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Supplementary Material

1. Data Curation Pipeline

Our complete data curation pipeline consists of four stages:
(a) MCQ generation via direct video prompting, (b) iterative
quality filtering, (c) controlled difficulty enhancement, and
(d) open-ended question reformulation. At every stage, we
employ Gemini 2.5 Pro [2] as the automatic question gener-
ator and rewriter. Each stage adopts a dedicated prompting
scheme, further tailored to individual capability dimensions
to enforce targeted reasoning and consistent task grounding.
Below, we outline the prompting strategies and examples
for all four stages.

(a) MCQ Generation via Direct Video Prompting.
The model is prompted to analyze the video clip and pro-
duce an initial MCQ with reasoning evidence. Prompts fo-
cus on the user’s task context, the visual scene, and the in-
tended human–assistant collaboration scenario, resulting in
grounded and contextually appropriate questions. Below is
an example prompt for Dynamic Task Reasoning.

Example Prompt for Stage (a)

You will be shown a first-person video in which the camera
wearer is performing an everyday task. Based on the visible
cues in the video, design 3–5 natural language questions that
the user might realistically ask an intelligent assistant. Each
question must include four answer options and one correct
answer. These questions are intended to evaluate the model’s
ability, as an intelligent assistant, to parse user needs in real
time and assist with task completion through egocentric video
understanding.

Guidelines:
1. Questions should simulate real, spontaneous queries that

a user might ask while performing a daily task—seeking
clarification, checking progress, or requesting help. Use
first-person, casual, natural language, and avoid technical
terminology.

2. The evaluation focus is on dynamic task reasoning: the
ability to understand ongoing task progression in contin-
uous video, including progress assessment, state tracking,
short-term outcome prediction, and causal reasoning. Ex-
amples: “How much longer do these pancakes need before
I can take them off?” “Based on my assembly progress,
which part should I attach next?” “With the dough I have
left, about how many more small buns can I make?”

3. Each question must be strictly grounded in events or ac-
tions shown in the video. The answer must depend on vi-
sual information.

4. Each question should require nontrivial reasoning, estima-

tion, planning, diagnosis, or external knowledge that the
user might not already know but could reasonably think
through. Avoid low-level perception questions such as
identifying colors or counting objects.

5. Each question must have one clear correct answer and
three realistic distractors (ideally within 10 words each).
Avoid vague or overly open-ended questions. Binary for-
mats (yes/no, can/can’t, need/don’t need, will/won’t) are
allowed but should not exceed 30% of all questions.

6. For each question, specify a start and end timestamp (in
seconds) corresponding to the video segment that best sup-
ports both the question and the answer.

7. The answer must include: (i) the correct option (A/B/C/D)
and (ii) a reasoning explanation describing how the answer
is derived from the video.

Output Format:
Please output each question in the following JSON format:
{
”question”: ”The question asked by the user (first-person, nat-
ural language)”,
”options”: [”A. option text”, ”B. option text”, ”C. option text”,
”D. option text”],
”answer”: ”Correct option (A/B/C/D)”,
”reasoning”: ”Detailed reasoning showing how the answer is
derived from the video”,
”start time s”: <start timestamp in seconds>,
”end time s”: <end timestamp in seconds >
}

(b) Iterative Quality Filtering. The video clip and the
generated QA pair are jointly fed into the model to refine
quality. Prompts at this stage guide the model to check for
clarity, correctness, grounding in video context, and adher-
ence to the assigned capability dimension. Only questions
that pass this filtering step proceed to the next stage. Below
is an example prompt for Dynamic Task Reasoning.

Example Prompt for Stage (b)

You are an expert in question quality review and refinement.
You will receive a set of multiple-choice questions grounded
in first-person videos. Each question includes a prompt, four
answer options, the index of the correct option, the corre-
sponding video time interval, and a reasoning explanation.
Your task is to verify, correct, and enhance the input QA
pairs to improve their quality. The input is provided in JSON
format, and the output must strictly follow the same JSON
structure.



General Rules:
1. The refinement focuses on verifying and improving the

quality of the questions. Enhancements may include im-
proving problem statements or increasing the plausibility
of distractor options. Ensure the question has one and only
one correct answer; avoid vague or ambiguous wording.
Each option should ideally be no more than 10 words.

2. If two QA pairs in the input are highly similar, remove one
of them. High-quality questions may be left unchanged.
Low-difficulty or low-quality questions with unclear or in-
correct answers must be revised, including modifying the
prompt or distractor options.

3. Questions must retain natural first-person phrasing, sim-
ulating real users asking an intelligent assistant for im-
mediate help or clarification while performing daily tasks.
These questions evaluate a model’s ability to infer user in-
tent from egocentric video and support task execution in
real time.

4. The core purpose of the modified questions is to assess dy-
namic task reasoning: the ability to understand ongoing
task progression in continuous video, including progress
assessment, state tracking, short-term outcome prediction,
and causal reasoning. Revised questions must remain
within this evaluation scope. If the input question does not
match this objective, redesign it accordingly.

5. Ensure that the question requires visual grounding in the
video. If the question can be answered without watching
the video, adjust and rewrite it.

6. Do not change the values of start time s or
end time s. All refinements must correspond precisely
to the visual content within the specified time interval.

7. Only output the refined content in JSON format, matching
the input structure exactly. Do not output any additional
text.

Input QA Pairs:
{ . . .}

(c) Controlled Difficulty Enhancement. For the filtered
MCQs, we apply prompts that instruct the model to increase
question difficulty in a controlled manner. Additional con-
straints ensure that the revised questions remain grounded
in the video, preserve the collaborative task context, and
do not drift away from the designated capability dimension.
Below is an example prompt for Dynamic Task Reasoning.

Example Prompt for Stage (c)

You are an expert in question review and refinement. You will
receive a set of multiple-choice questions grounded in first-
person videos. Each question includes a prompt, four answer
options, the index of the correct option, the corresponding
video time interval, and a reasoning explanation. Your task is
to correct, revise, and enhance the input QA pairs to increase
their difficulty. The input is provided in JSON format, and the
output must strictly follow the same JSON structure.

General Rules:
1. The primary goal of the refinement is to increase ques-

tion difficulty. You may achieve this by restructuring the
question, creating more misleading distractors, designing
more reasoning-intensive prompts, introducing distractors
that are common-sense plausible but contradicted by video
details, introducing distractors that match the video but vi-
olate common sense, or adding counter-intuitive elements
so that the correct answer is not the most obvious choice.

2. Ensure that the correct option is unique and unambiguous.
The answer must not be vague, and multiple correct an-
swers are not allowed. Each option should ideally contain
no more than 10 words.

3. Questions must retain natural first-person phrasing, sim-
ulating real users asking an intelligent assistant for im-
mediate help or clarification while performing daily tasks.
These questions evaluate a model’s ability to infer user in-
tent from egocentric video and support task execution in
real time.

4. The core purpose of the modified questions is to assess dy-
namic task reasoning: the ability to understand ongoing
task progression in continuous video, including progress
assessment, state tracking, short-term outcome prediction,
and causal reasoning. Revised questions must remain
within this evaluation scope. If an input question does not
align with this dimension, redesign it accordingly.

5. Ensure that each question depends on the video content; it
must not be answerable without watching the video.

6. Do not modify start time s or end time s. All revi-
sions must remain consistent with the visual content within
the specified timestamps.

7. Only output the refined content in JSON format, matching
the input structure exactly. Do not include any additional
text.

Input QA Pairs:
{ . . .}

(d) Open-Ended Question Reformulation. Finally, the
enhanced MCQs are reformulated into concise open-ended
questions. The prompts ensure that the new OEQs shifts
from recognition-based answering to generative reasoning,
better reflecting real-world assistance scenarios. Below is
an example prompt for Dynamic Task Reasoning.

Example Prompt for Stage (d)

You are an expert in question auditing and transformation.
You will be given a set of multiple-choice questions grounded
in first-person videos. Each question contains a prompt,
four answer options, the index of the correct option, the
corresponding video time interval, and a brief reasoning
explanation. Your task is to convert each multiple-choice
question into a short-answer open-ended question.

General Rules:
1. The answer must be a concise and clearly defined short



phrase or sentence, preferably within 10 words.
2. The answer must be semantically unique and not overly

ambiguous. If uniqueness cannot be guaranteed or the
question is not suitable for conversion, delete the question
instead.

3. The converted question should maintain a reasonable level
of difficulty. Avoid overly simple yes/no responses. If the
question becomes too easy, rewrite it to introduce more rea-
soning. If the original question is already of high quality, it
may be preserved with minimal changes.

4. Questions must retain natural first-person phrasing, sim-
ulating real users asking an intelligent assistant for im-
mediate help or clarification while performing daily tasks.
These questions evaluate a model’s ability to infer user in-
tent from egocentric video and support task execution in
real time.

5. The core purpose of the modified questions is to assess dy-
namic task reasoning: the ability to understand ongoing
task progression in continuous video, including progress
assessment, state tracking, short-term outcome prediction,
and causal reasoning. Revised questions must remain
within this evaluation scope.

6. Ensure that each question relies on the video content; it
must not be answerable without watching the video. If a
question can be answered without video context, revise it
accordingly.

7. Do not modify start time s or end time s. All
changes must remain consistent with the visual content
within the specified timestamps.

Output Format:
Please output the transformed QA pairs in the following JSON
format:
{
”question”: ”the rewritten short-answer question”,
”answer”: ”the concise and unambiguous answer”,
”reasoning”: ”the reasoning process for obtaining the answer”,
”start time s”: <start timestamp in seconds >,
”end time s”: <end timestamp in seconds >
}

2. Benchmark Statistics

To provide a clear organizational structure for analysis,
we group the collected videos into five high-level task do-
mains: Cooking, Maintenance, Household, Handcraft, and
Shopping. These domains capture diverse daily activities
and interaction contexts rather than narrowly defined vi-
sual scenes. The distribution of questions across capabil-
ity dimensions and task domains is presented in Fig. 1. As
shown, the number of questions is well balanced across
domains, ensuring comprehensive and diverse coverage
throughout the benchmark.

Figure 1. Distribution of question counts across task domains and
capability dimensions.

3. More Experimental Results

Tab. 1 reports the evaluation results across different
task domains. Overall, GPT-5 and Gemini 2.5 Pro
continue to lead by a substantial margin. Among
open-source models, Qwen3-VL-30B-A3B(thinking) and
LLaVA-OneVision-72B achieve the strongest performance.
Model performance remains relatively consistent across dif-
ferent task domains, with minor variations revealing in-
teresting patterns. For multiple-choice questions, models
achieve their highest scores in handcraft-related tasks, likely
because these tasks involve more structured visual recog-
nition. For open-ended questions, performance peaks in
household-related domains, which appear to provide more
practical and reasoning-friendly contexts for generative re-
sponses.

Fig. 2 further visualizes the performance distribution of
representative MLLM series and families across task do-
mains, capability dimensions, and question types. As also
reflected in Fig. 2a, proprietary MLLMs exhibit the most
uniform and comprehensive capability coverage, perform-
ing consistently well across all dimensions. In contrast,
most open-source families, except the Qwen3-VL series in
Fig. 2d, show a pronounced gap between MCQ and OEQ
performance, indicating persistent limitations in generative
and reasoning-heavy tasks. Across model families, the per-
formance distribution is more balanced across task domains
than across capability dimensions. This suggests that, while
current MLLMs can generally handle a wide range of sce-
narios, they struggle disproportionately with certain cog-
nitive capabilities required for effective assistance, partic-
ularly in dynamic reasoning and open-ended generation.
Collectively, these findings highlight that developing bal-
anced capabilities, rather than domain-specific proficiency,
remains a key challenge for MLLMs aspiring to achieve
truly collaborative intelligence.



Table 1. Main evaluation results of representative MLLMs on LifeEval across different task domains and question types. Bold and
underline denote the best and second-best results, respectively.

Model Multiple-Choice Questions Open-Ended Questions

Cooking Maintenance Household Handcraft Shopping Overall Cooking Maintenance Household Handcraft Shopping Overall

Proprietary MLLMs

GPT-5 [6] 79.20 83.11 81.67 86.62 82.48 82.48 70.20 73.30 74.26 72.53 71.48 72.39
GPT-4o [3] 71.99 75.24 76.83 77.49 70.14 74.23 52.52 55.15 57.47 54.30 55.96 55.19
GPT-5-mini [6] 78.73 79.71 78.68 84.38 78.59 79.85 66.02 68.41 68.06 69.15 65.80 67.44
Gemini-2.5-Flash [2] 73.77 78.54 75.44 81.44 76.55 76.98 62.37 68.46 65.49 62.25 61.50 64.05
Gemini-2.5-Pro [2] 84.02 83.13 84.92 91.12 85.71 85.61 71.04 68.55 69.42 70.48 67.44 69.32
Grok-4 [10] 74.31 73.93 74.70 80.09 74.28 75.30 58.64 61.24 61.30 59.46 59.52 60.07

Open-Source MLLMs

Qwen3-VL-30B-A3B [7] 68.23 70.03 69.48 78.33 65.33 70.01 45.42 46.19 52.73 48.85 48.36 48.61
Qwen3-VL-30B-A3B(thinking) [7] 69.21 70.69 69.75 76.68 70.14 71.09 47.72 48.79 51.54 48.92 48.93 49.24
Qwen3-VL-8B [7] 59.56 63.33 58.24 67.83 54.40 60.33 40.11 37.85 46.08 37.88 40.14 40.61
Qwen3-VL-8B(thinking) [7] 65.29 66.46 69.12 75.52 65.57 68.16 43.89 42.36 48.08 43.31 46.41 44.96
InternVL3.5-38B [8] 56.07 58.01 58.96 67.68 58.99 59.69 31.49 28.88 33.66 30.68 34.59 31.99
InternVL3.5-14B [8] 54.70 56.49 57.30 60.75 58.13 57.38 28.04 25.87 30.62 26.25 31.61 28.65
InternVL3.5-8B [8] 55.08 60.48 56.54 59.47 58.65 57.98 25.45 23.49 26.43 23.47 27.55 25.40
InternVL3.5-4B [8] 52.06 55.10 50.67 59.66 50.08 53.23 26.60 21.91 23.88 20.86 27.48 24.27
LLaVA-OneVision-72B [4] 68.91 72.33 74.63 77.72 68.22 72.19 40.15 36.69 39.68 38.24 42.22 39.48
LLaVA-OneVision-1.5-8B [1] 55.28 60.47 58.17 63.61 51.19 57.47 21.82 22.02 25.57 24.65 24.49 23.83
LLaVA-OneVision-7B [4] 52.72 58.13 55.69 58.05 56.58 56.17 26.11 27.94 31.82 29.48 33.02 29.81
mPLUG-Owl3-7B [11] 51.27 56.17 51.90 62.00 52.87 54.55 25.31 25.68 28.09 23.83 24.94 25.66
mPLUG-Owl3-2B [11] 39.73 42.25 43.77 42.71 37.85 41.22 12.28 10.83 10.18 12.71 13.07 11.78
LLaVA-NeXT-110B [5] 62.11 66.18 66.44 71.52 62.06 65.45 32.12 33.84 37.09 36.40 35.21 34.97
LLaVA-NeXT-72B [5] 64.31 63.77 71.18 69.13 63.10 66.26 32.34 37.34 43.13 37.90 39.54 38.24
LLaVA-NeXT-7B [5] 46.63 42.86 45.77 44.08 46.18 45.16 10.09 12.01 12.17 10.58 12.85 11.61

Open-Source Video-Specialized LMs

VideoLLaMA3-7B [12] 53.41 54.89 54.90 58.29 49.98 54.13 24.74 22.79 26.17 20.83 23.32 23.69
LLaVA-Video-7B [14] 55.29 58.70 61.27 61.25 55.91 58.42 28.03 27.51 31.53 26.50 28.82 28.61
LongVA-7B [13] 52.54 60.36 58.30 64.11 51.38 57.07 24.42 25.37 29.13 28.35 25.02 26.47
InternVideo2.5 Chat 8B [9] 54.60 59.75 56.37 60.70 54.33 56.99 32.31 26.30 28.96 27.29 29.47 28.91

4. Failure Cases

We further present several representative failure cases to
illustrate the typical error patterns exhibited by current
MLLMs, as shown in Figs. 3 to 5. We observe that mod-
els are often influenced by its own prior knowledge rather
than grounding its answers in the specific visual context of
the task. For instance, in the last example of Fig. 3, the
model relies on a prior assumption that pens are “water-
proof” should not smear, while ignoring the visual evidence
that the ink had not yet dried, ultimately leading to an in-
correct choice. This tendency to over-rely on priors over
grounded perception leads to systematic misjudgments, es-
pecially in visually subtle scenarios. For open-ended set-
tings and interactive QA, models continue to struggle with
precise, actionable, and contextually grounded assistance.
Common errors include incomplete scene understanding,
inaccurate or vague descriptions, and inability to reason
about fine-grained visual details.

Notably, since open-ended questions require more flex-
ible and generative reasoning, we adopt a more nuanced
evaluation strategy to capture the quality of model re-
sponses. In particular, we employ GPT-5 [6] as the judge
model to evaluate responses for open-ended questions. Our
five-level scoring rubric provides a more nuanced assess-
ment than binary correctness. As illustrated in Figs. 4 and 5,
the rubric assigns intermediate scores for partially correct
or partially grounded answers, allowing it to capture subtle

distinctions in reasoning quality. The resulting judgments
are consistent and aligned with human expectations, offer-
ing a reliable measure of the degree of correctness. An ex-
ample scoring prompt is provided below.

Example Scoring Prompt for Open-ended Questions

Please act as an impartial judge and evaluate the quality of
the response provided by an AI assistant to the user question
displayed below. Your evaluation should consider correctness
and helpfulness. You will be given a reference answer and the
assistant’s answer. Begin your evaluation by comparing the
assistant’s answer with the reference answer. Identify and cor-
rect any mistakes. The assistant has access to video frames
alongwith questions but you will not be given images. There-
fore, please consider only how the answer is close to the ref-
erence answer. If the assistant’s answer is not exactly same as
or similar to the answer, then he must be wrong. Be as ob-
jective as possible. Discourage uninformative answers. Also,
equally treat short and long answers and focus on the correct-
ness of answers. Ignore language differences and identical se-
mantics count as a match. After evaluation, you must assign
a rating chosen from {0, 0.25, 0.5, 0.75, 1}, where 1 indi-
cates the highest level of meaningful match. The rating must
be presented strictly in the format: “[[rating]]”, for example:
“Rating: [[0.5]]”.



(a) Proprietary MLLMs (b) Open-source MLLMs

(c) Video-specialized MLLMs (d) Qwen3-VL family

(e) InternVL3.5 family (f) LLaVA-OneVision family

(g) mPLUG-Owl3 family (h) LLaVA-NeXT family

Figure 2. Performance comparison of diverse MLLM series and families on LifeEval.

5. Future Work

While LifeEval provides a comprehensive foundation for
evaluating AI assistants, several promising directions re-
main for future expansion and refinement.

1. We plan to broaden the range of activities beyond com-
mon daily tasks to include expert-level and highly spe-
cialized domains. This would better reflect the diverse
needs of real-world assistive scenarios and push models
toward more generalized competency.

2. The current benchmark primarily focuses on video clips.
Future efforts will extend toward multi-step task se-
quences spanning longer temporal contexts, enabling
deeper evaluation of a model’s ability to offer coherent
assistance throughout complex workflows.

3. We aim to include more sophisticated open-ended an-
swers, such as multi-step plans, conditional instructions,
and explanatory reasoning. This would challenge mod-
els to structure guidance in a clear, actionable, and
context-aware manner.



Ultimately, we envision extending our framework to-
ward interactive and real-time evaluation settings, where
models must continuously perceive, reason, and respond
as a task unfolds. Such a benchmark would more faith-
fully capture the demands of practical human–AI collab-
oration and offer a more powerful testbed for advanc-
ing next-generation MLLMs as capable real-world assis-
tants.
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Figure 3. Examples of multiple-choice questions and model responses in LifeEval.

Figure 4. Examples of open-ended questions and model responses in LifeEval. Scores are evaluated by GPT-5.



Figure 5. Examples of open-ended multi-turn interactive collaboration in LifeEval. Scores are evaluated by GPT-5.
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