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Figure 1: We explore how multimodal foundation models can be employed to potentially provide proactive assistance by
enabling in-stream step completion detection using a variety of prompting techniques and evaluation metrics. This figure
illustrates the potential for proactive step completion interventions to both save time and prevent errors.
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in carrying out procedural physical tasks. Specifically, we focus
on the challenge of identifying when each step of a procedure has
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1 Introduction

Frontier large language models (LLMs) and vision-language models
(VLMs) are rapidly improving in their ability to assist humans across
a wide range of tasks including answering complex questions, help-
ing with coding, generating creative content, extracting insights
from unstructured data, and multi-step planning. These models are
particularly attractive due to the promise of zero-shot generaliza-
tion which allows them to perform new tasks without task-specific
training or fine-tuning [43]. As their capabilities continue to evolve,
new possibilities are emerging for human-Al interaction in domains
ranging from education and productivity to healthcare and robot-
ics [9, 21, 40, 41]. In particular, procedural task assistance—guiding
users step-by-step through physical activities—has surfaced as a
compelling application area where multimodal understanding of
objects, actions, and states is essential [31, 33, 39].

The majority of these models are inherently reactive in nature.
They operate under a prompt-response or question-answer par-
adigm, where the model waits for a user’s explicit (potentially
multimodal) input before generating a response. While this chatbot
paradigm is dominant today, foundation models hold significant po-
tential to enable mixed initiative and proactive Al systems—agents
that can take initiative, anticipate user needs, and act autonomously
in the flow of activity, rather than waiting passively for instructions.
Recent advances in streaming and real-time models further expand
this space, enabling continuous processing of audio and video in-
puts [10, 11]. We use the term streaming scenario to refer to settings
in which models must operate continuously over time, processing
evolving multimodal context and making decisions in real time
rather than responding to isolated queries. Such proactive systems
have the potential to be more helpful, more efficient, and more
natural in human-computer interaction, particularly in dynamic,
real-world contexts such as physical task collaboration, assistive
care, and emergency situations [20, 27, 29, 30, 32].

To effectively deploy prompt-based models in streaming scenar-
ios, developers must at a minimum decide (1) which model(s) to use,
and (2) how to prompt them, i.e, how to populate prompts with
relevant instructions and context. Designing for proactivity intro-
duces additional, less discussed dimensions to consider. First is the
question of when to prompt the model: on a fixed cadence over time
or dynamically based on specific triggers or expectations associated
with a particular task? Second is the question of how to evaluate
the success of a proactive system—not just based on content quality
(what it says), but on timing (when it says it). Saying the right thing
is not enough; it must also be said at the right moment. For instance,
proactively giving a user the next instruction too early can lead to
confusion and errors; giving it too late can cause frustration and
wasted time. Evaluating a proactive system’s timing requires tem-
porally aware and task-specific metrics that reflect user experience
and task outcomes, not just query-level accuracy.

We investigate these questions through a concrete mixed-reality
task assistance scenario by leveraging SigmaCollab [5], a publicly
available dataset of human-AI collaboration during procedural task
execution in the physical world. This dataset was collected using
an open-source interactive system called Sigma [6, 7] in its purely
reactive state; it waited for the user to explicitly signal task progress
(e.g., “T'm done, what’s next?”) rather than autonomously advancing
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when a step is completed [5]. To explore how a system could be
made more proactive by delivering the next step instruction without
requiring an explicit prompt from the user, we conducted a series
of offline experiments using the SigmaCollab dataset. We tested
a range of frontier LLMs and VLMs, evaluated diverse prompting
configurations spanning multiple modalities of context and tempo-
ral sampling strategies, and assessed a battery of metrics from the
generic to the application-specific. Figure 1 illustrates the poten-
tial benefits of proactive interventions in two examples from the
dataset, including saving time and preventing errors.

We share important lessons learned and design implications for
enabling assistive agents that leverage frontier LLMs and VLMs to
proactively deliver task instructions based on detected completion.
We demonstrate the need for multiple metrics to capture perfor-
mance, particularly application-driven metrics like time savings
and counting premature interventions, which are most impactful
on the eventual user experience. Furthermore, we show that there
is a large variance in the metrics across models and prompting
strategies, with no clear winners and much more progress needing
to be made before usability studies become realistic and informative.
We highlight the nuanced design and inference considerations that
make it important to give careful attention to the subtleties of the
challenge—even for a seemingly “simple” problem like proactively
moving to the next step. To support full reproducibility and future
research, we publicly release all annotations created for this work,
as well as all instantiated prompts and results across all models!.
Ultimately, we argue that in-stream step completion detection is a
necessary component of proactive procedural assistance, requiring
careful temporal coordination and well-crafted, useful metrics.

2 Background and Related Work

2.1 Conceptual Foundations of Proactivity

We adopt the definition of proactivity proposed by Grosinger (2022),
who describes it as “the ability to autonomously initiate anticipa-
tory action based on reasoning, meant to impact people and/or
their environment” [15]. Proactivity involves more than merely
initiating actions in response to predicted human needs; it also
encompasses the ability to deliberately not act when inaction is
deemed appropriate [26].

Another source of theoretical grounding is provided by Berube
et al. [4], who developed a conceptual model of proactivity for voice
assistants with three components: context, initiation, and actions.
Importantly, Berube et al. also highlights a gap in literature by
noting only five studies (of all that were considered) employed
operational prototypes of proactive voice assistants, while most
relied on Wizard-of-Oz methods [4]. This observation underscores
the need for more application-driven research.

Prior efforts in human-computer interaction, including work in
the realm of situated interaction, have explored designs, principles,
and machinery for guiding mixes of human and machine initiative,
centering on the if, when, and how of human and machine contribu-
tions during human-AI collaborations [8, 18]. These foundational
concepts around mixed initiative inform our approach to proactive
step completion detection, where the timing and appropriateness
of system-initiated actions are central considerations.

!https://aka.ms/sigma-correct-state
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2.2 Implementations of Proactive Agents

Research has begun shifting the focus from reactive Al assistants to
proactive systems that preemptively support users by understand-
ing changing contexts and anticipating needs, rather than merely
reacting to explicit verbal commands or other direct inputs (e.g.,
button presses or touch). However, much of the existing work still
operationalizes proactivity in a chatbot paradigm with rigid turns,
rather than fluidly in stream. ProactiveBench [24] is a benchmark
proposed to elicit proactiveness in LLM-based agents. [12] and [28]
explore proactive agents that offer timely coding suggestions based
on user activity, while evaluating the tradeoffs between efficiency
and cognitive disruption. Moving beyond language-only interfaces,
embodied agents such as AssistantX [36], FlowAct [13] and others
[27] demonstrate how real-time interactive agents can proactively
respond within physical environments. More closely related to our
work, multimodal systems like Satori [23] and YETI [2] leverage aug-
mented reality (AR) and egocentric vision to model user intention,
predict actions, and detect opportunities for proactive guidance in
procedural tasks. Collectively, these studies emphasize the timing
and effectiveness of guidance during human-AI interaction.
Taken together, these perspectives illustrate how proactivity
manifests across modalities, interfaces, and interaction paradigms.
In this work, we conceptualize proactivity as an agent’s ability to
initiate—or deliberately withhold—timely interventions grounded
in an application-driven, real-time multimodal context, with a par-
ticular emphasis on procedural tasks in physical environments. Our
focus on detecting step completion in-stream is related to, but dis-
tinct from, prior work on action recognition and procedure step
recognition in computer vision [31, 33]. While those works focus on
recognizing actions and handling execution errors from egocentric
video using task-specific trained classifiers, our work centers on
the real-time decision of when to intervene in an ongoing human-Al
collaboration, using zero-shot foundation models. We contribute to
this growing body of research by evaluating the in-stream timing of
decisions to deliver the next task instruction, and introducing a set
of metrics to assess impact on potential user experience. This sets
the stage for a deeper examination of how proactive behaviors can
be designed, operationalized, and evaluated in real-world contexts.

2.3 Evaluating Proactive Agents

Traditional task-driven evaluations primarily assess how Al assis-
tance impacts task success rates and the number of steps or dialogue
turns needed to achieve a goal [2, 19, 23, 38, 42]. Another important
dimension evaluates the quality of language outputs, using conven-
tional metrics such as BLEU, ROUGE, GLEU, and METEOR, as well
as more recent LLM-assisted evaluations that assess groundedness,
relevance, coherence, fluency, grammatical correctness, and seman-
tic similarity [14, 17, 34]. Recent work introduces comprehensive
frameworks to systematically evaluate the capabilities of LLMs and
VLMs across these dimensions [1]. Complementary studies have in-
corporated human evaluations or Wizard-of-Oz setups [2, 3, 16, 37],
measuring factors such as perceived helpfulness, satisfaction, an-
noyance, timing, disruption, and trust.

As Al assistants become increasingly proactive, evaluating the
quality and timing of their interventions is crucial. Traditional ap-
proaches [2, 25, 27, 39] rely on confusion-matrix-based metrics (e.g.,
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F1 score, precision, recall) and on segment-based metrics against
ground-truth time spans to assess the correctness and timeliness of
interventions. Another study [31] evaluates model timeliness by
measuring the average absolute delay between the ground-truth
completion of a procedural step and subsequent recognition of that
step. Real-time interactive systems must consider system-level met-
rics such as response latency, frequency of interventions, and the
accuracy of triggers for proactive actions [2, 12, 24, 35].

In this work, we introduce an evaluation framework for real-time,
in-stream decision-making utilizing an application-driven dataset.
Conventional model-centric metrics often obscure interaction-level
impact: a single misprediction among hundreds of frames may be
statistically negligible from a model-centric perspective, yet trigger
catastrophic results during an interaction. Likewise, late predic-
tions provide reduced positive benefit, and too-early predictions
can create confusion or even induce human error—an observation
consistent with prior work on the effects of input errors on user
experience [22]. We, therefore, focus on two complementary met-
rics: (i) time saved as a percentage of the total optimal savings,
and (ii) a strict penalty for false positives reflecting their poten-
tially undefined consequences in interactive systems. By grounding
evaluation in these metrics, we align performance assessment with
interaction-driven objectives rather than abstract model accuracy.

3 Problem Definition

In this paper, we focus on the problem of in-stream step completion
detection in a physical task assistance scenario. In-stream step com-
pletion detection would enable an interactive Al system to determine
in stream (i.e., without access to the future and as early as possible)
when the user has correctly completed each step in a procedure.
The system could then take the initiative at that moment and proac-
tively deliver the next instruction. As a first step towards enabling
this capability, we can first identify traces of step executions when a
human collaborates with a reactive Al system, distinguishing inter-
vals of in-progress work vs end state achievement. Inspection and
analysis of the SigmaCollab dataset [5] reveals that formalizing this
problem by adopting the perspective of the worker’s actions, i.e.,
temporally annotating the answer to the question: “has the worker
finished performing the instructed action correctly?” is challenging.
Workers may perform multiple actions simultaneously; they may
perform actions atypically (e.g., lifting the water tank off the coffee
machine before filling it with water); they may linger and produce
micro-movements (e.g., placing a cup on the drip tray but then
nudging it slightly); and so forth.

A better formalization is to instead adopt a world-state perspec-
tive, focusing on the task-relevant objects and their relationships,
and answering the following question: “is the world in the correct
state expected if this step (and all previous ones) were performed
correctly?” Reasoning over objects and their states has been well
studied in computer vision and human-robot interaction [31, 33];
our contribution is to apply this perspective as a proxy for in-stream
decision-making about when a system could proactively intervene,
rather than for post-hoc action recognition. This problem is illus-
trated in Figure 1, where intervals of the world being in the "correct
end state" are depicted, with timely intervention points showing
the potential to save time in task execution, eliminate the need for
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further questions and confirmations, and even prevent errors when
users might mistakenly break a correct state after achieving it.

4 Method

To explore how multimodal foundation models might be leveraged
in a system for proactive instruction-giving, we conducted offline
experiments with several models and prompting strategies using the
SigmaCollab dataset [5] within the context of in-stream step comple-
tion detection. This dataset is comprised of multimodal recordings
(including the egocentric images in Figure 1) of participants execut-
ing procedural tasks while interacting with a mixed-reality agent
instructor [6] that required explicit, verbal commands to move onto
the next step. This behavior contrasts with the fluid step-by-step
transitions observed in most human-human collaborations (e.g.,
in the HoloAssist dataset [39], the human instructor anticipates
the right time to deliver the next instruction without the worker
usually needing to say anything). SigmaCollab also contains expert
demonstrations for each task, providing a resource for prompting
models with prior knowledge on similar step executions.

4.1 Ground Truth Annotations

Two annotators (two of the authors) marked correct end state tem-
poral intervals in all sub-step executions, each covering half of the
existing SigmaCollab dataset. During the annotation process, each
annotator marked instances of ambiguity or annotation uncertainty.
The annotators then came together to resolve these ambiguities in
an iterative and collaborative process, until an adequate consensus
was judged to have been achieved.

The annotators adopted a world-state perspective, rather than
action-centric, focusing on object and object-part relationships (not
worrying about actions and hand movements). The goal was to iden-
tify time intervals in which the state of the objects corresponded to
the reference world state at the end of a fully correct execution of
the step. During the time periods when the step was not completed
yet, or a mistake was made, or the worker moved past the current
step to a future step already, the world is not considered to be in
the correct end state. As a result, within the span of a single step,
there can be one correct end state annotation interval, multiple
such intervals (e.g., a worker could undo and redo their correct
action), or none at all (see Figure 1 and 2). Finally, to make the
ground truth annotations as objectively accurate as possible, the
annotators were allowed to leverage future information to identify
and mark correct end state intervals in the past.

Nevertheless, many subtleties still remain in the data. For exam-
ple, in certain steps, such as muddling the mint at the bottom of a
shaker, or tightening a screw by hand, the precise moment when the
world enters the correct end state (i.e., the mint is muddled enough,
the screw is tightened), is not immediately ascertainable from the
available egocentric views. Other steps involve pouring certain
amounts of liquids or ingredients, where again there are degrees of
subjectivity into what would be “not enough” or “too much.” We
established a set of conventions for these type of cases, such as
relying on observing when the worker has stopped performing the
action (we trust the worker) in the former case, or tolerating the
pouring of somewhat variable amounts (as long as the correct liquid
was used) if the pour quantity could not be determined visually.
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At the same time, the annotation schema did require that the
worker conformed to the language of the instruction given, and
object substitutions were generally not permitted. For instance, if a
step in building a drink called for adding mint leaves into a “Boston
shaker” and the worker used instead a “cobbler shaker,” we consider
the step to have never entered the correct end state, even if the
drink contents were correct. If the worker continued building the
drink in the cobbler shaker, that also meant all subsequent steps
never entered the correct end state.

Following the ground truth annotation process, each sub-step
was labeled for its overall correctness. If the sub-step ends with a
correct end state interval, it is marked as correct, otherwise it is
marked as incorrect. Sub-steps were also labeled as interrupted if
the experimenter intervened, the worker abandoned the task, or
the system crashed during the course of the sub-step. If there was
no adequate visual evidence during the sub-step about when it was
correctly completed (e.g., if the participant was wearing the headset
at an odd angle and the camera was pointed in an uninformative
direction), then the sub-step was marked as unknown.

4.2 Temporal Prompting Strategies

There are many possible approaches for prompting large multi-
modal models to solve an in-stream classification problem such as
the correct end state detection problem defined above. We explored
three such strategies in this work. The actual models and prompt
contents we tried are explained in Sections 4.4 and 4.5.

4.2.1 Fixed-Cadence Prompting. One straightforward approach
to prompting foundation models in stream is to query them at a
fixed cadence, probing the model every t seconds. The prompts can
be filled in with multimodal context over time, such as the time
elapsed, current POV image, any dialogue that has taken place so
far, etc. In this work, we explore prompting at 1Hz.

When used for proactive task guidance, a policy can be fit on
top of these model results to determine a decision point: the time-
point at which the system decides to proactively move to the next
instruction. A simple “immediate” policy would be to set this deci-
sion point at the first time the model returns “yes” (the world is in
the correct end state). More conservative policies might wait for
multiple consecutive “yes” answers, and even more sophisticated
policies can be imagined involving estimated confidence signals.

4.2.2  One-Time Prompting. Another even simpler (and cheaper)
prompting approach is to query a foundation model only a single
time, at the very beginning of each sub-step, to estimate how long
that sub-step should take to complete. Whatever answer the model
returns corresponds to the decision point. For example, if the model
predicts 15 seconds, then the decision point is 15 seconds after the
start of the sub-step. This strategy provides less of an opportunity
to fill in dynamic context into these prompts (e.g., it does not have
access to any dialogue that might happen between the worker and
the system during sub-step execution).

4.2.3 Dynamic Prompting. Finally, we explored a temporally dy-
namic extension to the one-time prompting approach. In the dy-
namic approach, the model is queried at the beginning of the sub-
step as before, to predict how long the sub-step should take to
complete. Once that time has elapsed, the model is queried again
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Figure 2: Illustration of temporal prompting strategies and metrics. For the fixed cadence prompting strategy, a query is issued
every one second, and the model is asked to answer “yes” or “no”. For the one-time strategy, the query is issued only at the
beginning of the sub-step and returns a number (in this case 8 seconds). For dynamic queries, the model returns estimated
times after which it checks again, until it determines that the sub-step is complete by returning 0 seconds. In this illustration,
the decision points are at the same timepoint for all three prompting strategies (although in reality they could all be different).

(with additional context extracted from the elapsed interaction) to
predict whether the sub-step is indeed now complete, or if more
time is needed. The model thus has the opportunity to take into
account evolving multimodal context, such as the camera images
and dialogue history, but greatly reduces the computation cost by
generating new queries in a dynamic, self-guided manner.

4.3 Evaluation Metrics

Given the prompting strategies above and the problem definition,
several metrics are available for evaluating performance across
models and prompt contents.

4.3.1 Query-level Metrics. [Accuracy and F1 score]
The initial approach that machine learning practitioners might
instinctively take is to treat this problem as a basic classification
paradigm and compute query-level metrics. Each query of a particu-
lar prompt instantiation is evaluated independently as either a true
positive, false positive, true negative, or false negative, according
to its prediction value and whether it is located within a ground
truth correct interval. An example of how to compute query-level
accuracy metrics is shown in Figure 2: the model produces 7 true
negatives, 2 true positives, 7 false negatives, and 1 false positive.
Although metrics like accuracy and F1 are then straightforward
to compute from these query-level results, they might not reflect
the actual perceived performance of the given model if deployed
at runtime to trigger a proactive move to the next step [22]. What
really matters is the decision point, i.e., the earliest time the Al
assistant believes a proactive intervention is needed. For the one-
time prompts, this decision point is at the time predicted by the
model at the beginning of the step. For fixed cadence and dynamic

prompts, the decision point is the first time that the model predicts

“yes” the sub-step is complete (Figure 2).

4.3.2 Step-level Metrics. [Time Saved and False Positives]

To better capture actual impact on the worker’s experience and
application performance, we focus on the model’s decision point
and its impact within each sub-step. For example, if the decision
point falls within a correct end state ground truth interval, that pre-
diction can be marked as a step-level true positive, regardless of any
predictions after (see Figure 2). Early true positive decision points
are clearly better than later ones. If the decision point falls outside
the correct interval, it is considered a step-level false positive. If the
model never says “yes” (no decision point), it is a step-level false
negative if there are any correct ground truth intervals, and a true
negative otherwise.

Percentage of Optimal Time Saved: For true positives, defined
as time saved divided by the optimal time saved. Time saved is the
time between the decision point and the end of the step. Optimal
time saved is the time between the start of the first correct interval
and the end of the step. The reason for this metric is that simply
counting step-level true positives does not tell the whole story of
how successful the model’s proactive behavior would be in practice.
A true positive at the beginning of the correct end state interval
is more desirable than a true positive at the end of the interval.
An early true positive might even prevent a later mistake if the
worker is not sure that they are in the correct end state and were to
accidentally break it later on (see right half of Figure 1). In Figure 2,
the time saved is 8.5 seconds, while the optimal time saved is 10
seconds before the end of the sub-step. Thus, the percentage of
optimal time saved in this example would be 8.5/ 10 = 85%.



ICMI ’26, October 05-09, 2026, Napoli, Italy

False Positive Percentage: Defined as the ratio of false positives
to total samples (sub-steps). False positives can be extremely dam-
aging to the overall interaction, leading to confusion, mistakes,
and potential task failure. They are the most costly error made
by a model, and therefore most important to pay attention to, as
they correspond to the system moving onto the next step when the
worker is not done with the current step.

4.4 Models

We tested five frontier multimodal foundation models: Llama-3.2-
Vision, Qwen3.5, GPT-5.1, GPT-5.4, and Gemini-3.1-Pro. These mod-
els span a range of architectures, providers, and capability levels,
and all accept both text and image inputs. We chose models with rea-
sonably fast inference times and low latencies to support eventual
integration into a live system prompting at up to 1 Hz, and therefore
excluded slower reasoning models. Actual compute latencies were
not considered in this offline experiment.

Additionally, we included a condition of incrementally prompt-
ing Gemini-3.1-Pro with video clips of the sub-step execution up
to that point. This approach allows us to compare a model that
can natively reason over temporal visual sequences rather than
individual image frames.

4.5 Prompt Contextual Contents

We crafted several kinds of prompts with varying categories and
degrees of context, across all three temporal strategies. All prompt
templates are fully detailed in Appendix A.

All prompts included a description of the physical task the human
worker is performing, the specific sub-step they are working on at
that moment, and the status of the system’s instruction-delivering
utterance (just beginning, in progress, or fully spoken). The prompt
was filled in with varying amounts of context, and the model was
then instructed on what it was supposed to infer. For the fixed-
cadence prompts, the model was essentially instructed to answer
“yes” or “no” to the question: “based on the provided context, predict
whether or not the human worker is likely to have completed the
current step by now”. For the one-time and dynamic prompts, the
model was instructed to provide the number of seconds the human
worker likely will need to complete the sub-step (could be 0).

The different prompt templates we tested in the fixed-cadence
experiments, involving differing categories of context, are listed
below. Each corresponding prompt was instantiated and filled in
with dynamic data over time. All fixed-cadence prompts include the
subdialog context (a transcript of any dialog that has taken place
between the system and the worker so far in the current sub-step)
as a baseline context layer.

o Subdialog: The baseline prompt, which includes the subdi-
alog transcript and the amount of time that has elapsed in
the sub-step so far, in seconds.

e Reading: In addition to the subdialog context, these prompts
include a timestamped list of intervals when the participant
was likely reading the task instructions from the virtual
task panel hologram, rather than looking at the physical
task space. We generated these annotations automatically
by intersecting the worker’s gaze ray with the location of
the floating user interface rectangle holograms in 3D space,
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eliminating intervals shorter than 0.5 seconds, and merging
intervals with gaps of less than 0.5 seconds.

e Image: In addition to the subdialog context, these prompts

include the egocentric camera view at that moment. We used

the right-front-facing grayscale image because it had a better
vertical field-of-view to capture the task space than the RGB
images.

All (Subdialog + Reading + Image): These prompts com-

bine the subdialog context with both the reading annotations

and the egocentric camera view.

e Image vs Expert Reference Image: These prompts include
the subdialog context, the egocentric camera view of the
worker at that moment, and for comparison: the egocentric
camera view of an expert who just completed the sub-step,
and the time it took that expert to do so.

For the one-time prompting strategy, we implemented a simple
prompt that only described the task and sub-step instruction under
consideration. For the dynamic prompt, we progressively filled in
the prompt contents with subdialog, reading state, and egocentric
images, as in the All fixed-cadence prompt.

We also compared all models and prompts to a simple parameter-
ized baseline derived from the expert demonstrations. The baseline
B(n) was defined by predicting that each sub-step will take the same
amount of time it took the expert to complete the same sub-step,
plus n additional seconds for various assignments of n. Intuitively,
this baseline captures a “best-case” timing heuristic: if an expert’s
completion time is known, we simply add a buffer of n seconds to
account for a novice worker’s likely slower pace. The parameter n
allows us to sweep from aggressive (n = 0, assuming the worker
is as fast as the expert) to conservative (n >> 0) predictions. This
simple baseline is surprisingly competitive with the frontier models,
as the results below demonstrate.

4.6 Results

We instantiated and tested prompts on the entire dataset, across all
of the prompt categories and models listed above. However, we only
considered sub-steps that start correctly (i.e., the previous sub-step
ended correctly, or it is the first step of the recipe), regardless of
whether the sub-step ends correctly or incorrectly. We also excluded
any steps that were marked as unknown or interrupted, leaving 1,179
sub-steps for the evaluation. Sub-steps ranged in length from 3
seconds to 7 minutes 52 seconds. For fixed-cadence prompting, this
resulted in 32,304 query instances per model/prompt combination
across the dataset.

A subset of the most notable results can be seen in Table 1.
Llama, Qwen, and One-Time prompts are excluded for space (and
low performance), but the full table of results is listed in Appendix
B. Gemini-3.1-Pro with fixed-cadence video prompts performed
the best in terms of accuracies and F1 scores, as well as percent-
age of optimal time saved. However, it also exhibits a very high
rate of damaging step-level false positives, showcasing the need to
consider multiple application-driven metrics, and the inadequacy
of query-level metrics alone. The dynamic prompting approach
(again Gemini-3.1-Pro) seems to have the best balance of low false
positives with meaningful time saved.
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Table 1: Performance across prompt versions and models. Best performance values for each metric are marked in bold.

Accuracy F1

Accuracy F1

False Positive Percent Optimal

Prompt Version Model (Query)  (Query) (Step) (Step) Percentage (Step) Time Saved
Baseline(0) N/A N/A N/A 36.5 0.518 39.6% 35.8%
Baseline(+10s) N/A N/A N/A 16.7 0.232 18.7% 23.6%
GPT-5.1 77.0 0.363 27.8 0.396 37.4% 32.6%
Image GPT-5.4 78.0 0.312 32.8 0.456 20.4% 32.3%
Gemini-3.1-Pro 81.3 0.544 45.0 0.604 35.8% 40.1%
GPT-5.1 75.6 0.355 25.2 0.368 44.3% 29.7%
All Context GPT-5.4 77.3 0.267 29.0 0.407 22.3% 26.0%
Gemini-3.1-Pro 81.6 0.554 48.2 0.636 35.7% 44.9%
Video Gemini-3.1-Pro 82.6 0.655 50.0 0.655 47.9% 45.3%
GPT-5.1 N/A N/A 26.7 0.398 48.8% 27.7%
Dynamic GPT-5.4 N/A N/A 28.0 0.398 32.3% 26.9%
Gemini-3.1-Pro N/A N/A 39.3 0.530 11.0% 31.9%
100
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Figure 3: Percentage of optimal time saved plotted against step-level false positive percentage. Colored contours around model.

We plot performance on the two application-driven metrics in
Figure 3: percentage of optimal time saved and false positive per-
centage. Optimal performance is towards the bottom-right of the
plot. This figure illuminates the high difficulty of the problem, with
a large gap in time savings still achievable while keeping false
positives low. In fact, very few approaches beat the baselines of
simply predicting the expert demonstration step length + n. In
terms of fixed cadence prompting, GPT-5.4 with image prompts is
competitive, with reasonable time savings and 20.4% false positives.
Prompts to Gemini-3.1-Pro seem to do the best overall, with more
results lying to the bottom-right. The dynamic prompting approach
to Gemini seems particularly attractive.

Figure 4 illustrates the impact of different decision strategies
on prompt performance. Using the video and image prompts as
examples, performance is plotted when proactive decision points
are considered immediately on the first “yes” prediction (as above),

vs requiring two or three consecutive positive predictions in a
row. These more conservative strategies can result in fewer false
positives, potentially at the expense of aggressively saving time.

5 Discussion and Limitations

Our results reveal a disconnect between conventional query-based
metrics and task-driven, application-level metrics. While query-
level accuracy is commonly reported in the literature, it does not
reliably predict which model or prompt will produce the best user
experience in real-time, proactive interactions. Metrics that capture
temporal and interactive dimensions—such as time saved and the
frequency of premature interventions—are therefore critical for
evaluating the effectiveness of proactive agents. Evaluating models
solely on standard benchmarks can be misleading, as performance
varies widely across models and prompting strategies.
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Figure 4: Impact of different decision strategies.

We treat the classification of “correct end state” over time as a
proxy for proactive assistance. While useful for benchmarking, this
approach does not fully determine when or how an agent should act.
Real-time intervention requires reasoning about cost/benefit trade-
offs, handling uncertainty, accounting for inference latency, and
coordinating with the user’s ongoing behavior (e.g., attention and
speech in progress). Automatically advancing to the next step is only
one potential policy; an agent could instead ask "are you ready?",
defer when speech and gaze suggests distraction, or require multiple
cues. Policies governing the agent’s aggressiveness—deciding when
to move the user forward, when to check readiness, and when to
wait for more evidence—remain open challenges. One promising
direction is to design interactive systems where the model is only
tapped to proactively engage when the false positive rate is low.
For example, an agent could operate in a conservative mode by
default, only triggering a proactive intervention when multiple
signals converge (e.g., visual evidence of step completion, absence
of ongoing user speech, and elapsed time consistent with expected
step duration). Such selective engagement could mitigate the cost
of false positives while still capturing the time-saving benefit, and
represents a practical path toward deployable proactive assistance.

On the role of offline evaluation. An important limitation is that
these experiments were offline, rather than involving a live user
study to validate the effectiveness of proactive interventions. We
argue that at the current stage of model capabilities, a rigorous
offline evaluation is not only appropriate but essential as a first
step. The results presented here demonstrate that zero-shot frontier
models still exhibit high variance and substantial false positive rates
across prompting strategies. Deploying a system with these error
rates in a live study would risk confounding the evaluation of proac-
tive timing with user frustration arising from frequent erroneous
interventions. An offline evaluation allows us to systematically
characterize the design space—identifying which models, prompts,
and temporal strategies show the most promise—before committing
to the cost and complexity of a live deployment. Once models and
techniques achieve reliably low false positive rates, a user study
becomes both more feasible and more informative, and we consider
this an important direction for future work.

Broader scope of proactivity. In this paper, we focus on one spe-
cific form of proactive behavior: step completion detection. We

Sean Andrist, Dan Bohus, Maia Stiber, Yuwei Bao, Tim Schoonbeek, and Eric Horvitz

acknowledge that full proactivity encompasses a broader range of
behaviors, including error correction, anticipatory guidance, clarifi-
cation requests, and confirmations [4], requiring broader reasoning
over intent, attention, utility, and interruption cost. That said, step
completion detection serves as a foundational building block—if
a system cannot reliably detect when a step is done, it is unlikely
to perform well on more complex anticipatory behaviors. Future
work should expand the scope of proactive interventions studied,
building on the evaluation framework and lessons learned here.

Several additional limitations highlight avenues for future work.
For example, this paper does not propose new modeling architec-
tures or algorithms; rather, it explores considerations for evaluating
proactive assistance and understanding the nuances of real-world
task performance. Future work should also carefully handle “in-
complete” steps, differentiating genuine mistakes from cases where
users intentionally move ahead.

Safe and Responsible Innovation Statement. Proactive sys-
tems with next-step detection have the potential to provide adaptive
support tailored to each person’s needs and pace, benefiting indi-
viduals with diverse abilities. However, a system that requires con-
tinuous processing of images and/or gaze behavior raises privacy
concerns around capturing environments and behavior patterns.
Additionally, without ethical guidelines in place, these systems
could be repurposed for workplace surveillance and used to pres-
sure workers to increase their pace, elevating risk and stress. Finally,
the SigmaCollab dataset did not appear to include underrepresented
diverse populations in ability and background, potentially biasing
model evaluations. Responsible deployment should ensure informed
user consent, transparent data handling, inclusive data collection,
and awareness against surveillance-focused misuse.

6 Conclusion

We investigated how large multimodal models can support proac-
tive assistance in real-time human-Al interactions. Using the Sig-
maCollab dataset [5], we focused on detecting in-stream step com-
pletion to determine timely moments for delivering the next in-
struction, evaluating a range of frontier LLMs and VLMs.

Our work contributes several key insights. First, we demon-
strate that enabling proactivity with today’s foundation models
requires careful attention to when models are prompted, not only
how they are prompted or which model is used. Second, we in-
troduce a system-driven evaluation framework that distinguishes
between query-level and step-level metrics, showing that conven-
tional accuracy-based evaluations can be misleading when applied
to interactive, time-sensitive systems. Evaluating prediction quality
jointly with timeliness offers a more faithful measure of the user’s
experience and the system’s effectiveness. Third, we frame with
this work a set of research directions forward in pursuit of detecting
correct task completion in-stream—an essential building block for
proactive, embodied Al systems. Fourth, we release all annotations,
instantiated prompts, and model results to support full reproducibil-
ity and future research. Taken together, this work lays a foundation
for designing, benchmarking, and reasoning about proactive multi-
modal agents that act fluidly, helpfully, and responsibly alongside
people in the physical world.
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Appendix
A Prompts

Below are the templates for all prompts used in the experiments,
with example context filled in and written in blue-colored text.

A.1 Fixed Cadence Prompts

Subdialog Prompt

A human worker is performing the following physical task with
the help of an Al instructor: Make coffee using a Nespresso Pixie
machine

The human worker is currently on this step of the task recipe:
3.2. "Insert a Nespresso coffee capsule into the capsule compart-
ment, with the flat side towards the front of the machine!" However,
the human worker only knows what to do when the Al instructor
speaks the instruction aloud to them.

The instructor has spoken the full instruction for the current step
to the human worker.

30.0 seconds have elapsed in this step so far.

Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[+0.0s] Instructor: Next, insert a Nespresso coffee capsule into the
capsule compartment, with the flat side towards the front of the
machine.

[+14.4s] Human Worker: what size capsule should I use

[+21.6s] Instructor: One moment please.

[+23.6s] Instructor: You can use any size of nespresso coffee capsule,
as the machine is compatible with all sizes.

Based on the nature of the task, the inherent complexity of the
step, the time elapsed, and the context of the dialog so far, predict
whether or not the human is likely to have completed the current
step by now. Remember that the human might be able to directly
execute some steps quickly, while other steps might take longer
for the human to comprehend the instructions, find the relevant
objects, and carry out the specified action. Use your best judgement
according to all evidence provided.

Please simply answer Yes or No, without any other text or ex-
planation.

Reading Prompt
A human worker is performing the following physical task with
the help of an Al instructor: Replace a hard-drive in a PC

The human worker is currently on this step of the task recipe:
1.2. "Pull the case-lid handle and open and remove the case lid.
Place the lid on the table next to you." However, the human worker
only knows what to do when the Al instructor speaks the instruc-
tion aloud to them.
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The instructor has spoken the full instruction for the current step
to the human worker.

12.0 seconds have elapsed in this step so far.

Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[Subdialog here as in subdialog prompt above]

The human worker has access to a visual interface that contains the
text of the current instruction and a partial dialog history with the
Al instructor. The human worker is currently reading the interface
text. Below is their pattern of gaze behavior so far, with alternating
intervals of reading the interface and gazing toward the task area.
Each interval is labeled in seconds since the start of this step:
[0.0s - 6.25]: Reading interface.

[6.2s - 11.6s]: Gazing toward task area.

[11.6s - 12.0s]: Reading interface.

Based on the nature of the task, the inherent complexity of the
step, the time elapsed, and the current behavior of the human, pre-
dict whether or not the human is likely to have completed the
current step by now. Remember that the human might be able to
directly execute some steps quickly, while other steps might take
longer for the human to comprehend the instructions, find the
relevant objects, and carry out the specified action. Use your best
judgement according to all evidence provided.

Please simply answer Yes or No, without any other text or ex-
planation.

Image Prompt
A human worker is performing the following physical task with
the help of an Al instructor: Make a Mojito mocktail

The human worker is currently on this step of the task recipe: 1.1:
"Add 7 mint leaves in the larger tin of a Boston shaker" However,
the human worker only knows what to do when the Al instructor
speaks the instruction aloud to them.

The instructor is currently in the process of speaking the current
instruction to the human worker, and so far has said these words:
"First, add 7 mint..."

4.0 seconds have elapsed in this step so far.

Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[Subdialog here as in subdialog prompt above]

This image shows the human’s point-of-view at this exact mo-
ment (note that it may be blurry or occluded):
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Based on the nature of the task, the inherent complexity of the step,
the time elapsed, and the context of the visual scene at this moment,
predict whether or not the human is likely to have completed the
current step by now. Remember that the human might be able to
directly execute some steps quickly, while other steps might take
longer for the human to comprehend the instructions, find the rele-
vant objects, and carry out the specified action. The provided image
may be blurry or occluded, but use your best judgement according
to all evidence provided.

Please simply answer Yes or No, without any other text or ex-
planation.

All (Subdialog + Reading + Image Prompt)

A human worker is performing the following physical task with
the help of an Al instructor: Make coffee using a Nespresso Pixie
machine

The human worker is currently on this step of the task recipe:
1.2. "Fill the water tank with fresh water" However, the human
worker only knows what to do when the Al instructor speaks the
instruction aloud to them.

The instructor has spoken the full instruction for the current step
to the human worker.

8.0 seconds have elapsed in this step so far.

Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[+0.0s] Instructor: Next, fill the water tank with fresh water.
[+7.3s] Human Worker: how much ...

The human worker is currently in the process of speaking their
utterance.

The human worker has access to a visual interface that contains the
text of the current instruction and a partial dialog history with the
Al instructor. The human worker is currently reading the interface
text. Below is their pattern of gaze behavior so far, with alternating
intervals of reading the interface and gazing toward the task area.
Each interval is labeled in seconds since the start of this step:
[0.0s - 0.25]: Reading interface.

[0.2s - 1.25]: Gazing toward task area.

[1.2s - 1.8s]: Reading interface.

[1.8s - 7.6s]: Gazing toward task area.
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[7.6s - 8.0s]: Reading interface.

This image shows the human’s point-of-view at this exact mo-
ment (note that it may be blurry or occluded):

Based on the nature of the task, the inherent complexity of the
step, the time elapsed, and and all other context provided, predict
whether or not the human is likely to have completed the current
step by now. Remember that the human might be able to directly
execute some steps quickly, while other steps might take longer
for the human to comprehend the instructions, find the relevant
objects, and carry out the specified action. The provided image may
be blurry or occluded, but use your best judgement according to all
evidence provided.

Please simply answer Yes or No, without any other text or ex-
planation.

Video Prompt
A human worker is performing the following physical task with
the help of an Al instructor: Make a Mojito mocktail

The human worker is currently on this step of the task recipe: 1.1:
"Add 7 mint leaves in the larger tin of a Boston shaker" However,
the human worker only knows what to do when the Al instructor
speaks the instruction aloud to them.

The instructor is currently in the process of speaking the current
instruction to the human worker, and so far has said these words:
"First, add 7 mint...."

4.0 seconds have elapsed in this step so far.

Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[Subdialog here as in subdialog prompt above]

This video shows the human’s point-of-view from the beginning of
the step (or 10 seconds ago if more than 10 seconds have elapsed)
until now: [POV video clip here]

Based on the nature of the task, the inherent complexity of the step,
the time elapsed, and the context including the POV visual scene so
far, predict whether or not the human is likely to have completed
the current step by now. Remember that the human might be able
to directly execute some steps quickly, while other steps might take
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longer for the human to comprehend the instructions, find the rele-
vant objects, and carry out the specified action. The provided video
may sometimes be blurry or occluded, but use your best judgement
according to all evidence provided.

Please simply answer Yes or No, without any other text or ex-
planation.

Image vs Expert Reference Image Prompt
A human worker is performing the following physical task with
the help of an Al instructor: Make a whiskey sour mocktail

The human worker is currently on this step of the task recipe:
1.4. "Pour 3/4 ounces of the freshly squeezed lemon juice into the
same tin"" However, the human worker only knows what to do
when the Al instructor speaks the instruction aloud to them.

The instructor has spoken the full instruction for the current step
to the human worker.

12.0 seconds have elapsed in this step so far.

Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[Subdialog here as in subdialog prompt above]

This image shows the human’s point-of-view at this exact mo-
ment (note that it may be blurry or occluded):

Here’s how the scene looked like when a totally different human,
with high knowledge and high task expertise, successfully com-
pleted the step in 12.0 seconds:

Based on the nature of the task, the inherent complexity of the step,
the time elapsed, and in comparison to what the scene should look
like when an expert executes the step quickly and correctly, predict
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whether or not this human is likely to have completed the current
step by now. Remember that this human might be able to directly
execute some steps quickly, while other steps might take longer
for the human to comprehend the instructions, find the relevant
objects, and carry out the specified action.

Please simply answer Yes or No, without any other text or ex-
planation.

A.2 One-Time Prompt

A human worker is performing the following physical task with the
help of an Al instructor: Make a notebook using a binding machine

The human worker is currently on this step of the task recipe:
2.1. "Take a front and back cover and place them in the binding
machine aligning with the edge guide

The human worker only knows what to do when the Al instructor
speaks the instruction aloud to them, and the Al instructor is just
beginning to speak now. It will take 6.1 seconds for it to finish
speaking the instruction.

Based on the nature of the task and the inherent complexity of
the step, predict how long you think it will take the human worker
to complete this step, starting from now. Remember that the human
worker might be able to directly execute some steps quickly, even
in parallel with the instructor’s speech, while other steps might
take longer for the human worker to comprehend the instructions,
find the relevant objects, and carry out the specified action.

Predict how long it will take the human worker to correctly execute
this step, starting from now. Use your best judgement according to
all evidence provided, and provide your best guess estimate includ-
ing seconds and hundreds of milliseconds using the json format
below:

{

"totalseconds": "x.x",

}

Provide your response exactly matching the JSON format described
above and make sure you provide a well-formatted JSON. Do not
provide any text before or after the JSON, just start with an open
brace and end with a closing brace.

A.3 Dynamic Prompt

Initial prompt at beginning of sub-step:

A human worker is performing the following physical task with the
help of an Al instructor: Make a notebook using a binding machine

The human worker is currently on this step of the task recipe:
2.1. "Take a front and back cover and place them in the binding
machine aligning with the edge guide."

The human worker only knows what to do when the Al instructor
speaks the instruction aloud to them, and the Al instructor is just
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beginning to speak now. It will take 6.1 seconds for it to finish
speaking the instruction.

This image shows the human’s point-of-view at this exact mo-
ment (note that it may be blurry or occluded):

Based on the nature of the task, the inherent complexity of the step,
and the context of the visual scene at this moment, predict how
long you think it will take the human to complete this step, starting
from now. Remember that the human might be able to directly
execute some steps quickly, even in parallel with the instructor’s
speech, while other steps might take longer for the human to com-
prehend the instructions, find the relevant objects, and carry out
the specified action.

Predict how long it will take the human to correctly execute this
step, starting from now. If you believe the human has *already”
finished this step from the very beginning, provide an estimate of
0 or 0.0 total seconds. Use your best judgement according to all
evidence provided, and provide your best guess estimate including
seconds and hundreds of milliseconds using the json format below:

{

"totalseconds": "x.x",

}

Provide your response exactly matching the JSON format described
above and make sure you provide a well-formatted JSON. Do not
provide any text before or after the JSON, just start with an open
brace and end with a closing brace.

Subsequent prompts throughout sub-step:
A human worker is performing the following physical task with the
help of an Al instructor: Make a notebook using a binding machine

The human worker is currently on this step of the task recipe:
2.1. "Take a front and back cover and place them in the binding

machine aligning with the edge guide."

The human only knows what to do when the Al assistant speaks
the instruction aloud to them.

The instructor has spoken the full instruction for the current step
to the human worker.

8.0 seconds have elapsed in this step so far.
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Here is the transcript of the dialog, where the timings of each
utterance are shown at the beginning of each utterance, in seconds,
relative to time 0, when the instructor began delivering the instruc-
tions to the human worker:

[+0.0s] Instructor: First, take a front and back cover and place them
in the binding machine aligning with the edge guide.

The human worker has access to a visual interface that contains the
text of the current instruction and a partial dialog history with the
Al instructor. The human worker is not currently reading the inter-
face text. They are currently gazing toward the task area. Below is
their pattern of gaze behavior so far, with alternating intervals of
reading the interface and gazing toward the task area. Each interval
is labeled in seconds since the start of this step:

[0.0s - 0.5s]: Reading interface.

[0.5s - 3.8s]: Gazing toward task area.

[3.8s - 5.25]: Reading interface.

[5.2s - 8.0s]: Gazing toward task area.

This image shows the human’s point-of-view at this exact mo-
ment (note that it may be blurry or occluded):

Based on the nature of the task, the inherent complexity of the step,
the time elapsed, and all other context provided, predict whether
or not the human is likely to have completed the current step by
now. Your previous prediction was that the human would need 8.0
seconds to complete the step, and that time has now elapsed.

Remember that the human might be able to directly execute some
steps quickly, even in parallel with the instructor’s speech, while
other steps might take longer for the human to comprehend the
instructions, find the relevant objects, and carry out the specified
action.

Please answer Yes or No in the JSON structure below. If your answer
is No, predict how much additional time you think it will take the
human to complete the step, in seconds and tenths of seconds.

{

"stepcomplete”: "Yes" or "No",

"o

"remainingseconds": "x.x",

}

Provide your response exactly matching the JSON format described
above and make sure you provide a well-formatted JSON. Do not
provide any text before or after the JSON, just start with an open
brace and end with a closing brace.
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B All Results

Table 2: Performance across all prompt versions, models, and baselines.

Accuracy F1 Accuracy F1 False Positive Percent Optimal
Prompt Version Model (Query)  (Query) (Step) (Step) Percentage (Step) Time Saved
Baseline(0) N/A N/A N/A 36.5 0.518 39.6% 35.8%
Baseline(+1s) N/A N/A N/A 31.0 0.451 34.6% 33.0%
Baseline(+2s) N/A N/A N/A 27.8 0.408 31.3% 30.5%
Baseline(+3s) N/A N/A N/A 25.0 0.370 28.6% 30.2%
Baseline(+4s) N/A N/A N/A 22.6 0.337 27.1% 28.2%
Baseline(+5s) N/A N/A N/A 21.1 0.311 25.4% 27.2%
Baseline(+10s) N/A N/A N/A 16.7 0.232 18.7% 23.6%
Baseline(+15s) N/A N/A N/A 14.1 0.178 14.8% 20.5%
Baseline(+20s) N/A N/A N/A 12.6 0.143 11.8% 19.7%
Llama-3.2 71.7 0.263 23.4 0.361 57.3% 19.3%
Qwen-3.5 69.1 0.406 26.7 0.404 63.3% 21.6%
Subdialog GPT-5.1 76.3 0.441 29.5 0.427 41.7% 24.6%
GPT-5.4 71.5 0.441 28.2 0.416 53.0% 23.0%
Gemini-3.1-Pro 75.0 0.446 33.3 0.477 39.9% 24.9%
Llama-3.2 74.8 0.085 15.5 0.198 27.0% 10.4%
Qwen-3.5 71.2 0.358 24.9 0.374 54.3% 22.3%
Reading GPT-5.1 76.0 0.381 27.1 0.387 32.7% 26.1%
GPT-5.4 71.8 0.376 25.1 0.372 46.5% 24.5%
Gemini-3.1-Pro 76.3 0.365 33.0 0.467 28.8% 26.8%
Llama-3.2 50.1 0.341 5.9 0.111 94.1% 14.4%
Qwen-3.5 76.3 0.365 28.3 0.416 50.0% 26.3%
Image GPT-5.1 77.0 0.363 27.8 0.396 37.4% 32.6%
GPT-5.4 78.0 0.312 32.8 0.456 20.4% 32.3%
Gemini-3.1-Pro 81.3 0.544 45.0 0.604 35.8% 40.1%
Llama-3.2 54.3 0.313 7.8 0.145 91.3% 15.2%
Qwen-3.5 75.8 0.333 26.8 0.394 46.9% 26.3%
All GPT-5.1 75.6 0.355 25.2 0.368 44.3% 29.7%
GPT-5.4 77.3 0.267 29.0 0.407 22.3% 26.0%
Gemini-3.1-Pro 81.6 0.554 48.2 0.636 35.7% 44.9%

Continued on next page
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Table 2 - continued from previous page

Accuracy F1 Accuracy F1 False Positive Percent Optimal
Prompt Version Model (Query)  (Query) (Step) (Step) Percentage (Step) Time Saved
Qwen-3.5 71.0 0.359 19.6 0.312 69.0% 17.3%
GPT-5.1 71.1 0.449 22.7 0.342 56.1% 21.1%
Reference
GPT-5.4 77.2 0.361 31.0 0.438 27.9% 26.2%
Gemini-3.1-Pro 78.4 0.493 38.8 0.542 39.8% 34.0%
Video Gemini-3.1-Pro 82.6 0.655 50.0 0.655 47.9% 45.3%
Llama-3.2 N/A N/A 23.4 0.371 68.0% 24.4%
Qwen-3.5 N/A N/A 28.2 0.426 57.4% 23.9%
One-Time GPT-5.1 N/A N/A 29.3 0.436 51.7% 27.0%
GPT-5.4 N/A N/A 31.1 0.466 58.1% 26.1%
Gemini-3.1-Pro N/A N/A 29.7 0.443 51.7% 25.6%
Llama-3.2 N/A N/A 8.7 0.024 3.0% 0.7%
Qwen-3.5 N/A N/A 23.0 0.322 25.4% 23.5%
Dynamic GPT-5.1 N/A N/A 26.7 0.398 48.8% 27.7%
GPT-5.4 N/A N/A 28.0 0.398 32.3% 26.9%

Gemini-3.1-Pro N/A N/A 39.3 0.530 11.0% 31.9%
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