Y
Baseline {question}
h A
e ™
Do not assume from prior knowledge and answer
Debiased only based on what is visible in the image.
{question}
. J
e ™
Zero-Shot CoT Let’s think step by step.
{question}
. J
e ™
STEP1

Generate a scene graph for this image as a JSON
object with three keys: 'objects’, 'attributes’,
‘relationships’.

STEP 2
{guestion} + Answer with a number in curly
brackets, e.g., {9}.

STEP1
{question} + Answer with a number in curly
brackets, e.g., {9}.

Double-check STEP 2

Please double-check your answer and give your
final answer in curly brackets, following the format
above

Figure 1: Prompt templates for each condition. {question} denotes the original VLMBias counting
question.

3.3. Evaluations

We use VLMBias [1] as a benchmark; it consists of 2784 counting questions in seven domains:
animals, logos, chess, game boards, optical illusions, flags, and patterned grids. Each question goes
with an altered image in which the correct count is intentionally different from the common value.
For the evaluations, we use exact match accuracy, which is defined as the percentage of questions,
for which the model retrieved a numeric answer that matches the ground truth, and bias-aligned error
rate, which is defined as the percentage of incorrect answers when the model's response matches the
commonly memorized value.

We measure statistical significance between prompt strategies using the McNemar test [10], which
gives a binary outcome for each pair. Every prompt strategy is compared to the baseline within each
model. For multiple comparisons, we apply a Bonferroni correction with a significance threshold of



a = 0.05/ 4 = 0.0125 because there are four comparisons per model. We also report 95% confidence
intervals computed with bootstrap using 10000 iterations.

The computations were run with vLLM[15] in different Google Colab environments with NVIDIA
H100 and NVIDIA A100 GPUs. The generation limit was set to 512 tokens for Qwen3-VL-8B-Instruct,
InternVL3-8B, and Gemma-3-12B-IT, and to 2048 tokens for GLM-4.1V-9B-Thinking. The maximum
context length was 8192 tokens for all models.

4. Results
4.1. Overall accuracy

The exact-match accuracy results for four models and five prompt conditions are shown in Table
2.

Table 2
Exact match accuracy (%) across prompt conditions. Best result per model in bold.

Model Baseline Debiased CoT CCoT  Double-check
Qwen3-VL-8B-Instruct 19.32 20.19 20.87 19.65 19.25
InternVL3-8B 20.15 21.01 16.70 22.59 21.05
Gemma 3-12B-it 17.56 19.11 19.04 17.28 17.74
GLM-4.1V-9B-Thinking 22.95 20.73 24.64 20.01 23.31

Despite differences in the prompting strategies, all models show very low accuracy in the range
from 16.70% to 24.64%, which shows that knowledge bias remains even after prompting. The best
result from all model and prompt combinations was achieved by GLM-4.1V-9B-Thinking with CoT at
24.64%, while the worst was achieved by InternVL3-8B with the same condition at 16.70%, which is
notable since both extremes come from the same strategy on different models. Overall, the received
accuracy levels are comparable to the results of closed API-based models reported by Vo et al. [1],
which suggests that this pattern is not tied to a particular model family.

4.2.  Statistical significance

Out of 16 comparisons, only 6 showed statistical significance for the McNemar test with
Bonferroni correction. Significant results are shown in Table 3. Qwen3-VL did not have a single
significant comparison. InternVL3 CoT reduced the accuracy by 3.45 percentage points, and CCoT
increased it by 2.44 percentage points. Gemma 3 debiased increased accuracy by 1.54 percentage
points. GLM-4.1V-9B-Thinking had the most changes: CoT improved accuracy by 1.69 percentage
points, while debiased and CCoT reduced it by 2.23 and 2.95 percentage points. No strategy worked
consistently across all models.

Table 3
Statistically significant comparisons in percentage points relative to baseline.
Model Prompt pp p-value

InternVL3-8B CoT -3.45 <0.0001
InternVL3-8B CCoT +2.44 0.0001
Gemma 3-12B-it Debiased +1.54 0.0011
GLM-4.1V-9B-Thinking Debiased -2.23 0.0003
GLM-4.1V-9B-Thinking CoT +1.69 0.0015

GLM-4.1V-9B-Thinking CCoT -2.95 <0.0001




4.3. Bias-Aligned Error Analysis

Bias-aligned error rate shows that a share of incorrect answers matches the remembered values.
In all tested cases, the value stays high, from 64.94% to 84.77%. GLM-4.1V-9B-Thinking having the
highest overall accuracy has the highest bias-aligned error rate, 82-85%. The biggest difference was
in InternVL3 with CoT: bias-aligned rate dropped from 75.38% to 64.94%. As a result, the model does
not start seeing better but starts making a wider set of mistakes. Results are shown in Figure 2.
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Figure 2: Bias-aligned error rate (%) across models and prompt conditions

4.4. Per domain analysis

Per-domain accuracy with baseline condition shows very different results. Animals and Chess
Pieces received around zero, ranging from 0 to 1.83% and from 0 to 7.29% for all models, so prompting
for these domains does not help at all. Optical Illusions have stable results at around 50% for all
models, which is likely related to the perceptual complexity of the images rather than knowledge bias.
Flags show the biggest difference between models, GLM-4.1V-9B-Thinking gets 38.75%, while Gemma
3 only 13.75%. Results are shown in Table 4.

Table 4
Exact match accuracy (%) by domain under baseline condition.
Model Animals  Chess Flags Game Logos Optical  Patterned
Pieces Boards [llusions Grids

Qwen3-VL-8B- 1.83 0.00 17.92 7.74 5.07 50.88 14.29
Instruct
InternVL3-8B 0.00 0.00 17.92 6.55 16.43 50.25 12.20
Gemma 3-12B-it 0.00 0.00 13.75 7.74 6.04 50.63 5.06
GLM-4.1V-9B- 0.18 7.29 38.75 20.24 0.24 54.80 16.37
Thinking

5. Discussion and Conclusion

We tested four open-source VLM models with the VLMBias benchmark using five prompting
strategies. Results showed the same pattern as closed API-based models [1], getting 17% to 22%
accuracy and 65% to 85% bias-aligned errors. Out of 16 prompt comparisons 6, were statistically



significant. Significant effects are model-specific, and different prompting strategies can have
opposite effects when applied to different models. For the domains with the strongest real-world
associations, like Animals and Chess Pieces, all model-prompt combinations showed near-zero
accuracy.

Our work limitations include a limited model size in the range from 8B to 12B parameters,
responses were limited by token count, and temperature was set to 0 for all experiments. Future work
could explore visual prompting approaches, test with larger and more diverse models and look into
architectural solutions like stronger multimodal alignment, since prompting alone seems insufficient.

Overall, knowledge bias in VLMs appears to be a structural problem that prompting strategies
alone cannot solve.

6. Declaration on Generative Al

During the preparation of this work, the authors used Claude (Anthropic) for coding assistance in
the experiment pipeline, grammar and spelling checks, and basic proofreading. The authors reviewed
and edited all Al-generated content and take full responsibility for the content of this publication.
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