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VLM Name Huggingface ID Model LLM Input Training Data
Size Size Resolution Data Cur.

LLaVA-1.5 7B liuhaotian/llava-v1.5-7b 7.4B 7.0B 336×336 1.2M high
LLaVA-1.5 13B liuhaotian/llava-v1.5-13b 13.4B 13.0B 336×336 1.2M high

LLaVA-1.6 7B vic liuhaotian/llava-v1.6-vicuna-7b 7.1B 6.7B 336×336 1.6M high
LLaVA-1.6 7B mis liuhaotian/llava-v1.6-mistral-7b 7.3B 7.0B 336×336 1.6M high
LLaVA-1.6 13B vic liuhaotian/llava-v1.6-vicuna-13b 13.3B 13.0B 336×336 1.6M high
LLaVA-1.6 34B liuhaotian/llava-v1.6-34b 34.7B 34.4B 336×336 1.6M high

Qwen-VL Qwen/Qwen-VL 9.6B 7.7B 224×224 1400.0M low
Qwen-VL Chat Qwen/Qwen-VL-Chat 9.6B 7.7B 224×224 1400.0M low

CogVLM Chat THUDM/cogvlm-chat-hf d.o. 7.0B d.o. 2250.0M low
CogAgent THUDM/cogagent-vqa-hf d.o. 7.0B d.o. 1690.0M low
CogVLM GG THUDM/cogvlm-grounding-generalist-hf d.o. 7.0B d.o. 1500.0M low

CogVLM2 19B THUDM/cogvlm2-llama3-chat-19B 19.0B 8.0B 1344×1344 n.a. n.a.

InternVL2 1B OpenGVLab/InternVL2-1B 0.8B 0.5B 448×448 >50M n.a.
InternVL2 2B OpenGVLab/InternVL2-2B 2.5B 2.1B 448×448 >50M n.a.
InternVL2 4B OpenGVLab/InternVL2-4B 4.1B 3.8B 448×448 >50M n.a.
InternVL2 8B OpenGVLab/InternVL2-8B 8.1B 7.7B 448×448 >50M n.a.
InternVL2 26B OpenGVLab/InternVL2-26B 25.5B 19.9B 448×448 >50M n.a.
InternVL2 40B OpenGVLab/InternVL2-40B 40.1B 34.4B 448×448 >50M n.a.

Cambrian 3B nyu-visionx/cambrian-phi3-3b d.o. 3.3B 384×384 9.5M high
Cambrian 8B nyu-visionx/cambrian-8b d.o. 8.0B 384×384 9.5M high
Cambrian 13B nyu-visionx/cambrian-13b d.o. 13.0B 384×384 9.5M high
Cambrian 34B nyu-visionx/cambrian-34b d.o. 34.4B 384×384 9.5M high

Table A1. Summary of analyzed VLMs in PARC and their prop-
erties. “Data Cur.” means Data Curation. The huggingface ID
was used in our evaluation code to load the respective models.
VLM properties are listed according to the corresponding papers
or their github repositories. Note that some information marked
with “n.a.” is not publicly available, while “d.o.” indicates that the
information is difficult to obtain. The training data estimate for In-
ternVL2 is based on its predecessor InternVL 1.2 plus with 39.3M
pretraining and 12M finetuning data. The data curation estimate
is “high” if the training data is a balanced collection of curated or
established datasets for specific tasks, and “low” for web-crawled,
auto-annotated data.

A1. Evaluated Vision Language Models

In Tab. A1 we give an overview of all 22 evaluated VLMs
and their model properties, which form the basis for our
experimental evaluation in Sec. 3. The 22 models come
from the 7 VLM families LLaVA1.5, LLaVA1.6, Qwen-VL,
CogVLM, CogVLM2, InternVL2 and Cambrian [3, 4, 6,
11, 12, 17, 18].

A2. PARC Prompt Variations and Datasets

Below we give more details on the generation of our prompt
variations and datasets. First, we describe our prompt vari-
ation taxonomy in greater detail. Next, we provide the
LLaMA3 prompts [1], which were used to generate the lan-
guage variations across all datasets. Then, we give details
on creating the semantic vision exchange variation (VS-E),
which requires manual data annotation and results in 6 new
datasets. Finally, we describe how we cleaned the prompts
in the MMBench dataset [13] to enable our language prompt
alterations with LLaMA3.

A2.1. Prompt Variation Taxonomy

We define any change to a prompt’s text or vision com-
ponent as prompt variation, focusing on human-plausible
variations that reformulate (same expected answer) or se-
mantically change (changed expected answer) the prompt.
PARC proposes expanding semantic changes to images, the
remaining vision and language reformulations in PARC are
a subset of realistic, existing text and image perturbations:

reformulation vision
language ⊂ perturbation image

text ⊂ prompt variation.

We choose them to cover broad perturbation classes, es-
tablished in prior works. For language reformulations,
we adopted several text perturbation classes from [15]:
AddText [LR-V Verbose], DropText [LR-C Concise], and
TextStyle [LR-I Instruction]; other classes in [15] that yield
syntactically incorrect texts are omitted in PARC because
they are unlikely to be made by real-world users. For vision
reformulations, we adopt major image perturbation classes
from [5]: Color [VR-L Lighting], Detail change [VR-B
Blur], and Spatial changes [VR-R Rotation]. We selected
three representative reformulations for language/vision as
we also consider computational feasibility for VLM evalua-
tions: 11 total variations on 7 datasets already lead to exten-
sive 84 dataset evaluations per VLM. Therefore, three repre-
sentatives of diverse perturbation classes maximize prompt
variability under evaluation budget constraints.

A2.2. Language Variations: LLaMA3 Prompts

For our language prompt variations, we use LLaMA3-
70B [1] to alter the language component of the original
prompts. Below, we provide the complete prompts that
were used with LLaMA3 to alter an original text prompt,
the <Prompt to alter>, into the variants Instruction
(LR-I), Concise (LR-C), Verbose (LR-V), Not (LS-N),
Antonyms (LS-A) and More-Less (LS-M).

LR-I – Instructions.
Rewrite the given phrases into instructions. Keep the instruction short, and as
close to the original sentence as possible. If the phrase is already an
instruction, keep the original phrase. Only return a single new instruction,
do NOT give additional explanations.

Q: "Are the two sofas the same color in the picture?"
A: "Determine if the two sofas are the same color in the picture."

Q: "Based on the image, how can fun and engaging toothbrush holders help
children develop better dental health habits?"
A: "Based on the image, identify how fun and engaging toothbrush holders can
help children develop better dental health habits."

Q: "Which pants’ fit is more regular?"
A: "Determine which pants’ fit is more regular."

Q: "In the picture, which direction is the teddy bear facing?"
A: "Identify the direction in which the teddy bear is facing in the picture."

Q: "<Prompt to alter>"
A:



LR-C – Concise.
Rephrase the following question using fewer words. Make sure the meaning of the
question stays the same. Return the same question if it is not possible to use
fewer words. For your context, the question is about an image that is not provided
here. Ensure correct grammar. Only return a single new question, do NOT give
additional explanations. Use fewer words than the original question.

Q: "Which road is more paved?"
A: "More paved road?"

Q: "Are the two sofas the same color in the picture?"
A: "Are the sofas the same color?"

Q: "Which cloud is whiter?"
A: "Whiter cloud?"

Q: "Which jacket is more asymmetrical??"
A: "More asymmetrical jacket?"

Q: "<Prompt to alter>"
A:

LR-V – Verbose.
Rephrase the following question to make it more verbose. Make sure the meaning of
the question stays the same, do NOT invent additional details. For your context,
the question is about an image that is not provided here. Ensure correct grammar.
Only return a single new question, do NOT give additional explanations.

Q: "<Prompt to alter>"
A:

LS-N – Not.
Change the following questions to ask for the opposite by negating them with ‘not’.
Keep the question as close to the original as possible. Ensure correct grammar.
Return a single, complete question. Do NOT abbreviate parts of the question.
Do NOT give additional explanations.

Q: "Which road is more paved?"
A: "Which road is not more paved?"

Q: "Which umbrella is yellower?"
A: "Which umbrella is not yellower?"

Q: "Which cat is staring more directly at the camera?"
A: "Which cat is notstaring more directly at the camera?"

Q: "Which fence is burnter?"
A: "Which fence is not more burnt?"

Q: "<Prompt to alter>"
A:

LS-A – Antonyms.
Change the following questions to ask for the opposite by using antonyms or words
with opposite meanings. Keep the question as close to the original as possible.
Ensure correct grammar. Return a single, complete question. Do NOT abbreviate parts
of the question. Do NOT give additional explanations.

Q: "Which road is more paved?"
A: "Which road is more unpaved?"

Q: "Which cat is staring more directly at the camera?"
A: "Which cat is looking more away from the camera?"

Q: "Which bike is more folded?"
A: "Which bike is more unfolded?"

Q: "In what direction is Chile from Peru?"
A: "In what direction is Peru from Chile?"

Q: "Which Python code can generate the content of the image?"
A: "Which Python code refuses generating the content of the image?"

Q: "What musn’t Joe and Alice trade to each get what they want?"
A: "What musn’t Joe and Alice trade to each get what they want?"

Q: "Which apple is closer to the camera?"
A: "Which apple is farther from the camera?"

Q: "Which bottle is more dented?"
A: "Which bottle is more intact?"

Q: "Which aluminum is more molten?"
A: "Which aluminum is more solid?"

Q: "<Prompt to alter>"
A:

LS-M – More-Less.
Change the following questions to ask for the opposite by switching the word ‘more’
for ‘less’ or ‘fewer’. Keep the question as close to the original as possible.
Ensure correct grammar. Return a single, complete question. Do NOT abbreviate parts
of the question. Do NOT give additional explanations.

Q: "Which road is more paved?"
A: "Which road is less paved?"

Q: "Which umbrella is yellower?"
A: "Which umbrella is less yellow?"

Q: "Which bed is closer to the camera?"
A: "Which bed is less close to the camera?"

Q: "Which animal has longer hair?"
A: "Which animal has less long hair?"

Q: "Which cat is staring more directly at the camera?"
A: "Which cat is staring less directly at the camera?"

Q: "Which fence is burnter?"
A: "Which fence is less burnt?"

Q: "<Prompt to alter>"
A:

A2.3. Vision Variations

Not all datasets supports every semantic vision variations
that are proposed in Tab. 1. Below, we describe how we
create the visual semantic exchange variation (VS-E), and
give an overview of the resulting datasets after this manual
annotation process.

VS-E – Image Exchange. The visual semantic exchange
variation is a semantic change, and therefore needs to mod-
ify the correct answer by changing the image component of
the prompt. The idea is as follows: For a prompt with two
images (left and right) and a question of the type “Which
image is more ...?”, we exchange the image that has more
of this attribute, i.e. that wins the comparison, for one that
has much less of this attribute, i.e. that loses the compar-
ison. For example, in Tab. 1, we ask “Which animal has
longer fur?”. Here, the alpaca on the left wins, because it
has longer fur than the otter on the right. Now we exchange
the alpaca on the left with an animal that has less long fur
than the otter on the right, such that the otter on the right
becomes the winner.

In practice, we identify valid replacement images in the
following way per dataset D = {pn}Nn=1 that is composed
of prompts p = (Iw, I l, T ), which are triplets of a winning
image Iw, a losing image I l and a text T :
1. Identify unique question texts within the dataset, and

collect all instances of prompts with those unique ques-
tion texts. E.g., collect all instances of prompts that ask
“Which cloud is more white?”. Only keep prompts be-
longing to a unique question with at least two instances.

2. From the prompts for one unique question text, collect
all losing images I l, e.g. all “less white clouds”.

3. Then, per losing image, mark all losing images this im-
age would win against as possible exchanges. E.g. mark
dark gray clouds as possible exchanges when consider-
ing a lighter gray cloud.

4. Go through the prompts for the unique question text
again. Per prompt, check if the losing image has an
annotated image it would win against. If so, exchange



M-S M-A V-S V-A NYU Fas

Number of Data Samples

Initial Samples 197 597 940 470 1858 2435

VS-E Filtering 56 112 108 71 385 114
VS-E Percentage 28.4% 18.8% 11.5% 15.1% 20.7% 4.7%

LLaVA-1.6 34B Error Rates

Initial 89.7 84.9 79.3 77.7 67.2 72.1
Filtered 87.5 85.7 86.1 92.5 70.4 71.9

Table A2. Dataset statistics for the datasets MIT-States (M-S),
MIT-Attributes (M-A), VAW-States (V-S), VAW-Attributes (V-A),
NYU-Depth V2 (NYU) and Fashionpedia (Fas) [7, 8, 14, 16] as
used in PARC. The Initial comparative prompts are as curated in
CompBench [9], which uses 20% of the Initial data for evalua-
tions. Our additional data annotation to enable Vision Semantic
Changes by Exchanging images (VS-E) also retains about 20% of
this data, on which we evaluate the prompt sensitivity with PARC.
LLaVA-1.6 34B error rates on initial and filtered prompts.

the winning image with the annotated image. Discard
prompts where the losing image does not have an anno-
tated exchange.

This process also works if the role of winning and los-
ing images is swapped. In the example from Tab. 1, we
would then exchange the losing image (the otter) with
one that wins against the alpaca, e.g. a mammoth. We
identify unique question texts in the datasets MIT-States
(M-S), MIT-Attributes (M-A), VAW-States (V-S), VAW-
Attributes (V-A), NYU-Depth V2 (NYU) and Fashionpedia
(Fas) [7, 8, 14, 16], and manually label potential exchange
images per dataset.

Dataset Statistics after VS-E. The image exchange pro-
cess described above reduces the number of available sam-
ples, because prompts are discarded if their text does not
have multiple occurrences or if no suitable exchange image
is found. In Tab. A2 we show the number of initial prompts,
and how many prompts are retained after discarding those
whose images cannot be exchanged. We retain about 20%
of the prompts, which is similar to the evaluation of those
datasets in [9], which randomly splits these datasets into
20% test and 80% training data.

We also report accuracies for LLaVA-1.6 34B on the
original and filtered datasets. They are generally well
aligned, except for VAW-derived data. For V-S and V-A, the
filtered datasets are slightly easier, as filtering for exchange-
able questions VS-E discards rare, difficult questions with
single occurrences, which are more prominent on VAW.
We refrained from further filtering on these two datasets to
maintain adequate sample size for subsequent evaluations.
Note that this does not affect insights from PARC, as all
models are evaluated on the same data.

A2.4. MMBench Data Cleaning Protocol

We use the prompts of the MMBench [13] val split to cre-
ate multiple prompt variations within PARC. Because MM-
Bench is composed from multiple data sources, the prompts
do not follow a uniform structure. To enable a consistent
modification with our prompt variation framwork and en-
sure that the original prompts are sensical, we manually
clean the 382 unique text prompts using the following steps:
1. Remove unrelated sentence parts with convoluting infor-

mation that is irrelevant to the question and its answer.
2. Unify multiple sentences into one.
3. Rephrase prompts to grammatically correct questions.
4. Unify sentence capitalization.
5. Where possible, remove any answer-leakages from ques-

tions.
6. Remove questions that do not support negations via

antonym replacement.
For steps 2 and 3, we use LLaMA3-70B [1] to gener-
ate an initial set of proposed questions which are manu-
ally checked and corrected where necessary. The following
prompt is used for the initial question rephrasing:
Rewrite the given phrases into questions. Keep the question as close to the
original sentence as possible. If the phrase is already a question, keep the
original question. Ensure correct grammar. Only return a single new question,
do NOT give additional explanations.

Q: "where is the bike?"
A: "Where is the bike?"

Q: "What direction is India in Kyrgyzstan?"
A: "In what direction is India from Kyrgyzstan?"

Q: "Based on the image, how can fun and engaging toothbrush holders help
children develop better dental health habits?"
A: "Based on the image, how can fun and engaging toothbrush holders help
children develop better dental health habits?"

Q: "Complete the sentence.
The African elephant is the () land animal in the world."
A: "How do you complete the following sentence? ‘The African elephant is
the () land animal in the world.’"

Q: "Two magnets are places as shown. Will these magnets attract or repel
each other?"
A: "If the two magnets are placed as shown, will they attract or repel
each other?"

Q: "<Prompt to Rephrase>"
A:

In step 5, an example of removing answer-leakages from
the following original prompt:
Based on the image, what does the dog’s
behavior of jumping and playing Frisbee
indicate about its well-being?
(A) The dog is participating in a

professional Frisbee competition.
(B) The dog is engaged in physical activity,

promoting its health and well-being.
(C) The dog is attempting to catch

a bird in mid-air.
(D) The dog is bored and looking for

something to do.

This text question invalidates answers C and D without even
seeing the image, because it mentions the dog interacts with
a frisbee. After removal, the question becomes Based on
the image, what does the dog do?
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Figure A1. Mapping from certainty and accuracy to reliability score with accrand = 0.5 [Left] vs. uncertainty-aware accuracy UAcc with
|P| = 4 [Middle] and |P| = 16 [Right]. Our reliability score provides two guarantees (one for accuracy and one for certainty) that can be
directly seen from any score except 0. Uacc provides at most one guarantee for either accuracy or certainty. Further, its maximum changes
with the number of answers per prompt |P|, generating scores that are incomparable across datasets.

A3. Analysis of PARC’s Reliability Score

Calibration. For calibration, the reliability should be 0 for
acc=accrand , independent of cert . This condition implic-
itly calibrates the vanilla definition rel = (2 ·acc−1) ·cert
to accrand =0.5. Thus to calibrate, we generalize the reli-
ability definition to rel = (2·accm−1)·cert and solve 0=

(2 · accmrand − 1), obtaining m= log(1/2)
log(accrand )

= 2
log(1/accrand )

.
For accrand = 0.5 this translates to m = 1 and yields the
vanilla reliability, validating our generalization.

Comparison to Other Scores. The reliability score we pro-
pose with PARC is not the first to combine accuracy and un-
certainty into a unified number. Hence, we compare the in-
terpretability of our reliability against the uncertainty-aware
accuracy UAacc from [10]. UAcc is introduced within a
framework that uses conformal prediction [2, 19]. There-
fore, its certainty notion also builds on the set sizes of the
set of all possible answers P and the prediction set C:

UAcc =
acc
|C|

√
|P| (1)

=
acc

(1− cert) · (|P| − 1) + 1

√
|P|. (2)

UAcc takes values in [0,
√
|P|], where the maximum ex-

ceeds 1 and depends on the number of possible answers |P|.
This makes it impossible to compare UAcc scores across
datasets with varying answer numbers, because their score
maximum is already inconsistent. Fig. A1 compares the
mapping from certainty and accuracy to UAcc with |P| = 4
and |P| = 16 to our reliability score. And even within
the same number of answers |P|, UAcc does not offer truly
meaningful built-in guarantees about the individual accura-
cies and certainties that can be seen from a single score at a

glance: Any given score maps to the full spectrum of possi-
ble accuracies or certainties, e.g. for |P| = 4, Uacc ≤ 0.5
may represent any certainty and Uacc ≥ 0.5 may represent
any accuracy. For our reliability, only rel = 0 is similarly
indescriptive, while all other values come with the follow-
ing two guarantees for certainty and accuracy.

cert ≥ |rel|, acccalib

{
≥ rel for acccalib > 0

≤ rel for acccalib < 0
. (3)

A4. PARC’s Calibration: Demonstration

Our explanation of PARC’s calibration step in Fig. 2 was
limited to a few selected methods. Therefore, we show the
same evaluation but for all 22 evaluated methods in Fig. A2.
In addition to the calibration results on single datasets, we
further show that the expected trend – VLMs perform better
on original than negated prompts – holds across all 6 bal-
anced datasets, and is not limited to NYU-Depth V2 [16].

A5. Accompanying Results

Due to space limitation, we reported only a subset of
PARC’s metrics and potential evaluations in the main pa-
per. Below, we show extended metrics for the most per-
turbing prompts as well as additional analysis regarding the
most prompt-agnostic VLMs.

A5.1. To Which Prompts are VLMs Sensitive?

In Tab. A3 we show the additional detailed accuracy and
certainty measures for our prompt type analysis in Tab. 3.
The trends follow our reliability score.

Combined Vision-Language Variations. To test how
combinations of prompt variations affect models, we select
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Figure A2. Effect of calibration, extension of Fig. 2 for all methods. Accuracy before [Left] vs. after calibration [Right] for original [Blue]
and negated [orange] prompts. Only calibration aligns the ordering – original over negation – on the imbalanced MMBench [13] dataset
with the balanced NYU-Depth V2 dataset [16] and the average over all balanced comparative datasets [9]. In comparison to Fig. 2, this
plot shows results for all methods and also the averages over all six balanced datasets in the last row.

Reliability Calibrated Accuracy Calibrated Certainty Calibrated Consistency Calibrated

Prompt Variation M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG

Original O 0.52 0.12 0.24 0.23 0.13 0.32 0.48 0.29 0.59 0.51 0.53 0.49 0.31 0.44 0.57 0.49 0.83 0.26 0.49 0.46 0.41 0.64 0.73 0.54
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. LR-I 0.51 0.07 0.22 0.16 0.13 0.29 0.47 0.26 0.60 0.41 0.46 0.44 0.30 0.43 0.57 0.46 0.78 0.17 0.45 0.37 0.41 0.57 0.72 0.50 0.83 0.68 0.74 0.73 0.79 0.80 0.87 0.78
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LS-A 0.30 0.14 0.11 0.10 0.00 0.05 -0.01 0.10 0.48 0.42 0.39 0.25 -0.03 0.24 -0.08 0.24 0.53 0.30 0.28 0.35 0.15 0.20 0.27 0.30 0.48 0.30 0.22 0.15 -0.34 0.01 -0.16 0.09
LS-M 0.15 0.09 0.21 0.14 0.01 0.17 n.a. 0.13 0.39 0.57 0.47 0.38 -0.02 0.38 n.a. 0.36 0.35 0.15 0.44 0.31 0.16 0.40 n.a. 0.30 0.40 0.42 0.30 0.28 -0.26 0.28 n.a. 0.24

V
is

io
n R
ef

. VR-B 0.41 0.09 0.23 0.22 0.13 0.32 0.43 0.26 0.49 0.43 0.49 0.50 0.31 0.45 0.54 0.46 0.76 0.25 0.47 0.43 0.40 0.63 0.69 0.52 0.75 0.71 0.80 0.80 0.77 0.83 0.84 0.79
VR-R 0.48 0.21 0.23 0.29 0.08 0.13 0.38 0.26 0.58 0.47 0.49 0.50 0.26 0.28 0.49 0.44 0.79 0.42 0.48 0.57 0.35 0.38 0.65 0.52 0.79 0.70 0.68 0.72 0.53 0.56 0.74 0.67
VR-L 0.33 0.12 0.15 0.20 0.09 0.19 0.41 0.21 0.43 0.42 0.34 0.46 0.26 0.33 0.52 0.39 0.65 0.25 0.39 0.41 0.33 0.41 0.67 0.45 0.56 0.63 0.55 0.61 0.62 0.61 0.79 0.63

Se
m

. VS-S 0.59 0.12 0.21 0.24 0.17 0.40 n.a. 0.29 0.68 0.50 0.48 0.54 0.39 0.57 n.a. 0.53 0.83 0.25 0.38 0.43 0.43 0.65 n.a. 0.49 0.65 0.56 0.42 0.46 0.23 0.45 n.a. 0.46
VS-E 0.13 0.19 0.04 0.11 0.16 0.16 n.a. 0.13 0.28 0.41 0.30 0.31 0.38 0.30 n.a. 0.33 0.41 0.45 0.15 0.34 0.42 0.39 n.a. 0.36 0.13 0.09 -0.04 -0.04 -0.14 -0.02 n.a. -0.00

Table A3. Most perturbing prompt variations in language and vision, averaged across models – additional measurements for Tab. 2. All
scores are calibrated, with 1.0 being ideal model performance and 0.0 is random performance. The consistency is calculated between each
varied and the original prompt. Most perturbing prompt per variation class is bold, and across variations underlined. High number indicates
model robustness to a prompt variant. Prompt variation acronyms are from Tab. 1. MMBench’s non-comparative questions about single
images neither support more-less reformulation (LS-M), nor image swaps or exchanges (VS-S, VS-E).

one variation per type (LR-I, LS-N, VR-L, VS-S) and evalu-
ate the variation combinations LR-I/VR-L, LR-I/VS-S, LS-
N/VR-L and LS-N/VS-S, resulting in 28 additional datasets
per VLM. In Tab. A6, we find that variation combinations
behave like the worst variation or worse. As combined vari-
ations follow the individual results, PARC’s per-variation
evaluation is a cost-effective strategy to avoid combination
explosions.

A5.2. Which VLM is Most Prompt Agnostic?

Below, we describe additional evaluation analysis for VLM
prompt sensitivity. The first set of result is centered around
expanding on Tab. 3. Then, we expand our arguments why
data is most important for VLM prompt sensitivity.

VLM sensitivity across datasets. We also report detailed
accuracy and certainty measures for our VLM sensitivity
analysis in Tab. A5, expanding results from Tab. 3. Again,
accuracy and certainty trends follow our reliability score.



Reliability Calibrated Accuracy Calibrated Certainty Calibrated Consistency Calibrated

Model M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG

LLaVA-1.5 7B 0.33 0.09 0.12 0.12 0.06 0.12 0.28 0.16 0.57 0.32 0.33 0.38 0.16 0.28 0.39 0.35 0.56 0.29 0.34 0.29 0.29 0.35 0.56 0.38 0.62 0.40 0.48 0.52 0.29 0.42 0.60 0.48
LLaVA-1.5 13B 0.27 0.17 0.17 0.14 0.08 0.11 0.31 0.18 0.46 0.47 0.37 0.42 0.18 0.35 0.40 0.38 0.55 0.35 0.44 0.31 0.33 0.31 0.58 0.41 0.62 0.56 0.52 0.53 0.23 0.50 0.60 0.51

LLaVA-1.6 7B vic 0.34 0.09 0.15 0.16 0.12 0.11 0.30 0.18 0.52 0.35 0.34 0.46 0.26 0.24 0.40 0.37 0.62 0.25 0.38 0.31 0.32 0.38 0.58 0.41 0.54 0.34 0.41 0.53 0.36 0.14 0.60 0.42
LLaVA-1.6 7B mis 0.36 0.08 0.20 0.28 0.06 0.19 0.35 0.22 0.55 0.39 0.44 0.58 0.19 0.41 0.46 0.43 0.65 0.20 0.46 0.46 0.28 0.42 0.63 0.44 0.56 0.56 0.48 0.62 0.31 0.59 0.62 0.54
LLaVA-1.6 13B vic 0.49 0.12 0.23 0.26 0.09 0.21 0.34 0.25 0.63 0.54 0.47 0.57 0.22 0.42 0.43 0.47 0.76 0.22 0.44 0.45 0.33 0.39 0.63 0.46 0.76 0.57 0.57 0.65 0.30 0.54 0.62 0.57
LLaVA-1.6 34B 0.53 0.25 0.32 0.36 0.15 0.25 0.44 0.33 0.67 0.67 0.55 0.65 0.35 0.39 0.49 0.54 0.78 0.39 0.55 0.55 0.40 0.60 0.70 0.57 0.79 0.69 0.60 0.68 0.41 0.61 0.62 0.63

Qwen-VL 0.03 0.01 0.03 0.06 0.04 0.04 0.21 0.06 0.06 0.07 0.16 0.26 0.13 0.12 0.26 0.15 0.33 0.18 0.25 0.25 0.24 0.28 0.51 0.29 0.00 0.14 0.11 0.24 0.16 -0.06 0.42 0.14
Qwen-VL Chat 0.11 0.05 0.09 0.15 0.04 0.05 0.25 0.11 0.29 0.35 0.30 0.34 0.14 0.16 0.35 0.27 0.35 0.15 0.29 0.32 0.26 0.31 0.53 0.32 0.31 0.40 0.40 0.42 0.35 0.21 0.52 0.37

CogVLM Chat 0.48 0.12 0.32 0.22 0.09 0.34 0.26 0.26 0.67 0.58 0.61 0.54 0.20 0.47 0.36 0.49 0.68 0.20 0.49 0.40 0.34 0.62 0.55 0.47 0.71 0.63 0.67 0.60 0.30 0.50 0.62 0.58
CogAgent 0.42 0.12 0.21 0.14 0.10 0.32 0.23 0.22 0.58 0.54 0.56 0.47 0.26 0.47 0.34 0.46 0.71 0.22 0.36 0.31 0.34 0.58 0.55 0.44 0.70 0.60 0.59 0.56 0.40 0.52 0.64 0.57
CogVLM GG -0.10 -0.07 -0.26 -0.23 -0.04 -0.15 0.02 -0.12 -0.24 -0.22 -0.16 -0.22 -0.01 -0.26 0.09 -0.15 0.53 0.35 0.44 0.37 0.38 0.35 0.39 0.40 0.06 -0.01 -0.06 -0.12 -0.10 -0.06 0.45 0.02

CogVLM2 19B 0.49 0.11 0.20 0.20 0.16 0.42 0.26 0.26 0.64 0.65 0.53 0.39 0.29 0.56 0.36 0.49 0.71 0.18 0.38 0.48 0.45 0.69 0.52 0.49 0.68 0.68 0.51 0.38 0.30 0.58 0.39 0.50

InternVL2 1B 0.13 0.03 0.01 0.04 0.05 0.08 0.30 0.09 0.29 0.20 0.09 0.13 0.14 0.18 0.35 0.20 0.36 0.16 0.18 0.28 0.25 0.21 0.53 0.28 0.32 0.40 0.31 0.18 0.15 0.26 0.54 0.31
InternVL2 2B 0.23 0.15 0.11 0.11 0.09 0.14 0.37 0.17 0.39 0.49 0.44 0.33 0.25 0.31 0.47 0.38 0.49 0.29 0.22 0.32 0.28 0.39 0.63 0.38 0.48 0.53 0.44 0.42 0.29 0.40 0.64 0.46
InternVL2 4B 0.35 0.21 0.23 0.18 0.13 0.29 0.41 0.26 0.48 0.60 0.50 0.43 0.29 0.51 0.52 0.47 0.69 0.36 0.44 0.39 0.36 0.53 0.67 0.49 0.67 0.61 0.50 0.59 0.34 0.52 0.64 0.55
InternVL2 8B 0.51 0.23 0.30 0.24 0.11 0.34 0.48 0.32 0.65 0.68 0.62 0.46 0.34 0.55 0.59 0.56 0.74 0.36 0.45 0.50 0.31 0.57 0.70 0.52 0.73 0.72 0.61 0.61 0.37 0.70 0.70 0.63
InternVL2 26B 0.67 0.21 0.31 0.30 0.16 0.50 0.52 0.38 0.75 0.74 0.64 0.55 0.36 0.62 0.63 0.61 0.86 0.28 0.46 0.55 0.42 0.74 0.73 0.58 0.83 0.77 0.69 0.70 0.47 0.69 0.72 0.70
InternVL2 40B 0.69 0.20 0.33 0.33 0.17 0.48 0.57 0.40 0.77 0.73 0.78 0.59 0.38 0.65 0.65 0.65 0.85 0.27 0.42 0.56 0.40 0.71 0.77 0.57 0.86 0.81 0.74 0.67 0.43 0.72 0.72 0.71

Cambrian 3B 0.48 0.16 0.18 0.11 0.10 0.23 0.39 0.24 0.61 0.53 0.42 0.37 0.22 0.51 0.49 0.45 0.75 0.31 0.39 0.26 0.34 0.43 0.66 0.45 0.72 0.55 0.57 0.50 0.28 0.57 0.62 0.54
Cambrian 8B 0.52 0.16 0.24 0.28 0.12 0.26 0.40 0.28 0.67 0.54 0.50 0.56 0.29 0.51 0.46 0.51 0.74 0.29 0.45 0.46 0.35 0.47 0.66 0.49 0.80 0.69 0.54 0.57 0.43 0.57 0.60 0.60
Cambrian 13B 0.51 0.20 0.23 0.20 0.11 0.25 0.38 0.27 0.64 0.61 0.53 0.48 0.25 0.47 0.46 0.49 0.77 0.33 0.44 0.41 0.34 0.48 0.65 0.49 0.76 0.62 0.62 0.53 0.29 0.53 0.61 0.57
Cambrian 34B 0.55 0.18 0.28 0.25 0.13 0.27 0.46 0.30 0.65 0.63 0.52 0.61 0.30 0.51 0.45 0.52 0.84 0.28 0.53 0.42 0.37 0.51 0.71 0.52 0.84 0.77 0.59 0.71 0.41 0.59 0.60 0.64

Table A4. Evaluation of model prompt sensitivity. Reliability, accuracy, certainty and consistency measured across models and datasets,
and averaged over prompt variants. This expands Tab. 3 with the detailed numbers for accuracy and certainty. High numbers indicate high
robustness. Note that CogVLM GG shows bad performance across all metrics, unless robustness, accuracy and consistency are calculated
with the hightest-ranking logit score across answer choices in Tab. A7 rather than the direct VLM output.

Reliability Calibrated Accuracy Calibrated Certainty Calibrated Consistency Calibrated

Model M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG

LLaVA-1.5 7B 0.33 0.09 0.12 0.12 0.06 0.12 0.28 0.16 0.57 0.32 0.33 0.38 0.16 0.28 0.39 0.35 0.56 0.29 0.34 0.29 0.29 0.35 0.56 0.38 0.62 0.40 0.48 0.52 0.29 0.42 0.60 0.48
LLaVA-1.5 13B 0.27 0.17 0.17 0.14 0.08 0.11 0.31 0.18 0.46 0.47 0.37 0.42 0.18 0.35 0.40 0.38 0.55 0.35 0.44 0.31 0.33 0.31 0.58 0.41 0.62 0.56 0.52 0.53 0.23 0.50 0.60 0.51

LLaVA-1.6 7B vic 0.34 0.09 0.15 0.16 0.12 0.11 0.30 0.18 0.52 0.35 0.34 0.46 0.26 0.24 0.40 0.37 0.62 0.25 0.38 0.31 0.32 0.38 0.58 0.41 0.54 0.34 0.41 0.53 0.36 0.14 0.60 0.42
LLaVA-1.6 7B mis 0.36 0.08 0.20 0.28 0.06 0.19 0.35 0.22 0.55 0.39 0.44 0.58 0.19 0.41 0.46 0.43 0.65 0.20 0.46 0.46 0.28 0.42 0.63 0.44 0.56 0.56 0.48 0.62 0.31 0.59 0.62 0.54
LLaVA-1.6 13B vic 0.49 0.12 0.23 0.26 0.09 0.21 0.34 0.25 0.63 0.54 0.47 0.57 0.22 0.42 0.43 0.47 0.76 0.22 0.44 0.45 0.33 0.39 0.63 0.46 0.76 0.57 0.57 0.65 0.30 0.54 0.62 0.57
LLaVA-1.6 34B 0.53 0.25 0.32 0.36 0.15 0.25 0.44 0.33 0.67 0.67 0.55 0.65 0.35 0.39 0.49 0.54 0.78 0.39 0.55 0.55 0.40 0.60 0.70 0.57 0.79 0.69 0.60 0.68 0.41 0.61 0.62 0.63

Qwen-VL 0.03 0.01 0.03 0.06 0.04 0.04 0.21 0.06 0.06 0.07 0.16 0.26 0.13 0.12 0.26 0.15 0.33 0.18 0.25 0.25 0.24 0.28 0.51 0.29 0.00 0.14 0.11 0.24 0.16 -0.06 0.42 0.14
Qwen-VL Chat 0.11 0.05 0.09 0.15 0.04 0.05 0.25 0.11 0.29 0.35 0.30 0.34 0.14 0.16 0.35 0.27 0.35 0.15 0.29 0.32 0.26 0.31 0.53 0.32 0.31 0.40 0.40 0.42 0.35 0.21 0.52 0.37

CogVLM Chat 0.48 0.12 0.32 0.22 0.09 0.34 0.26 0.26 0.67 0.58 0.61 0.54 0.20 0.47 0.36 0.49 0.68 0.20 0.49 0.40 0.34 0.62 0.55 0.47 0.71 0.63 0.67 0.60 0.30 0.50 0.62 0.58
CogAgent 0.42 0.12 0.21 0.14 0.10 0.32 0.23 0.22 0.58 0.54 0.56 0.47 0.26 0.47 0.34 0.46 0.71 0.22 0.36 0.31 0.34 0.58 0.55 0.44 0.70 0.60 0.59 0.56 0.40 0.52 0.64 0.57
CogVLM GG -0.10 -0.07 -0.26 -0.23 -0.04 -0.15 0.02 -0.12 -0.24 -0.22 -0.16 -0.22 -0.01 -0.26 0.09 -0.15 0.53 0.35 0.44 0.37 0.38 0.35 0.39 0.40 0.06 -0.01 -0.06 -0.12 -0.10 -0.06 0.45 0.02

CogVLM2 19B 0.49 0.11 0.20 0.20 0.16 0.42 0.26 0.26 0.64 0.65 0.53 0.39 0.29 0.56 0.36 0.49 0.71 0.18 0.38 0.48 0.45 0.69 0.52 0.49 0.68 0.68 0.51 0.38 0.30 0.58 0.39 0.50

InternVL2 1B 0.13 0.03 0.01 0.04 0.05 0.08 0.30 0.09 0.29 0.20 0.09 0.13 0.14 0.18 0.35 0.20 0.36 0.16 0.18 0.28 0.25 0.21 0.53 0.28 0.32 0.40 0.31 0.18 0.15 0.26 0.54 0.31
InternVL2 2B 0.23 0.15 0.11 0.11 0.09 0.14 0.37 0.17 0.39 0.49 0.44 0.33 0.25 0.31 0.47 0.38 0.49 0.29 0.22 0.32 0.28 0.39 0.63 0.38 0.48 0.53 0.44 0.42 0.29 0.40 0.64 0.46
InternVL2 4B 0.35 0.21 0.23 0.18 0.13 0.29 0.41 0.26 0.48 0.60 0.50 0.43 0.29 0.51 0.52 0.47 0.69 0.36 0.44 0.39 0.36 0.53 0.67 0.49 0.67 0.61 0.50 0.59 0.34 0.52 0.64 0.55
InternVL2 8B 0.51 0.23 0.30 0.24 0.11 0.34 0.48 0.32 0.65 0.68 0.62 0.46 0.34 0.55 0.59 0.56 0.74 0.36 0.45 0.50 0.31 0.57 0.70 0.52 0.73 0.72 0.61 0.61 0.37 0.70 0.70 0.63
InternVL2 26B 0.67 0.21 0.31 0.30 0.16 0.50 0.52 0.38 0.75 0.74 0.64 0.55 0.36 0.62 0.63 0.61 0.86 0.28 0.46 0.55 0.42 0.74 0.73 0.58 0.83 0.77 0.69 0.70 0.47 0.69 0.72 0.70
InternVL2 40B 0.69 0.20 0.33 0.33 0.17 0.48 0.57 0.40 0.77 0.73 0.78 0.59 0.38 0.65 0.65 0.65 0.85 0.27 0.42 0.56 0.40 0.71 0.77 0.57 0.86 0.81 0.74 0.67 0.43 0.72 0.72 0.71

Cambrian 3B 0.48 0.16 0.18 0.11 0.10 0.23 0.39 0.24 0.61 0.53 0.42 0.37 0.22 0.51 0.49 0.45 0.75 0.31 0.39 0.26 0.34 0.43 0.66 0.45 0.72 0.55 0.57 0.50 0.28 0.57 0.62 0.54
Cambrian 8B 0.52 0.16 0.24 0.28 0.12 0.26 0.40 0.28 0.67 0.54 0.50 0.56 0.29 0.51 0.46 0.51 0.74 0.29 0.45 0.46 0.35 0.47 0.66 0.49 0.80 0.69 0.54 0.57 0.43 0.57 0.60 0.60
Cambrian 13B 0.51 0.20 0.23 0.20 0.11 0.25 0.38 0.27 0.64 0.61 0.53 0.48 0.25 0.47 0.46 0.49 0.77 0.33 0.44 0.41 0.34 0.48 0.65 0.49 0.76 0.62 0.62 0.53 0.29 0.53 0.61 0.57
Cambrian 34B 0.55 0.18 0.28 0.25 0.13 0.27 0.46 0.30 0.65 0.63 0.52 0.61 0.30 0.51 0.45 0.52 0.84 0.28 0.53 0.42 0.37 0.51 0.71 0.52 0.84 0.77 0.59 0.71 0.41 0.59 0.60 0.64

Table A5. Evaluation of model prompt sensitivity. Reliability, accuracy, certainty and consistency measured across models and datasets,
and averaged over prompt variants. This expands Tab. 3 with the detailed numbers for accuracy and certainty. High numbers indicate high
robustness. Note that CogVLM GG shows bad performance across all metrics, unless robustness, accuracy and consistency are calculated
with the hightest-ranking logit score across answer choices in Tab. A7 rather than the direct VLM output.

Rel Acc Cert Con Rel Acc Cert Con

LR 0.26 0.46 0.50 0.78 LS 0.17 0.39 0.37 0.35
VR 0.21 0.39 0.45 0.63 VR 0.21 0.39 0.45 0.63
LR+VR 0.18 0.37 0.41 0.59 LS+VR 0.11 0.31 0.32 0.26

LR 0.26 0.46 0.50 0.78 LS 0.17 0.39 0.37 0.35
VS 0.29 0.53 0.49 0.46 VS 0.29 0.53 0.49 0.46
LR+VS 0.24 0.46 0.45 0.42 LS+VS 0.16 0.35 0.38 0.42

Table A6. Effect of combining vision and language prompt varia-
tions on reliability, accuracy, certainty, and consistency, when av-
eraged across all datasets. Expands Tab. 2 and Tab. A3.

VLM sensitivity via logit evaluation. We can also eval-
uate VLMs by extracting the logit values for all potential
multiple choice answers, i.e. the logits for A, B, C and D,

and treat the highest as model answer. This simplifies pars-
ing the VLMs response and matching it to the possible an-
swers, but may also generate false positive answers if the
VLM generates a free form answer that does not match the
answer choices at all. We report the results in Tab. A7,
which replicates Tab. 3 of the main paper with its extended
results in Tab. A5. Overall, the trends are well aligned. The
only major difference is CogVLM GG, which performs in
line with the other CogVLM variants and does not under-
perform any longer if evaluated by logits. This indicates
that CogVLM GG generates text that does not resemble any
answer choice but would find the correct answer if the re-
sponse outputs were limited to the answer options.

VLM sensitivity across variation classes. To complement
the right figure in Tab. 3 of the main paper, we show the



Reliability Calibrated Accuracy Calibrated Certainty Calibrated Consistency Calibrated

Model M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG M-S M-A V-S V-A NYU Fas MMB AVG

LLaVA-1.5 7B 0.33 0.09 0.12 0.12 0.06 0.12 0.28 0.16 0.57 0.32 0.33 0.38 0.16 0.28 0.39 0.35 0.56 0.29 0.34 0.29 0.29 0.35 0.56 0.38 0.62 0.40 0.48 0.52 0.29 0.42 0.60 0.48
LLaVA-1.5 13B 0.27 0.17 0.17 0.14 0.08 0.11 0.31 0.18 0.46 0.47 0.37 0.42 0.18 0.35 0.42 0.38 0.55 0.35 0.44 0.31 0.33 0.31 0.58 0.41 0.62 0.56 0.52 0.53 0.23 0.50 0.60 0.51

LLaVA-1.6 7B vic 0.34 0.09 0.15 0.16 0.12 0.11 0.30 0.18 0.52 0.35 0.34 0.46 0.26 0.24 0.41 0.37 0.62 0.25 0.38 0.31 0.32 0.38 0.58 0.41 0.54 0.34 0.41 0.53 0.36 0.14 0.59 0.42
LLaVA-1.6 7B mis 0.36 0.08 0.20 0.28 0.06 0.19 0.35 0.22 0.55 0.39 0.44 0.58 0.19 0.41 0.46 0.43 0.65 0.20 0.46 0.46 0.28 0.42 0.63 0.44 0.56 0.56 0.48 0.62 0.31 0.59 0.62 0.54
LLaVA-1.6 13B vic 0.49 0.12 0.23 0.26 0.09 0.21 0.34 0.25 0.63 0.54 0.47 0.57 0.22 0.42 0.44 0.47 0.76 0.22 0.44 0.45 0.33 0.39 0.63 0.46 0.76 0.57 0.57 0.65 0.30 0.54 0.62 0.57
LLaVA-1.6 34B 0.53 0.25 0.33 0.36 0.15 0.27 0.46 0.33 0.66 0.65 0.56 0.65 0.37 0.43 0.54 0.55 0.78 0.39 0.55 0.55 0.40 0.60 0.70 0.57 0.81 0.70 0.67 0.67 0.50 0.66 0.65 0.67

Qwen-VL 0.15 0.04 0.07 0.07 0.06 0.07 0.23 0.10 0.38 0.18 0.28 0.27 0.22 0.21 0.34 0.27 0.33 0.18 0.25 0.25 0.24 0.28 0.51 0.29 0.23 0.31 0.29 0.31 0.36 0.09 0.53 0.30
Qwen-VL Chat 0.09 0.07 0.03 0.12 0.02 0.07 0.25 0.09 0.24 0.40 0.16 0.26 0.09 0.19 0.38 0.24 0.35 0.15 0.29 0.32 0.26 0.31 0.53 0.32 0.24 0.39 0.11 0.23 0.19 0.19 0.51 0.27

CogVLM Chat 0.48 0.12 0.32 0.22 0.09 0.34 0.28 0.26 0.67 0.58 0.62 0.54 0.20 0.47 0.41 0.50 0.68 0.20 0.49 0.40 0.34 0.62 0.55 0.47 0.71 0.63 0.67 0.61 0.30 0.50 0.62 0.58
CogAgent 0.42 0.12 0.21 0.14 0.10 0.32 0.26 0.22 0.58 0.54 0.56 0.47 0.26 0.47 0.40 0.47 0.71 0.22 0.36 0.31 0.34 0.58 0.55 0.44 0.70 0.60 0.59 0.56 0.40 0.52 0.64 0.57
CogVLM GG 0.29 0.14 0.21 0.19 0.11 0.13 0.11 0.17 0.47 0.38 0.35 0.42 0.23 0.34 0.25 0.35 0.53 0.35 0.44 0.37 0.38 0.35 0.39 0.40 0.55 0.45 0.33 0.43 0.26 0.35 0.50 0.41

CogVLM2 19B 0.54 0.11 0.24 0.24 0.18 0.47 0.26 0.29 0.72 0.67 0.64 0.45 0.33 0.62 0.37 0.54 0.71 0.18 0.38 0.48 0.45 0.69 0.52 0.49 0.79 0.71 0.57 0.53 0.37 0.69 0.47 0.59

InternVL2 1B 0.13 0.03 0.01 0.04 0.05 0.08 0.30 0.09 0.29 0.20 0.09 0.13 0.14 0.18 0.40 0.20 0.36 0.16 0.18 0.28 0.25 0.21 0.53 0.28 0.32 0.40 0.31 0.18 0.15 0.26 0.54 0.31
InternVL2 2B 0.23 0.15 0.11 0.11 0.09 0.14 0.37 0.17 0.39 0.49 0.44 0.33 0.25 0.31 0.47 0.38 0.49 0.29 0.22 0.32 0.28 0.39 0.63 0.38 0.48 0.53 0.44 0.42 0.29 0.40 0.64 0.46
InternVL2 4B 0.35 0.21 0.21 0.19 0.12 0.27 0.41 0.25 0.47 0.59 0.46 0.40 0.27 0.47 0.52 0.46 0.69 0.36 0.44 0.39 0.36 0.53 0.67 0.49 0.64 0.56 0.52 0.54 0.34 0.46 0.65 0.53
InternVL2 8B 0.51 0.23 0.30 0.24 0.11 0.34 0.48 0.32 0.65 0.68 0.62 0.46 0.34 0.55 0.59 0.56 0.74 0.36 0.45 0.50 0.31 0.57 0.70 0.52 0.73 0.72 0.61 0.61 0.37 0.70 0.69 0.63
InternVL2 26B 0.67 0.21 0.31 0.30 0.16 0.50 0.52 0.38 0.75 0.74 0.64 0.55 0.36 0.62 0.62 0.61 0.86 0.28 0.46 0.55 0.42 0.74 0.73 0.58 0.83 0.77 0.69 0.70 0.47 0.69 0.72 0.70
InternVL2 40B 0.69 0.20 0.33 0.33 0.17 0.48 0.56 0.40 0.77 0.73 0.78 0.59 0.38 0.65 0.61 0.64 0.85 0.27 0.42 0.56 0.40 0.71 0.77 0.57 0.86 0.81 0.74 0.67 0.43 0.72 0.68 0.70

Cambrian 3B 0.46 0.16 0.17 0.11 0.10 0.23 0.39 0.23 0.59 0.51 0.40 0.38 0.21 0.50 0.49 0.44 0.75 0.31 0.39 0.26 0.34 0.43 0.66 0.45 0.70 0.51 0.54 0.51 0.26 0.54 0.64 0.53
Cambrian 8B 0.52 0.15 0.23 0.28 0.12 0.26 0.40 0.28 0.67 0.52 0.48 0.56 0.30 0.50 0.47 0.50 0.74 0.29 0.45 0.46 0.35 0.47 0.66 0.49 0.80 0.62 0.54 0.58 0.40 0.56 0.60 0.59
Cambrian 13B 0.50 0.20 0.24 0.20 0.12 0.24 0.38 0.27 0.62 0.60 0.54 0.48 0.25 0.46 0.46 0.49 0.77 0.33 0.44 0.41 0.34 0.48 0.65 0.49 0.78 0.66 0.62 0.48 0.29 0.52 0.61 0.57
Cambrian 34B 0.55 0.18 0.28 0.26 0.13 0.27 0.46 0.30 0.64 0.64 0.51 0.62 0.31 0.50 0.49 0.53 0.84 0.28 0.53 0.42 0.37 0.51 0.71 0.52 0.84 0.76 0.60 0.69 0.43 0.59 0.60 0.64

Table A7. Evaluation of model prompt sensitivity with hightest logit score across answer options instead of raw VLM output. This
mirrors Tab. A5. Note that the certainty values are unaffected by this change because certainty scores via conformal predictions already
use logit scores. The trends and model behaviors remain almost unchanged, except for CogVLM GG, which now follows the trend of other
CogVLM variants instead of underperforming significantly.
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Figure A3. Consistency vs. reliability over the four prompt variation types: Language, Vision, Reformulations and Semantic Changes.
More detailed analysis to the overall averages in Tab. 3. The top row shows the full ranges for calibrated reliability and consistency (from
-1 to 1). The lower row shows zoom-ins. Marker size indicates VLM size. Model family rankings are stable across datasets. The most
robust model family to prompt changes is InternVL2, with 40B as best.

consistency vs. reliability plots for our four main prompt
variation types: Language variations, Vision variations, Re-
formulations and Semantic Changes in Fig. A3. Across all
variations, the ranking of methods remain very similar, and
model families continue to be the main influence in VLM
performance. InternVL2 40B is still the most robust model,
and within model families larger models also have an in-
creased resilience against prompt variations. The detailed

analysis further reinforces our findings on prompt variation
types: Reformulations are easier for VLMs to understand,
and excluding semantic changes from sensitivity evalua-
tions gives the wrong appearance of an overall improved
prompt-agnosticism.

VLM sensitivity across VLM and LLM sizes. To comple-
ment the analyses in Fig. 4, we show reliability and consis-
tency measurements over model- and LLM size in Fig. A4.
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Figure A4. Influence of Model and VLM size on reliability and consistency, extension of Fig. 4. The first row shows averages across all
prompt variations, while the second and third row show averages over only language and only vision variations. The trends do not change
when only one prompt modality is varied. Also, the trends across reliability and consistency remain comparable.

In contrast to the main paper, we also include the reliabil-
ity and consistency measurements over only language and
only vision variations. Interestingly, the trends are very
well aligned across language and vision variations, which
further reinforces that architectural differences in the vision
and language processing blocks do not sufficiently explain
the differences in VLM prompt sensitivity.
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