Hallu-PI: Evaluating Hallucination in Multi-modal Large
Language Models within Perturbed Inputs (Supplementary
Materials)

A MORE DETAILS OF HALLU-PI

Image Sources. We ask annotators to download images from the
following websites, which offer high-quality images that are free
to download, available for commercial use, and do not require
any licensing fees. (1) https://www.pexels.com/zh-cn (2) https://
pixabay.com/zh/images/search (3) https://www.hippopx.com (4)
https://stocksnap.io

Annotation for Image Cropping Scenario. For image cropping
scenario, we primarily investigate the robustness in MLLMs ability
to count the letters number within cropped images. Therefore, we
have annotators collect images containing common English words,
crop them, and annotate the number of English letters present
before and after cropping. Subsequently, we obtain responses from
MLLMs through the prompt, “How many English letters are there in
the image?"

Annotation for Prompt Misleading Scenario. For prompt mis-
leading scenario, we ask annotators to manually craft prompts
intended to induce MLLMs to generate content that does not align
with the given images. For example, given an image containing
only apples and bananas, a misleading prompt might be: “Besides
apples and bananas, there are two other types of fruit in the image.
What are they?"

(c) Fog Weather

(d) Pixelate Digital

Figure 1: Examples of images with noise, blur, weather, and
digital perturbations.

Other Perturbation Examples. In Figure. 1, we provide four
additional examples of perturbations in Hallu-PI, including noise,
blur, weather, and digital.

Prompt Templates. In Figure. 4, we provide the prompt templates
used in Hallu-PL

Details about the MLLMs used in Hallu-PI. We provide a de-
tailed introduction of the MLLMs evaluated by Hallu-PI in Table 3,
including model parameters and architectures.

B EXPERIMENTAL DETAILS

B.1 Perturbation Intensity Selection

Real-world perturbations can manifest themselves at varying inten-
sities. In previous work [5], they designed five levels of severity for
each perturbation scenario. Hallu-PI, however, focuses more on the
specific perturbation itself rather than its intensity. Therefore, we
randomly select an intensity level between 1 and 5 for noise, blur,
weather, and digital perturbations. We will leave the discussion and
analysis of different perturbation intensities for future work.

B.2 Specific Perturbation Method Selection

As introduced in Section 3.2 of our paper, we follow [5] and reuse
the four types of perturbation scenarios from their paper: noise,
blur, weather, and digital. The specific algorithms for these per-
turbation scenarios are detailed in Section 2.3 (Related Work) of
our paper. During our experiments, we chose the most representa-
tive perturbation algorithms for the Hallu-PI scenarios. Specifically,
we select gaussian noise, defocus blur, fog weather perturbation,
and pixelation for the digital perturbation. Similarly, we will fur-
ther explore the impact of different perturbation algorithms on
hallucination in MLLMs in future work.

B.3 Improvement in Metrics Post-Perturbation

It is worth noting that some metrics in our paper exhibit a slight im-
provement post-perturbation compared to pre-perturbation. These
are rare occurrences and usually appear in simple perturbation
scenarios, as exemplified in Figure. 1, where the images undergo
minimal changes after perturbation. However, for more complex
perturbations such as image concatenation, image cropping, and
prompt misleading, the metrics generally tend to deteriorate.

C ADDITIONAL ANALYSIS
C.1 Analysis of Cropping and Misleading

Figure 2 illustrates the comparative performance of MLLMs be-
fore and after image cropping. GPT-4V [2] and Google Gemini-Pro
Vision [6] exhibit better performance compared to other models.
However, all models, including GPT-4V and Gemini, exhibit a sig-
nificant performance decline when evaluated on cropped images.

Figure 3 depicts the robustness of MLLMs under the prompt mis-
leading scenario. A higher score indicates better robustness of the
model. It is observed that GPT-4V, Qwen-VL-Chat [3], and Gemini
exhibit higher robustness compared to other MLLMs. However, it
is concerning that a greater number of models struggle to identify
misleading prompts, which could lead to more severe hallucinations
during multi-turn dialogues.
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Figure 3: The hallucination of MLLMs under the prompt
misleading scenario, the smaller the score, the more severe
the hallucination.

C.2 Analysis of PI-Score

To validate the effectiveness of our proposed PI-Score, we sample
100 images from Hallusionbench [1] and calculate the PI-Score on 5
representative MLLMs (see Table. 1 left). We extend our findings to
Hallusionbench and observe consistent results with those obtained
on Hallu-PI, demonstrating the model’s vulnerability in perturbed
scenarios and the effectiveness of the PI-Score.

C.3 Analysis of Additional Perturbation

To further enhance the generalizability of Hallu-PI, we add a com-
mon image augmentation perturbation, "shearing" [4] (see Table. 1
right), applied to a sample of 100 CIFAR-10 images. We observe that
several representative MLLMs exhibit more severe hallucinations
after the perturbation.

C.4 Results Before Perturbation for Prompt
Misleading

In our paper, we present the results of the prompt misleading dis-
criminative task post-perturbation, aimed at revealing the severe
hallucinations it induces. To better illustrate this effect, we also
design pre-perturbation prompts (see Figure. 4). The experimen-
tal results are shown in Table. 2: LLaVA-1.5 experiences the most
significant performance decline, while GPT-4V shows more robust-
ness and achieves the highest scores. This, in combination with
the results in Table 5 of our paper, more clearly demonstrates the
hallucination biases of MLLMs in prompt misleading scenarios.

Table 1: PI-Score on Hallusionbench (left) and Top-1 error of
“shearing” perturbation (right).

‘ Hallusionbench-PI score ‘ Shearing-Top 1 error|

Models ‘ Before After ‘ Before After
LLaVA 29.0 18.0 13.0 25.0
LLaVA-1.5 30.5 234 9.0 20.0
Qwen-VL 43.0 194 18.0 38.0
Gemini 37.5 18.6 12.0 33.0
GPT-4V 40.7 21.9 8.0 31.0

Table 2: The before and after results of prompt misleading.

‘ Prompt Misleading
Models ‘ Before ‘ After

| ACCT ACC+? F1T | ACCT ACC+T F17
LLaVA 60.0 26.7 70.2 1.7 0.0 3.2
LLaVA-1.5 98.3 96.7 98.3 40.0 3.3 5.2
Qwen-VL 96.7 93.3 96.8 93.3 86.7 92.9
Gemini 98.3 96.7 98.3 53.3 13.3 333
GPT-4V 98.3 96.7 98.3 95.0 90.0 94.7
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Table 3: The architecture and parameters of MLLMs evaluated by Hallu-PI.

MLLMs Vision Encoder (VE) Parameters of VE  Language Model (LM) Parameters of LM Source
CogVLM EVA2-CLIP-E 4.7B Vicuna-v1.5 7B Official Code
InternLM-Xcomposer-VL ~ EVA-CLIP-G 1.1B InternLM 7B Official Code
LLaVA ViT-L/14 0.4B LLaMA-2-Chat-13B 13B Official Code
LLaVA1.5 ViT-L/14-336px 0.4B Vicuna-v1.5 7B Official Code
MiniGPT-4 BLIP2-Qformer 1.9B Vicuna-v0 7B Official Code
MiniGPT-v2 EVA-CLIP-G 1.1B LLaMA-2-Chat-7B 7B Official Code
mPLUG-Owl-2 ViT-L/14 0.4B LLaMA-2-Chat-7B 7B Official Code
MultimodalGPT ViT-L/14 0.4B LLaMA-13B 13B Official Code
Qwen-VL-Chat ViT-G/14 1.9B Qwen-7B 7.7B Official Code
Visual GLM BLIP2-Qformer 1.9B ChatGLM-6B 6B Official Code
Google Gemini-Pro Vision Unknown Unknown Gemini-Pro Unknown API

GPT-4V Unknown Unknown GPT4 Unknown API
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Prompt Templates
Perturbation Generative Task Discriminative Task
Sc:nariols Before After Before After
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exist | number | color [relation | exist |number| color |relation | exist [number | color |relation 2 x u -
object object
IYes_Q: IYes_Q:
- IYes_Q: =
[s there a Q [s this [Yes Q: [Yes Q:
Is there 1. - -
elephant lion toy [[s there [Is there a
. elephant . X
Please toy in the| . rown in [no lcat in the
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describe image? | - 6o color?  |contact [image?
whether IPlease 87 Iplease etween [Please
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Please lthe ate four [imags | describe | . answer | . . . lanswer  [Please . .
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Yes_Q: IYes_Q:
Please answer in Enlish. In addition |Are all the animals in this image dogs? Please [Please answer in English. In the image, besides
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Figure 4: The prompt templates used in Hallu-PI include those for generative task and discriminative task, as well as prompts

before and after perturbations.
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How many zebras are there in the image? How many zebras are there in the top-left of the image?

Th i bras in the i 3 . .
ere are five zebras In the image There are seven zebras in the top-left of the image.

(a) Image Concatenation

How many English letters are there in the image?

How many English letters are there in the image?

There are 8 English letters in the image, spelling out the word 'MEDITATE.

There are 8 English letters in the image, spelling out the word 'MEDITATE".

(b) Image Cropping

In the image, besides the apples, there are two other types of fruits. What are they?
In the bushes of the image, besides the cheetah, there are two other types of animals. What are

they?

The two other animals in the bushes appear to be impalas. Impalas are antelopes native to Africa

and are c found in and

Besides the apples, there are oranges and bananas in the image.

(c) Prompt Misleading

Figure 5: Some case studies of perturbation scenarios include image concatenation, image cropping, and prompt misleading.
MLLMs adopt CogVLM2-Chat-En [7], which can be accessed at http://36.103.203.44:7861.
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