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A Free-form Generation

As mentioned in the Limitations paragraph (Sec.[3), multiple-choice questions can elicit proactiveness
since proactive options are already listed among others. This section evaluates multimodal LLMs
on ProactiveBench using open-ended answers, avoiding biasing models from proposing proactive
suggestions. Therefore, we only provide the MLLM with the image frame and the question that the
model should answer.

Evaluation protocol. As evaluating free-form answers is challenging, we follow previous works [16]
401146, 147,153,158, |66]] and employ LL.M-as-a-judge to provide a score to each answer. In particular,
we use OpenAl’s 04-mini [54] and prompt it to spot proactive suggestions and category predictions.
The following system and user prompt were used to query the judge:

System Prompt:

You are an automatic evaluation system.

You will receive:

- A user prompt (describing the task or question)

- A list of correct answers (accepted correct outputs)

- A system output (the model’s generated answer)

Your task is to evaluate whether the system output includes at least one of
the correct answers clearly and correctly.

Guidelines:

- Minor wording differences (e.g., paraphrasing) are acceptable as long as the
meaning is preserved.

- If a correct answer is present but accompanied by incorrect or irrelevant
content, still consider it correct (score = 1).

- If none of the correct answers are present, or the output is incorrect, mark
it as wrong (score = 0).

Respond with a comma-separated list of Os and 1s, one for each correct answer
in the list.\n\n

User Prompt:

Input:

User Prompt: {user_prompt}
Correct Answers: {correct_answer}
System Output: {generated_answer}

Your Response: (Only output comma-separated list of Os and 1s)

Thus, as answers are usually long, the LLM-as-a-judge is tasked to spot whether in the answer
there are correct proactive suggestions and correct category predictions, respectively defined in
{correct_answer}, returning comma-separated values, with one digit for each correct answer,
containing both proactive suggestions and the right category. Evaluating multi-turn conversations
with free-form answers, however, is highly impractical since it requires alternating the answer
generation with the MLLM and the evaluation with LLM-as-a-judge to update the environment
state. Therefore, we limited this evaluation to single-turn conversations. Furthermore, to reduce the
evaluation cost, we subsample each dataset to 500 entries, except ROD and VSOD, as they have
smaller dimensions. We report the ratio of correctly predicted categories (acc), the ratio of correct
proactive suggestions (pa), and the aggregate accuracy (agg), computed as the average accuracy in
either predicting the correct answer or providing a valid proactive suggestion.

Results. Table[2] shows the model’s performance in open-ended generation on ProactiveBench. We
limit this evaluation to three low-performing (i.e., LLaVA-OV 0.5B, Qwen2.5-VL 3B, InternVL3 1B)
and three high-performing (i.e., LLaVA-OV 7B, Qwen2.5-VL 7B, InternVL3 8B) models. Overall,
high-performing models tend to outperform low-performing ones, as one would expect, with each
MLLM outperforming its smaller counterparts (e.g., LLaVA-OV 0.5B is outperformed by LLaVA-OV
7B). Contrary to the multiple-choice scenario, low-performing models do not show higher proactive-
ness, with only InternVL3 1B proposing few correct proactive suggestions (i.e., 0.1% on avg.). By
hinting at proactive suggestions (i.e., If you cannot answer this question, please tell
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me what I should do to help you.), the proactiveness increases for all MLLMs, with high-
performing models showing significantly higher absolute growths (e.g., Qwen2.5-VL 7B +10.5%
vs. Qwen2.5-VL 3B +3.2%). This further validates the main paper findings, highlighting that low-
performing multimodal LLMs are indeed not more proactive than high-performing ones (Sec. [3.3);
rather, when in doubt, they are more prone to choose random options in the multiple-choice scenario.
Finally, we also notice that by hinting, models become more cautious in answering questions, showing
lower ratios of correct predictions (e.g., from 15.2% to 12.7% of Qwen2.5-VL 7B).

Table 2: Open-ended generation evaluation on ProactiveBench. We report the aggregate accuracy
(agg), the ratio of correctly predicted categories (acc), and the ratio of correct proactive suggestions
(pa) for all datasets, with global averages in the last column.

model ROD VSOD MVP-N IN-C
agg acc pa agg acc pa agg  acc pa agg  acc pa
}? LLaVA-OV-0.5B [32] 0.0 0.0 0.0 6.3 6.3 0.0 0.0 0.0 0.0 106 106 0.0
iy Qwen2.5-VL-3B [3] 0.0 0.0 0.0 111 1.1 0.0 0.0 0.0 0.0 114 114 00
2 InternVL3-1B [83] 0.0 0.0 0.0 7.9 7.9 0.0 0.0 0.0 0.0 124 124 00
“S LLaVA-OV-7B [32] 2.3 0.0 2.3 7.9 7.9 0.0 0.0 0.0 0.0 112 11.0 0.2
2 Qwen2.5-VL-7B [3] 1.2 0.0 12 111 1.1 0.0 0.0 0.0 0.0 182 182 0.0
Ec InternVL3-8B [83] 0.0 0.0 0.0 1.1 111 0.0 0.0 0.0 0.0 160 160 0.0
model QD CIT COCO avg.
agg acc pa agg acc pa agg  acc pa agg  acc pa
“‘5 LLaVA-OV-0.5B [32] 6.4 6.4 0.0 134 134 00 382 382 00 10.7 107 0.0
X Qwen2.5-VL-3B [3] 6.6 6.6 0.0 280 280 0.0 333 333 00 129 129 00
E InternVL3-1B [83] 3.4 3.0 0.4 294 294 00 456 456 00 14.1 140 0.1
“S- LLaVA-OV-7B [32] 116 108 08 194 194 00 426 426 00 136 131 05
3 Qwen2.5-VL-7B [5] 8.8 7.4 14 320 316 04 383 383 00 157 152 04
= InternVL3-8B [83] 3.4 34 0.0 332 332 00 454 454 00 156 156 0.0
-~

Table 3: Open-ended generation evaluation on ProactiveBench by hinting at proactive sugges-
tions. We report the aggregate accuracy (agg), the ratio of correctly predicted categories (acc), and
the ratio of correct proactive suggestions (pa) for all datasets, with global averages in the last column.

model ROD VSOD MVP-N IN-C
agg  acc pa agg acc pa agg  acc pa agg  acc pa
}j LLaVA-OV-0.5B [32] 1.1 0.0 1.1 6.3 6.3 0.0 0.0 0.0 0.0 8.2 8.2 0.0
= Qwen2.5-VL-3B [3] 5.7 0.0 5.7 6.3 6.3 0.0 0.2 0.0 0.2 178 94 8.4
§ InternVL3-1B [83] 0.0 0.0 0.0 111 1.1 0.0 0.0 0.0 0.0 120 9.8 22
"5 LLaVA-OV-7B [32] 0.0 0.0 0.0 4.8 4.8 0.0 0.4 0.0 0.4 282 8.4 20.0
2 Qwen2.5-VL-7B [3] 1.1 0.0 1.1 79 6.3 1.6 1.2 0.0 1.2 40.2 154 252
S InternVL3-8B [83] 27.3 0.0 27.3 6.3 6.3 0.0 0.6 0.0 0.6 304  13.0 184
=
model QD CIT COCO avg
agg acc pa agg acc pa agg  acc pa agg  acc pa
}? LLaVA-OV-0.5B [32] 7.6 74 0.2 124 124 00 392 392 00 10.7 105 02
N Qwen2.5-VL-3B [5] 142 66 8.2 244 242 02 284 284 00 139 107 32
3 InternVL3-1B [83] 102 3.7 6.5 256 256 00 432 432 00 146 133 1.2
“g LLaVA-OV-7B [32] 235 89 14.8 186 186 0.0 31.8 306 1.2 153 102 52
2 Qwen2.5-VL-7B [3] 425 68 39.1 334 268 638 344 333 14 230 127 109
fc InternVL3-8B [83]] 258 32 233 344 320 26 450 448 02 243 142 103
=

B Dataset Details and Environment Implementation

This section expands Secs. 2.1 and 2.2, providing further information about data generation pipelines
and environment details.

B.1 The ROD Environment

The ROD [31]] environment evaluates MLLMSs’ proactiveness in proposing to move occluding
objects before answering the question. The first frame in the ROD environment depicts an occlud-
ing object that completely hides another object, as Fig. 20 shows. Each MLLM is prompted
to predict the category of the occluded object, choosing out of four possible categories, and
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the abstain option. As the posed question is unanswerable from the initial frame, given that
the subject of the question is invisible, the environment also returns two valid proactive sugges-
tions among other options, i.e., move the {occluding_object} to the left, and move the
{occluding_object} to the right, where {occluding_object} is replaced with the occlud-
ing object description (e.g., red cardboard, blue blocks). Furthermore, we also consider camera
movement a valid proactive suggestion in the free-form evaluation experiments. A typical prompt is
structured as follows:

Could you tell me what is behind the {occluding_object}? <hint> Choose from
the following options. Options:

A. Move the {occluding_object} to the left.

B. Move the {occluding_object} to the right.

C. {abstain option}.

D. {wrong random categoryl}.

E. {wrong random category}.

F. {correct category}.

G. {wrong random categoryl.

Please only return one of the options without any other words.

The question is sampled from a pool of 15 similar questions generated by ChatGPT, and the abstain
option is from a pool of three. Additionally, the first three options and the remaining four are shuffled,
so the same option does not always appear in the same position. Shuffling is performed during data
generation, resulting in a fixed order for each sample. Finally, <hint> indicates the position of the
hint used in the main paper experiments (Sec. [3.3), which, in the case of ROD, corresponds to “Hint :
moving the occluding object might reveal what is behind it.”

The set of valid actions 4, is constant throughout the evaluation, and MLLMs are allowed to move
the occluding object 14 times, corresponding to the total number of frames for each sample. As the
first frame is completely occluded, if a model predicts a category for the first frame, we count the
prediction as wrong, as the first frame does not contain information about the target object class.
After seven consecutive right or left movements from the most occluded frame, MLLMs encounter
the reference frame, where the object is perfectly visible. Finally, the environment is circular, which
means that by pursuing the same proactive suggestion, the occluding object will reveal the object
until it reappears from the opposite side, gradually re-occluding the object.

B.2 The VSOD Environment

The VSOD environment evaluates MLLLMSs’ proactiveness in proposing to wait or rewind the video
before answering the question, in case of occlusions. The first frame in this environment depicts a
scene where individuals are occluded by someone passing in front of the camera, as Fig. 2T shows.
Each MLLM is prompted to predict the speaker’s name, the number of people, or the event type,
choosing out of four possible categories, and the abstain option. As the posed question is likely
unanswerable from the initial frame, given that the subject of the question is (partially) invisible,
the environment also returns two valid proactive suggestions among other options, i.e., wait for
the occlusion to disappear, and rewind the video. Furthermore, we also consider camera
movement a valid proactive suggestion in the free-form evaluation experiments. A typical prompt is
structured as follows:

This is a frame extracted from a video. Answer the following question.
Could you tell me who is talking? <hint> Choose from the following options.
Options:

A. Rewind the video.

B. {abstain option}.

C. Wait for the occlusion to disappear.

D. {wrong random category}.

E. {correct category}.

F. {wrong random category}.

G. {wrong random categoryl.

Please only return one of the options without any other words.
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In this prompt, the question is sampled from a pool of 45 similar questions (15 for each question
type), and the abstain option is from a pool of three. Additionally, the first three options and the
remaining four are shuffled, so the same option does not always appear in the same position. Shuffling
is performed during data generation, resulting in a fixed order for each sample. Finally, <hint>
indicates the position of the hint used in the main paper experiments (Sec. [3.3), which, in the
case of VSOD, corresponds to “Hint: If there is an occlusion, waiting for it to
disappear or rewinding the video might reveal what’s behind it.”

The set of valid actions .A; is constant throughout the evaluation, and MLLMs are allowed to propose
proactive suggestions as many times as the number of frames in the video. As each occlusion lasts for
a different amount of time, the number of proactive suggestions to reach a state where the question
becomes answerable varies from sample to sample. Finally, if the MLLM suggests waiting at the last
frame, we treat the sequence as circular and return the first frames. Analogously, we return the final
frame if, at the first frame, the model suggests rewinding the video.

B.3 The MVP-N Environment

The MVP-N environment evaluates MLLMs’ proactiveness in suggesting objects and camera rota-
tions before answering the question in case of uninformative views. The first frame in the MVP-N
environment depicts an object from an uninformative viewpoint, as Fig. 22 shows. Each MLLM
is prompted to predict the category of the object, choosing out of four possible categories, and
the abstain option. As the posed question is unanswerable from the initial frame, given that dis-
criminative object features are invisible, the environment also returns a valid proactive sugges-
tion among other options, e.g., rotate the object, give me a view of the object from
a different perspective. As object orientation and camera extrinsic parameters are not anno-
tated, the proactive suggestion is sampled from a pool of 11 prompts generated with ChatGPT that
contain both object rotations and camera movements. A typical prompt is structured as follows:

Identify the object in this image. <hint> Choose from the following options.
Options:

A. {abstain option}.

B. {proactive suggestion}.

C. {wrong random category}.

D. {correct category}.

E. {wrong random category}.

F. {wrong random category}.

Please only return one of the options without any other words.

In this prompt, the question is sampled from a pool of 15 similar questions, and the abstain option
is from a pool of three. Additionally, the first two options and the remaining four are shuffled, so
the same option does not always appear in the same position. Shuffling is performed during data
generation, resulting in a fixed order for each sample. Finally, <hint> indicates the position of the
hint used in the main paper experiments (Sec. [3.3), which, in the case of MVP-N, corresponds to
“Hint: rotating the object could provide a more informative view.”

The set of valid actions .A; is constant throughout the evaluation, and, since we generated sequences
of various lengths, MLLMs are allowed to rotate the object or change camera angle 3 times on
average for each sample, depending on the sequence. To find the informative view, MLLMs must
propose object rotations or camera movements until they reach the last state, where object features
make it distinguishable.

B.4 The ImageNet-C Environment

The ImageNet-C environment evaluates MLLMs’ proactiveness in suggesting image quality improve-
ments before answering the question, in case of badly corrupted pictures. The first image in the
ImageNet-C environment depicts one of ImageNet [59] validation samples strongly corrupted by one
of 16 different corruptions, as Fig.[23/shows. Each MLLM is prompted to predict the category of
the corrupted object, choosing out of four possible categories, and the abstain option. As the posed
question is hardly answerable from the initial picture, the environment also returns four proactive sug-
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gestions, out of which only one is valid, e.g., deblur the image, denoise the image, remove
artifacts. For example, a typical prompt is structured as follows:

What type of object do you see here? <hint> Choose from the following
options. Options:

A. {invalid proactive suggestion}.

B. {abstain option}.

C. {valid proactive suggestion}.

D. {invalid proactive suggestion}.

E. {invalid proactive suggestion}.

F. {wrong random category}.

G. {correct category}.

H. {wrong random category}.

I. {wrong random categoryl}.

Please only return one of the options without any other words.

In this prompt, the question is sampled from a pool of 15 similar questions, and the abstain option
is from a pool of three. Additionally, the first five options and the remaining four are shuffled, so
the same option does not always appear in the same position. Shuffling is performed during data
generation, resulting in a fixed order for each sample. Finally, <hint> indicates the position of the
hint used in the main paper experiments (Sec. [3.3), which, in the case of ImageNet-C, corresponds to
“"Hint: enhancing the image quality could help with classification.”

As ImageNet-C counts 50,000 images, we subsampled 5 images per class, resulting in 5,000 images,
making this dataset comparable in size to the others used. The set of valid actions .4; is constant
throughout the evaluation, and MLLMs are allowed to propose the correct proactive suggestion 4
times, improving the image quality. After 4 proactive suggestions, MLLMSs encounter the last frame,
the reference one. Further proactive suggestions result in terminating the evaluation.

B.5 The QuickDraw Environment

The QuickDraw environment evaluates MLLLMs’ proactiveness in proposing to add details to a sketch,
to make it more recognizable. The first image in the QuickDraw environment shows the first drawn
stroke by a user in trying to depict a target object, as Fig. 24 shows. Each MLLM is prompted
to predict the category of such depicted object, choosing out of four possible categories, and the
abstain option. As the posed question is likely unanswerable from the initial drawing version, the
environment also returns a valid proactive suggestion among other options, e.g., add more details,
or could you improve the quickdraw? For example, a typical prompt is structured as follows:

What is the category of the depicted object? <hint> Choose from the
following options. Options:

A. {proactive option}.

B. {abstain option}.

C. {wrong random category}.

D. {wrong random category}.

E. {wrong random category}.

F. {correct category}.

Please only return one of the options without any other words.

In this prompt, the question is sampled from a pool of 15 similar questions, the abstain option is
from a pool of three, and the proactive option is from a pool of 13. Additionally, the first two options
and the remaining four are shuffled, so the same option does not always appear in the same position.
Shuffling is performed during data generation, resulting in a fixed order for each sample. Finally,
<hint> indicates the position of the hint used in the main paper experiments (Sec. [3.3)), which,
in the case of QuickDraw, corresponds to “Hint: Adding more details to the quickdraw
could help with classification.”

As each drawing is also evaluated by a classification model [19]], we discarded all drawings not
recognized by such a model, avoiding unrecognizable drawings. Furthermore, the dataset contains
50 million drawings over 345 classes. Evaluating each MLLM would require approximately 300
GPU days. Thus, we subsample it to 10 samples per class, resulting in 3450 drawings. The set of
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valid actions A; is constant throughout the evaluation, and MLLMs are allowed to ask for details a
limited number of times, which depends on the number of strokes drawn by the user. Depending on
the number of strokes, after requesting further details enough times, MLLMs encounter the reference
frame, where the object is recognizable.

B.6 The Changelt Environment

The Changelt environment evaluates MLLMs’ proactiveness in proposing to seek the answer at a
different moment in the video. The first frame in the Changelt environment shows the beginning of a
video tutorial, as Fig.[25|shows. Each MLLM is prompted to either predict the category of the main
object or the main action taken in the video, choosing out of four possible categories and the abstain
option. As the posed question is likely unanswerable from the initial frame, the environment also
returns two valid proactive suggestions among other options, i.e., wait for the occlusion to
disappear, and rewind the video. For example, a typical prompt is structured as follows:

What action is being performed in the video? <hint> Choose from the
following options. Options:

A. Rewind the video.

B. Wait for the occlusion to disappear.

C. {abstain option}.

D. {wrong random categoryl}.

E. {wrong random category}.

F. {wrong random category}.

G. {correct category}.

Please only return one of the options without any other words.

For this prompt, questions related to the object category are sampled from a pool of 15 sim-
ilar questions, while those related to the action category are from a pool of 11 questions,
all obtained by querying ChatGPT. The abstain option, instead, is sampled from a pool of
three. Additionally, the first three options and the remaining four are shuffled, so the same
option does not always appear in the same position. Shuffling is performed during data gen-
eration, resulting in a fixed order for each sample. Finally, <hint> indicates the position of
the hint used in the main paper experiments (Sec. [3.3), which, in the case of Changelt, cor-
responds to “Hint: If you cannot answer the question, waiting for it to appear
or rewinding the video could help with classification.”

The set of valid actions .A; changes throughout the evaluation. Since the environment returns the
initial frame first, the rewind option is disabled at the first frame and enabled from the second step.
MLLMs can propose proactive suggestions as many times as the number of frames in the video.
Finally, as each video differs, the number of proactive suggestions to reach a state where the question
becomes answerable varies from sample to sample.

B.7 The MS-COCO Environment

The MS-COCO environment evaluates MLLMSs’ proactiveness in proposing camera movements
to obtain more informative cues. The first image in the MS-COCO environment shows a trimmed
picture with missing object details, as in Fig. Since most images in MS-COCO contain multiple
objects, we discard all those samples that contain more than one object, avoiding ambiguities. Each
MLLM is prompted to predict the category of the object in the image, choosing out of four possible
categories and the abstain option. As the posed question is likely unanswerable from the initial
frame, the environment also returns one or two valid proactive suggestions, depending on how the
image crop was computed. Crops are generated to allow for exploration of one of the ordinal or
cardinal directions or zooming out, the set of proactive actions, thus, changes based on the picture, i.e.,
move the camera up,move the camera down,move the camera left,move the camera
right, move farther from the object. In the case of ordinal directions, MLLMs receive two
proactive options, one for each of the cardinal directions that generate the ordinal one. Instead, for
cardinal directions and zooming out, MLLMs receive only one. For example, a typical prompt for an
ordinal direction is structured as follows:
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Classify the visual content of this image. <hint> Choose from the following
options. Options:

A. Move the camera left.

B. Move the camera up.

C. {abstain option}.

D. {wrong random categoryl}.

E. {wrong random category}.

F. {wrong random category}.

G. {correct categoryl.

Please only return one of the options without any other words.

. J

For this prompt, the question is sampled from a pool of 15 similar questions obtained from querying
ChatGPT, while the abstain option is sampled from a pool of three. Additionally, the first two/three
options (depending on the direction) and the remaining four are shuffled, so the same option does
not always appear in the same position. Shuffling is performed during data generation, resulting in a
fixed order for each sample. Finally, <hint> indicates the position of the hint used in the main paper
experiments (Sec. @, which, in the case of MS-COCO, corresponds to “Hint: moving the
camera could help with classification” for ordinal and cardinal directions and “Hint:
zooming out could help with classification” for the zooming out case.

The set of valid actions .A; changes throughout the evaluation for ordinal directions while it remains
fixed for cardinal directions and the zooming out case. Since the camera can move in two of the four
cardinal directions in the ordinal directions case, we remove a cardinal direction if the MLLM has
already unveiled all possible object details in a specific direction, i.e., it has explored all discrete steps
in a direction. Finally, MLLMs can propose proactive suggestions as many as the predefined discrete
steps, set between 3 and 5.

C Extended Results

As most results could not fit within nine pages, the main paper summarizes key findings with plots.
This section reports all tables associated with the main paper’s plots and the extended version of
each plot, not limited to six models. Table f]reports MLLMs oracle performance on ProactiveBench,
showing that high-performing models tend to outperform low-performing ones. Figure|17|shows all
models’ action distribution, further highlighting that low-performing models overweight proactive
suggestions over the abstain option. InstructBLIP stands out, showing the lowest rate of proactive
suggestions, despite being the worst MLLM in our evaluations. By inspecting its outputs, we
notice that it easily fails to choose an answer from the provided options, resulting in a mismatch
between valid options and the generated answer. Since we classify mismatched predictions as abstain
options, this results in a high abstain rate for InstructBLIP. Table[5 and Fig. [I8]respectively report
MLLM’s results and the corresponding action distribution when proactive suggestions are replaced
with random ones. Similarly, Tab.[6 and Fig.[I9 describe MLLM’s results and action distribution
on all models when the prompt hints at proactive suggestions. Finally, Tab. [7 and Tab. [ display
MLLM’s performance on ProactiveBench when conditioned on conversation histories and few-shot
examples of proactive conversations.

Additional computational details. We conducted most experiments using a single A100 Nvidia
GPU, 32GB of RAM, and 8 CPU cores, lasting about 1 hour, depending on the dataset. When
conditioning on conversation histories and few-shot samples, we used two A100 GPUs to reduce the
memory footprint of the models’ parameters, with experiments lasting about 2 hours on average and
at most 8 hours, depending on the dataset and model. Furthermore, for ICL examples, we reduced
the ROD image sizes of the few shots from 3024 %3024 to 512x 512 for Phi-4-Multimodal to avoid
out-of-memory issues. We also reduced the sequence length of MVP-N ICL examples using 3 shots
with Phi-4-Multimodal. Finally, we resized all samples’ short edge to 224px when conditioning on
conversational histories to avoid out-of-memory issues with long sequences.

D Broader Impacts Statement

ProactiveBench is designed to assess the proactiveness of multimodal large language models
(MLLMs), i.e., their ability to request additional input when faced with ambiguous or insuffi-
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Table 4: MLLM s oracle performance on ProactiveBench. We report the accuracy in percentages
(%) for all datasets, with global averages in the column.

model ROD VSOD MVP-N IN-C QD CIT COCO avg.
LLaVA-1.5-7B [40] 100.0 77.8 47.5 96.0 76.9 83.1 96.8 82.6
LLaVA-NeXT-Mistral-7B [41] 100.0 60.3 52.6 95.5 71.4 81.9 98.2 80.0
LLaVA-NeXT-Vicuna-7B [41] 98.9 66.7 494 96.3 62.3 82.7 98.1 79.2
w LLaVA-OV-0.5B [32] 100.0 47.6 58.9 92.3 81.8 84.2 98.1 80.4
X Qwen2.5-VL-3B [5] 100.0 82.5 57.3 97.3 73.0 89.5 98.6 85.5
< SmolVLM2-2.2B [48] 100.0 73.0 56.8 95.7 78.4 89.7 98.2 84.5
= Idefics3-8B [30] 100.0 81.0 60.0 96.7 71.3 87.7 98.5 85.0
InternVL3-1B [83] 98.9 61.9 56.3 94.5 66.8 86.1 98.6 80.4
InternVL3-2B [83] 100.0 82.5 58.4 97.6 71.8 88.7 99.1 854
InstructBLIP [L1] 75.0 52.4 26.6 37.1 334 66.2 27.0 454
4 LLaVA-OV-7B [32] 100.0 82.5 66.0 98.5 89.7 90.8 99.2 89.5
“IQ“ Qwen2.5-VL-7B [5] 100.0 84.1 66.7 98.5 80.6 90.9 98.9 88.5
= InternVL3-8B [83] 100.0 82.5 63.5 98.8 76.0 89.4 99.2 87.1
£ Phi-4-Multimodal [T] 100.0 63.5 52.3 94.0 80.8 794 98.4 81.2
proactive abstain predict target
0.61 0.56 0.55 0.54 0.60
046 (39 0.36 048
0% 14 0.15 0% 18 0.16 0.22 023 020 026 020 0.20
LLaVA-1.5-7B LLaVA-NeXT-Mistral-7B LLaVA-NeXT-Vicuna-7B LLaVA-OV-0.5B Qwen2.5-VL-3B SmolVLM2-2.2B Idefics3-8B
0.61 0.68 0.62 0.66 0.63 0.64
0.42 0.50
0.22 0.16 0.22 010 007 015 0.23 013 0.21 0.14 0.23 0.22 0.14
InternVL3-1B InternVL3-2B InstructBLIP LLaVA-OV-7B Qwen2.5-VL-7B InternVL3-8B Phi-4-Multimodal

Figure 17: Action distributions. We report the action distribution for all evaluated models.

cient visual information. As MLLMs are increasingly deployed in interactive and safety-critical
applications (i.e., assistive tools, autonomous systems), encouraging and evaluating such behavior is
essential for developing more collaborative and user-aligned Al.

By highlighting current models’ proactiveness limitations, our work provides meaningful insights
for researchers seeking to build more collaborative Al systems. However, promoting proactiveness
must be carefully balanced to avoid over-questioning or inefficient behavior. While our benchmark
promotes interpretability and safe failure modes (i.e., abstention over hallucination), there is a risk of
misuse in adversarial settings if models over-rely on user feedback. We release ProactiveBench to
support reproducible and community-driven progress toward more robust and human-aware MLLMs.

E License

All original material presented in this work is intended solely for academic research and not for
commercial purposes. Below, we report the licenses of the used datasets and models:
e ROD [31]: This dataset is released without a license.

e VSOD [38]]: MIT License.

e MVP-N [71]: MIT License.

* ImageNet-C [23]: Apache License 2.0.

* QuickDraw [19]: CC-BY-4.0.

e Changelt [67]]: MIT License.

* MS-COCO [39]: CC-BY-4.0.

e LLaVA-1.5 [41]: Llama2.

e LLaVA-NeXT Vicuna [41]: Llama2.

e LLaVA-NeXT Mistral [41]: Apache License 2.0.
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Table 5: MLLMs results on ProactiveBench with random proactive suggestions. We report the
accuracy (acc) in percentages (%) and average number of proactive suggestions (ps) for all datasets,

with global averages in the last column.

model ROD VSOD MVP-N IN-C QD CIT COCO avg.
acc  ps acc  ps acc  ps acc  ps acc  ps acc  ps acc  ps acc  ps
LLaVA-1.5-7B 420 35 381 07 263 00 832 0.1 421 1.1 590 0.1 666 04 510 08
LLaVA-NeXT-Mistral-7B 00 0.1 127 00 100 00 556 00 135 0.1 338 00 510 01 252 0.0
LLaVA-NeXT-Vicuna-7B 432 3.0 349 00 241 01 739 0.1 181 14 583 0.1 674 02 457 0.7
= LLaVA-OV-0.5B [32] 295 20 206 09 234 04 584 0.1 390 0.7 42.1 02 662 02 399 0.6
2 Qwen2.5-VL-3B [3] 68 02 31.7 00 252 00 695 00 295 00 546 00 579 00 393 0.0
< SmolVLM2-2.2B 125 0.8 27.0 00 265 00 51.7 00 224 00 546 02 613 00 36.6 0.1
= Idefics3-8B [30] 193 05 381 1.8 266 00 687 00 273 03 567 0.1 632 01 428 04
InternVL3-1B [83] 443 14 349 00 277 00 727 00 277 02 60.1 0.1 743 0.1 488 0.3
InternVL3-2B [83] 170 03 47.6 00 29.7 00 80.8 0.0 348 0.1 653 0.1 76.0 00 502 0.1
InstructBLIP [T1]] 00 0.7 190 20 29 06 462 0.1 173 05 342 02 250 04 207 0.6
4+ LLaVA-OV-7B 1.1 00 365 04 259 00 695 00 392 00 540 0.1 59.6 00 408 0.1
% Qwen2.5-VL-7B 5] 23 00 365 00 256 00 767 00 364 00 599 00 61.0 00 426 0.0
flo InternVL3-8B [83] 23 00 397 06 246 00 736 00 351 00 574 00 685 0.0 43.0 0.1
= Phi-4-Multimodal [I] 125 0.6 270 02 284 00 612 00 409 0.1 584 0.1 705 02 427 02

proactive abstain predict target
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Figure 18: Action distributions with random proactive options. Lighter bars describe variations
using random proactive suggestions for all evaluated models.

¢ LLaVA-OV [32]]: Apache License 2.0.
» Qwen2.5-VL [3]]: Apache License 2.0.
* SmolVLM?2 [48]: Apache License 2.0.
* Idefics3 [30]: Apache License 2.0.

e InternVL3 [83]]: Apache License 2.0.
e InstructBLIP [11]]: Llama2.

e Phi-4-Multimodal [[1]]: MIT License.

F Dataset Examples

Figures [20] to 26| report dataset examples returned by the environment in the first state.



Table 6: MLLMs results on ProactiveBench by hinting at proactive suggestions. We report the
accuracy (acc) in percentages (%) and average number of proactive suggestions (ps) for all datasets,
with global averages in the last column.

model ROD VSOD MVP-N IN-C QD CIT COCO avg.
acc ps acc ps acc ps acc ps dcc ps  dcc ps  acc ps  acc ps
LLaVA-1.5-7B 4777 49 444 228 204 23 285 09 492 14 705 13 712 07 474 49

LLaVA-NeXT-Mistral- 7B [41] 23 3.7 16 124 79 24 503 06 139 09 209 12 537 05 21.5 3.1
LLaVA-NeXT-Vicuna-7B [41] ~ 44.3 49 27.0 426 225 23 530 07 187 19 719 21 763 05 448 79

= LLaVA-OV-0.5B [32] 443 56 19.0 29.7 31.0 1.0 425 1.2 465 1.5 583 43 703 05 446 63
S Qwen2.5-VL-3B [3] 489 13 492 50 317 04 624 14 313 04 565 02 595 00 485 1.2
L SmolVLM2-2.2B [48] 00 01 270 01 300 05 572 1.1 274 07 725 09 60.1 00 392 05
= Idefics3-8B [30] 295 94 381 39.1 310 07 708 04 286 1.1 629 04 748 04 480 74
InternVL3-1B [83] 625 29 413 10 372 16 494 12 346 1.8 693 1.1 729 03 525 14
InternVL3-2B [83] 420 1.1 603 136 41.0 1.0 73.1 0.7 429 13 710 1.0 836 03 591 2.7
InstructBLIP [[11]] 1.1 05 159 42 107 01 134 0.1 221 0.1 46.6 02 240 00 19.1 0.7

+w LLaVA-OV-7B [32] 205 06 381 0.6 403 09 755 09 499 03 541 03 635 01 488 05
“;i Qwen2.5-VL-7B [3] 00 0.0 254 00 315 03 8L1 09 436 0.7 53.0 0.1 60.6 00 422 03
3 InternVL3-8B [83] 23 00 381 01 339 05 764 04 423 08 577 01 693 0.1 457 03
= Phi-4-Multimodal [T] 9.1 04 254 12 307 01 678 1.2 499 09 609 02 694 0.1 447 0.6
proactive abstain predict target
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Figure 19: Action distributions with hints. Bars describe action distributions with (light) and
without (dark) hints in the prompt for all evaluated models.

Table 7: MLLMSs results on ProactiveBench by conditioning on conversation histories. We
report the accuracy (acc) in percentages (%) and average number of proactive suggestions (ps) for
all datasets, with global averages in the last column. We omit models not supporting multi-image
inference.

model ROD VSOD MVP-N IN-C QD CIT COCO avg.
acc ps acc ps acc ps acc ps dcc ps  dcc ps  acc ps  acc ps
LLaVA-OV-0.5B [32] 1.1 60 175 88 265 04 419 09 310 13 539 3.1 607 02 332 3.0
- Qwen2.5-VL-3B [3] 00 0.0 270 00 255 00 549 13 283 03 584 05 565 00 358 03
S SmolVLM2-2.2B [48] 00 0.0 206 04 257 00 456 05 222 03 3599 04 598 0.0 334 02
< Idefics3-8B [30] 136 13 270 56 267 0.1 663 05 264 05 603 04 622 01 404 12
= InternVL3-1B [83] 00 64 365 54 216 05 547 08 225 06 575 10 692 01 374 2.1
InternVL3-2B [83] 00 0.1 476 42 276 02 563 1.0 300 07 632 1.7 772 0.1 431 1.1
+w LLaVA-OV-7B [32] 00 0.0 31.7 50 237 01 621 05 455 05 575 0.7 60.0 00 40.1 1.0
R Qwen2.5-VL-7B [3] 00 0.0 143 00 248 00 714 0.7 309 0.1 585 0.1 595 00 37.1 0.1
f'a InternVL3-8B [83] 00 0.0 286 50 224 01 649 05 296 0.8 556 0.7 670 00 383 1.0
= Phi-4-Multimodal [I] 00 0.0 206 97 295 00 51.1 1.0 372 0.6 654 26 649 0.1 384 20
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Table 8: MLLM:s results on ProactiveBench by conditioning on few-shots. We report the accuracy
(acc) in percentages (%) and average number of proactive suggestions (ps) for all datasets, with
global averages in the last column. We omit models not supporting multi-image inference.

1 sample 3 samples
model ROD MVP-N ROD MVP-N
acc ps acc ps acc ps acc ps
LLaVA-OV-0.5B [32]] 21.6 7.4 24.2 0.6 21.6 6.6 235 0.6
= Qwen2.5-VL-3B [5] 23 0.2 15.1 0.1 23 0.0 13.7 0.3
R SmolVLM2-2.2B 0.0 0.1 239 0.2 0.0 0.1 0.5 0.0
i Idefics3-8B [30] 31.8 13 26.3 0.1 34.1 1.2 244 0.4
= InternVL3-1B [83] 0.0 9.8 14.7 0.7 0.0 9.5 154 0.8
InternVL3-2B [83] 0.0 0.7 18.8 0.5 0.0 0.6 18.3 0.5
4+ LLaVA-OV-7B 321 9.1 0.2 29.6 0.7 19.3 0.4 294 0.9
X Qwen2.5-VL-7B 0.0 0.0 17.4 0.1 4.5 0.1 284 0.6
f‘o InternVL3-8B [83] 0.0 0.0 11.1 0.1 0.0 0.0 12.1 0.1
= Phi-4-Multimodal [T] 2.3 0.2 26.2 0.1 38.6 3.7 16.6 1.5
What missing details are obscured by the red blocks?
Choose from the following options. Options:
A. Move the red blocks to the left.

B. Move the red blocks to the right.

C
D
E
F.
G.
Ple

. I cannot tell.
. Screwdriver.
. Banana.

Vase.
Spatula.
ase only return one of the options without any other words.

Figure 20: ROD input example. In the first step, the ROD environment returns images of completely

occluded target objects.

This is a frame extracted from a video. Answer the following
question.

Can you say who is speaking?

Choose from the following options. Options:

A. I cannot answer this question.

B. Rewind the video.

C. Wait for the occlusion to disappear.

D. Monika schnitzer.

E. Ursula von der leyen.

F. Ge you.

G. José mourinho.

Please only return one of the options without any other words.

Figure 21: VSOD input example. In the first step, the VSOD environment returns video frames of
occluded subjects.

Cou
Cho
A.

C.
D.
E.
F.
Ple

1d you name the object in this image?

ose from the following options. Options:

Change the camera angle of the object.

I do not know what is this object.

Selex whey protein drink peach.

Selex sports whey protein powder peach.

Selex sports whey protein powder chocolate.

Selex whey protein drink chocolate.

ase only return one of the options without any other words.

Figure 22: MVP-N input example. In the first step, the MVP-N environment returns uninformative
object views.

11



i

Figure 23: ImageNet-C input example. In the first step, the IN-C environment returns heavily

corrupted images.

—

Figure 24: QuickDraw input example. In the first step, the QD environment returns the first stroke

of a sketch.

LANSING

TERvan .+ BTN

I'IMES  Chronicle )

THEANNARBORNEWS sy oo
SAZE

PRESS
n.  DETROIT  THe Funt
SaginawNews JOURNAL

Figure 25: Changelt input example. In the first step, the CIT environment returns video frames

ZETTE

Provide the classification of the object in the image.
Choose from the following options. Options:

A. Denoise the image.

B. I do not know what is this object.

C. Increase image resolution.

D. Reduce brightness.

E. Deblur the image.

F. Perfume.

G. Great_pyrenees.

H. Alligator_ lizard.

I. Cello.

Please only return one of the options without any other words.

Describe the object in the quickdraw in terms of its category.
Choose from the following options. Options:
A. I cannot answer this question.

B. Make this drawing more complete.

C. The eiffel tower.

D. Potato.

E. Bed.

F. Tooth.

Please only return one of the options without any other words.

This is a frame extracted from a video. Answer the following
question.

Describe the object in the video in terms of its category.
Choose from the following options. Options:

A. I cannot answer this question.

B. Wait for the object to appear.

C. Rewind the video.
D. Eggs.

E. Butter.

F. Apple.

G. Avocado.

Please only return one of the options without any other words.

where the target object or action will appear in the future.

Identify

B

C

D. Bowl.
E. Sink.
F. Cup.
G

P

Figure 26: MS-COCO input example. In the first step, the COCO environment returns images

the object in this image.

Choose from the following options. Options:
A. Move the camera to the left.

I cannot answer this question.

Move the camera down.

. Toilet.
lease only return one of the options without any other words.

where object details are removed.

12
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