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Abstract

Videos are unique in their ability to capture actions which
transcend multiple frames. Accordingly, action recognition
has long been a quintessential task for video models. Unfor-
tunately, due to a lack of sufficiently diverse and challenging
data, modern vision-language models (VLMs) are no longer
evaluated on their action recognition capabilities. To revi-
talize action recognition in the era of VLMs, we advocate
for a returned focus on domain-specific actions. To this
end, we introduce VideoNet, a domain-specific action recog-
nition benchmark covering 1,087 distinct actions from 38
domains. VLMs struggle immensely on VideoNet, with Gem-
ini 2.5 Pro performing only 15.8 percentage points better
than random chance. To improve model performance we pro-
vide in-context demonstrations, but only see a 3% boost in
VLM performance compared to a 13% increase in non-expert
human accuracy, suggesting that VLMs are poor few-shot
learners. At last, we collect a large-scale training dataset
containing nearly 500k video question-answer pairs. Fine-
tuning an open-weight 4B model on our data, we surpass all
Gemini models on the VideoNet benchmark. We release all of
our data, inviting the community to explore new techniques
to improve domain-specific action recognition capabilities
and few-shot learning in video models.1

1. Introduction
Action recognition has proven to be an evergreen goal of
the computer vision community. As early as 1992, highly-
influential works have highlighted the difficulty of recogniz-
ing domain-specific actions in particular (e.g., [44] focused
on categorizing six distinct tennis strokes). Yet domain-
specific data is notoriously difficult to collect, so little work
has been done on gathering domain-specific data across a
wide variety of domains. In the era of large vision-language
models (VLMs), where testing generalizability is a key con-

1Data, code, and examples at https://tanu.sh/videonet.
Please refer to the arXiv paper for updated evaluations on a newer ver-
sion of the VideoNet benchmark.

cern of many researchers, the lack of diverse domain-specific
data has prevented modern VLMs from being evaluated on
this “forgotten" task. Instead, the VLM community has fo-
cused on fine-grained actions that are not domain-specific,
such as whether a ball rotates clockwise or counter-clockwise
[35]. While such benchmarks are valuable, they fail to cap-
ture the real-world applicability of inquiring about domain-
specific actions. Furthermore, they only test perception skills,
whereas recognizing actions like a “Biellmann spin" in figure
skating requires a model to excel at not only perception but
also compositional reasoning (i.e., are all elements of this
action present and in the correct order?). In this paper, we
introduce the data necessary to make domain-specific action
recognition relevant in the VLM era.

To this end, we present a benchmark covering over 1,000
actions across 38 domains. We confirm the validity of our
test set labels with expert verification, signaling a near 97%
accuracy rate in our data.

VLMs struggle on our benchmark. The best open-weight
7B VLM attains 55.6% accuracy, a slight improvement over
random chance at 50%. The best proprietary VLM attains
71.5%, barely surpassing non-expert humans at 69.1%. We
extensively ablate our visual and textual inputs to the VLMs
to understand why models perform poorly on this task. We
hypothesize that a lack of domain-specific action data in
these models’ training mixtures is primarily responsible.

Inspired by few-shot learning in humans and LLMs
[5, 28], we investigate whether this lack of domain-specific
training data can be overcome by providing few-shot ex-
amples of actions at test-time. Indeed, non-expert human
performance improves by 13 percentage points when given 3
few-shot examples. Yet VLMs only see 2-3 percentage point
improvements with few-shot examples, suggesting that they
are poor few-shot learners and implying that domain-specific
action recognition deficiencies cannot be fixed at test time.

Finally, we explore post-training on domain-specific train-
ing data. To this end we collect a training set containing
160,000 clips. Fine-tuning a 4B VLM on our data yields
a 12 percentage point improvement on VideoNet. Notably,
this nears the performance improvement observed in humans

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Few-Shot Domain-Specific Action Recognition

The following K videos show a <ACTION>, which is an action in <DOMAIN>.

<ACTION>: Steppage Gait    <DOMAIN>: Neurological Abnormalities <ACTION>: Double Crochet    <DOMAIN>: Crochet
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Q: Now consider this video. Is it also a Steppage Gait? Q: Now consider this video. Is it also a Double Crochet?

A:           NoA:               Yes

Figure 1. Examples from the VideoNet benchmark. Our benchmark includes over 1000 actions across 38 domains, ranging from Crochet
to Neurological Abnormalities. It features 5 well-trimmed clips per action. (The prompts shown above are simplified for succinctness.)

when given 3 in-context examples. Our 4B model surpassses
all open-weight 7B models and even large proprietary mod-
els such as GPT-4o and Gemini 2.5.
We summarize our contributions below.

• A domain-specific action recognition benchmark cover-
ing 1,087 actions across 38 domains within 7 categories.

• A domain-specific action training dataset with 160,000
clips that enables 4B models to surpass Gemini 2.5 Pro.

• Two innovative data pipelines, for human annotation and
synthetic labeling, that break from traditional literature by
entirely circumventing the need for domain experts.

• Few-shot evaluation of VLMs, highlighting their deficien-
cies with in-context learning relative to LLMs.

Given the expansiveness of our data and the subtle motions
innate to domain-specific actions, we are particularly excited
about how our data unlocks future research into modeling
decisions for perception, visual reasoning, and real-world
action understanding.2

2. Related Work
Action recognition has been has been extensively explored
and fall broadly into three categories. The first set [10, 16, 18,
23, 29, 34, 36] predominantly contain coarse-grained labels
(e.g., [16] has a single class for "rock climbing", whereas
VideoNet contains 23 distinct bouldering actions.) Unsur-

2Action understanding is a prerequisite to action quality analysis. Imag-
ine if a VLM could help a new gym goer learn proper squat technique or
critique a novice figure skater’s lutz jumps.

prisingly, foundation models exceed at recognizing such
coarse-grained labels. For instance, InternVideo2 [40] at-
tains 92.1% on Kinetics-400 and 95.9% on ActivityNet. The
second set [19, 24, 26, 27, 31, 33, 42, 43] focus on a limited
set of sports, rendering them unable to test the generalization
promise of foundation models. The third set [7, 8, 22, 35]
fixate on fine-grained temporal attributes, such as the direc-
tion and trajectory of moving objects. While these works
pose interesting perception questions, they focus on details
(e.g., does an object move from left to right) that an end
user is unlikely to consult a large model for, raising concerns
about their real-world utility. Unlike these three groups,
VideoNet contains fine-grained labels with real-world appli-
cability across a sufficiently large set of domains.

There are three notable works that collect domain-specific
action data across a variety of domains. The first, Ego-
Exo4D [15], covers only 8 domains, compared to VideoNet’s
38. Our benchmark rivals the size of [15]’s entire dataset,
while our training data contains 30x more videos. Perhaps
most critically, [15] lacks visual diversity; its 728 bouldering
videos, for instance, were filmed at 2 climbing gyms. In con-
trast, VideoNet sources videos from the web, enabling a great
range of visual composition. The second, Ego4D [17], col-
lects fine-grained actions for videos. However, it is restricted
to egocentric videos. The third, ActionAtlas [33], collects
934 videos across 56 sports. It is similar to VideoNet in style,
but less generalizable due to its exclusive focus on sports.
ActionAtlas notably forgoes the question of training data,
and even its benchmark is 5 times smaller than VideoNet’s.
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Figure 2. Video samples from all 7 categories and 38 domains in VideoNet. Note the diversity of domains covered by VideoNet.

3. Benchmark Construction

3.1. Preparing actions

We employ a top-down approach to generate our taxonomy
of actions. First, we formulate a list of categories designed to
cover actions that are applicable to daily life (e.g., food), re-
quire expert-level knowledge (e.g., medical), and demand a
high frame sampling rate for recognizing rapid motions (e.g.,
sports). Within each category, we find domains that have
sufficient videos and trusted expert content online. We then
compile actions for each domain from expert-written sources
(e.g., skateboarding actions from a respected skateboarding
blog) and augment these lists using LLMs (following [33],
see Appendix for details). Finally, we search online to verify
that we have sufficient potential videos containing each ac-
tion, removing actions with an insufficient amount of online
videos.

Action definitions are used throughout our project to help
humans and models classify relevant action videos without
specialized domain expertise. To maximize their usefulness
to this end, the definitions are written to focus on visual
cues or defining characteristics of that action, as well as
key differentiators from similar actions. Initially, we used
large language models (LLMs) following [33] to generate
definitions. However, specialized domains pose challenges,

as LLMs occasionally encode incorrect or outdated domain
knowledge [37]. To mitigate this issue, we enable LLMs to
perform targeted web searches [1], retrieving expert-curated
information from reputable online knowledge bases and
domain-specific communities. The LLMs then use this in-
formation to cross-check and correct inaccuracies, providing
a final set of definitions aligned with established domain
expertise.

3.2. Collecting well-trimmed clips
Once we have our action lists ready, we launch our three-
stage human-annotation pipeline, as visualized in Fig. 3.
Our pipeline design is guided by rigorously validated HCI
practices [12, 21, 25]. In particular, each clip is reviewed
by five distinct annotators throughout the pipeline, and on
the second stage the majority vote is taken among three
annotators.

Video collection. We provide human annotators, sourced
from Prolific, with the name of an action within a domain,
alongside its definition (§ 3.1). They are told to search for
the action online and find seven clips where the action occurs.
We require the clips to be sourced from separate videos to
increase generalizability.

Clip verification. We provide annotators the action name
and definition, alongside the seven clips from the previous
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Figure 3. Benchmark data collection pipeline, as described in Section 3.2. Given an action name and a definition, humans (1) find clips on
the web, (2) remove outliers among these clips, and (3) fix the clip trimmings. This pipeline yields five well-trimmed clips per action.

stage, and ask them to rate each clip as (1) containing the
action and being well-trimmed, (2) containing the action
but being poorly-trimmed, or (3) not containing the action.
Determining if a clip is well-trimmed or not is trivial for
humans; however, classifying the clip as containing or not
containing the action can be tricky, especially since these
annotators are not experts in these domains. We solve this
dilemma by reducing the problem from k-way classification
to 3-way classification. Where [43] and [27] showed a do-
main expert a random clip and asked them to classify it as
one of k actions, we ask three non-expert annotators to rate
each clip into one of the three categories above and take the
majority vote.

Clip trimming. We reach this stage with approximately
90% of the actions having 5 or more clips that were deemed
to contain the desired action. At least one of these clips
was always well-trimmed; in four-fifths of cases, there were
at least three well-trimmed clips. To preserve clips that
contain the desired action but are poorly trimmed, we con-
duct an additional trimming stage to refine their temporal
boundaries. Here, we show Prolific annotators the action
name, action definition, and these well-trimmed examples,
thereby training them to be “experts" in the action. We then
ask them to fix the trimmings on the poorly-trimmed clips.
This leaves us with at least five accurately trimmed clips for
the desired action, each verified by annotators trained with
relevant in-context examples.

This process yields 1,087 clips, whose statistics are shown
in Table 1. Certain domains, like suturing and crochet, con-
tain actions that take longer to demonstrate, causing a notice-
able tail in the distribution of video lengths (see Appendix).

3.3. Generating (hard) negative examples
With the verified positive clips in-hand, we gather suitable
negative examples to be used in our benchmark. One ap-
proach is to gather random negatives by randomly sampling
clips from different actions within the same domain, but this
has notable limitations with different actions often having
distinct contexts, backgrounds, or static visual cues. Without

Table 1. Benchmark Video Duration (seconds). The clips are
well-trimmed, meaning that they contain the entirety of the action
and minimal “fluff" around it. We removed clips longer than 5
minutes after observing open models struggle with context lengths
for long videos, especially in the 3-shot setting.

Mean Median Standard Deviation

12.8 5.0 23.7

careful control, models may achieve high performance by
exploiting the scene-level details alone (e.g. alley-oop dunk
vs. free throw in basketball), rather than closely watching
the entire clip. Instead, we create challenging hard negatives
by selecting actions that closely resemble the positive clip,
only differing in subtle visual or motion-related aspects. Ini-
tially, we automatically generate these hard negatives with
an LLM (gpt-4.5-preview) following [4, 33]. Differ-
ent from prior methods, we further refine this candidate set
using a reasoning model (o3-mini) by filtering out any
clips that could realistically co-occur with the positive ac-
tion or are otherwise ambiguous. This ensures that our hard
negatives are truly valid and challenging (e.g. alley-oop
dunk vs. put-back dunk). Using this strategy, we arrive at a
carefully-curated evaluation set consisting of both N verified
positive and N challenging negative clips for each action
(full prompts and refinement details provided in Appendix).

3.4. Verifying clip labels
To verify the correctness of our benchmark, we conduct
expert verification. We choose one domain from each of our
7 categories for verification, hypothesizing that accuracies
for domains within each category should be similar. We
verify 620 clips; generalizing human performance from this
scale is in line with prior works [32, 45]. When possible,
we find experts in our local communities and ask them to
verify the data labels, akin to [17, 35, 41]. For domains
where we are unable to locate experts, we train someone
on a large sample of the domain’s data, before asking them
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to verify labels, following [32]. As shown in Table 2, we
see 97% accuracy in our data, exceeding MMLU-Pro’s [41]
expert accuracy of 85.4% and ImageNet’s [32] estimates of
top-5 error at 5.1% and 12.0%. This confirms the validity
of our pipeline as a replacement for hiring domain experts
during the domain-specific data collection process. It also
enables researchers developing future models to confidently
use VideoNet as a test bed for domain-specific capabilities.

Table 2. Expert Verification for VideoNet . These results confirm
that our data collection pipeline is robust to annotator error.

Category Domain Correct Clips Total Clips Percent Correct

Sports Tennis 92 95 96.8%
Food Coffee 75 80 93.8%
Crafts Painting 39 40 97.5%

Medical Neuro. Exams 75 75 100.0%
Dance Break Dance 162 165 98.2%

Hobbies Gym 107 110 97.3%
Beauty Spa Massage 55 55 100%

All All 605 620 97.6%

4. Model Training
We create a large-scale training dataset using a fully auto-
mated pipeline for our domain-specific action recognition
task. By further training an open VLM, Molmo2-4B [11],
on this dataset, we demonstrate a significant improvement in
the base model’s performance for our task.

4.1. Training Data
While the data collection pipeline described in Section 3.2
leads to extremely high-quality clips, its reliance on human
annotators renders it prohibitively expensive for collecting
training-scale data. A common solution in such cases is to
rely on synthetic labels generated by foundation models [13,
20]. As shown in Section 5.1, VLMs struggle to recognize
domain-specific actions, so distilling directly from even the
best-performing VLM is unideal. Instead, we choose to rely
on signals contained within the video data, specifically in
the video’s title and transcript.

We build up our training data one domain at a time for
each of the 38 domains covered by our benchmark. For a
given domain, we begin by crawling relevant videos from the
web. To do so, we construct queries from our action list, e.g.
from “laser flip" we construct queries like “skateboarding
laser flip" and "how to laser flip". Once we have a pool of
relevant videos, we extract clips using Gemini 2.5 Flash as a
localizer. For instance, we ask Gemini to provide start and
end timestamps for each clip where a skateboarding action
occurs. Critically, even though Gemini struggles to label
the actions in these clips, it excels at localizing them. This
is likely because the localization task can be performed by
leveraging signals such as the speech and scene changes

within the video. Once we have a set of domain-specific ac-
tion clips extracted from our pool of domain-specific videos,
we must filter and label these clips. The video’s audio can
be helpful for labeling clips, so we extract word-level times-
tamps using whisperX [3]. We experiment with three filter-
ing and labeling strategies.
1. TRANSCRIPTLOCALIZED . If an action name appears in

the video’s transcript within T = 1 seconds of a localized
clip, the clip is labeled with that action.

2. TRANSCRIPTLOCALIZEDTITLEMATCH . Refining on
top of TRANSCRIPTLOCALIZED , we further require the
action appear in the video’s title.

3. SINGLEACTION . If an action appears in the video’s title,
and the localizer identified only one clip in the entire
video, that clip is labeled with the action from the title.
In total, we crawl 8 million videos before localizing and

transcribing 1.5 million videos. This results in 6 million
clips, which we then filter into training sets ranging in size
from 160,000 clips to 500,000 clips. Training results for the
different data filtering strategies are provided in Sec. 5.3.

4.2. Training Details
We fine-tune Molmo2-4B, an instruction-tuned VLM on our
filtered training dataset. The model’s architecture follows
the popular paradigm of connecting a vision transformer
(ViT) [14] to a pre-trained language model (LLM) via an
MLP connector module [11]. During training, the frames are
sampled up to max sampling rate of S and up to max frames
F . If the video has more than F/S frames, we use uniformly
sample F frames. To preserve the temporal information, we
encode the frame timestamp in seconds before each sampled
frame as text input to the LLM. We train the model for 8K
steps, with a batch size of 128, max frames F = 64 and
a maximum sampling rate S = 4 in all our experiments.
Additional training details are reported in the Appendix.

5. Experiments
We evaluate state-of-the-art video-language models on
VideoNet, finding that the best models rival human perfor-
mance in a zero-shot setting but lag considerably behind
humans when given in-context examples.

For open models, we use InternVL3-8B [48], Qwen2.5-
VL-7B [2], and LLaVA-Video-7B [47]. For proprietary
models, we use Gemini 2.5 Flash, Gemini 2.5 Pro, GPT-4o,
GPT-4.1, and GPT-5.3 A discussion of their context lengths–
which may impact few-shot performance–is in the Appendix.
Also in the Appendix are results for Qwen2.5-VL-72B, CLIP
models [30, 38, 39, 46], and optical flow models [9].

When passing videos as inputs, we use the models’ of-
ficial sampling strategies: uniform sampling for LLaVA-
Video-7B (max 110 frames) and InternVL3-8B (max 64

3Snapshots/versions of proprietary models available in Appendix.
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Table 3. Zero-shot evaluation results. Most open-source models performance little better than chance on the benchmark. We derive the
“Molmo2-4B (FT)” model by fine-tuning the Molmo2-4B Instruct model on our SINGLEACTION dataset. This boosts performance by about
12%-points. Highest overall accuracy for each column is in bold; second-highest is underlined.

Model Name Beauty Crafts Dance Food Hobbies Medical Sports Overall

Random 50.00 50.00 50.00 50.00 50.00 50.00 50.00 50.00

Closed

Gemini 2.5 Flash 70.18 72.69 59.90 86.05 63.85 69.15 60.72 65.14
Gemini 2.5 Pro 74.19 73.51 62.26 87.37 62.71 72.36 60.99 65.78
GPT-4o 71.90 73.25 61.10 86.49 63.79 66.15 65.72 66.76
GPT-4.1 73.39 75.00 64.18 87.37 65.57 74.00 67.59 69.02
GPT-5 75.00 77.53 70.07 88.40 67.61 79.50 68.32 71.51

Open Weight
InternVL3-8B 54.03 51.12 54.69 64.18 47.25 54.00 51.63 52.16
Qwen2.5-VL-7B 50.00 51.20 50.00 72.16 55.58 58.00 53.26 55.01
LLaVA-Video-7B 58.87 57.84 51.32 70.36 54.74 58.00 54.89 55.98

Fully Open
Molmo2-4B (base) 50.00 51.20 50.00 72.16 55.58 58.00 53.26 55.01
Molmo2-4B (FT) 75.00 69.66 66.84 76.03 66.51 71.00 66.33 67.36

GPT-5

GPT-4.1

GPT-4o

Gemini 2.5 Pro

Molmo-2 4B (FT)

Qwen2.5-VL-7B

LLaVA-Video-7B

0 22.857 45.714 68.571
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(a) Accuracy of open and proprietary video models with different
video input settings. Molmo-2 4B (FT) denotes our fine-tuned
model using SINGLEACTION .
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Figure 4. Ablations on video input configurations. Open models show limited gains from full-video input, indicating difficulty in
effectively leveraging video context. (A notable exception is our model, which benefits significantly.) GPT-4.1, the GPT model with the
longest context length, shows minimal improvement at higher fps, suggesting that it faces challenges in capturing subtle or rapid motions.

frames); fps sampling for Qwen2.5-VL, GPT, and Gemini
2.5 (1 fps). For our model, we use 4 fps sampling up to a
max of 64 frames, with frame ablations in the Appendix.

5.1. Zero-shot evaluation

Given a video along with an action name and domain, we
prompt models to answer whether or not the video depicts
the specified action. We use a balanced set of N = 2 positive
and N = 2 negative clips per action (Figure 1). Models are
optionally prompted to explicitly reason or analyze the video
before providing their answer. We use binary accuracy as our

metric, where random chance gets 50%. Table 3 shows that
previous open models generally struggle with fine-grained
action recognition, performing only slightly above random
chance. Interestingly, LLaVA-Video-7B achieves the highest
overall accuracy among the previous open models (55.98%),
outperforming both InternVL3-8B (52.16%) and Qwen2.5-
VL-7B (55.01%), despite the latter models typically per-
forming better in standard video benchmarks. Comparing
across categories, LLaVA-Video-7B notably excels in the
Beauty and Crafts categories, whereas Qwen2.5-VL-7B is
the strongest in the Food category. These divergent results
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suggest that previous open models have varied expertise
across domains, implying that systematic evaluations can
help identify their specific weaknesses and inform which do-
mains to prioritize in future training. In contrast, the model
fine-tuned on our data outperforms previous open models by
a significant margin. See § 5.3 for more details.

Next, we see that closed-source proprietary models con-
sistently achieve higher performance than open-source mod-
els across all categories. GPT-5 achieves the highest overall
accuracy, 71.51%, and clearly outperforms both GPT-4.1 at
69.02% and GPT-4o at 66.76%, whereas Gemini 2.5 Pro
and Flash perform similarly (65.78% vs. 65.14%). No-
tably, the Dance and Medical categories benefit most from
stronger reasoning capabilities in advanced models (GPT-4.1
vs. GPT-4o; Gemini 2.5 Pro vs. Flash). Categories such
as Beauty, Food, and Craft which involve less rapid motion
consistently show higher model performance compared to
Dance, Hobbies, and Sports, suggesting that visual cues in
the former group may be easier for models to recognize.

We conduct ablation studies to identify factors limiting
model performance. Specifically, we examine whether per-
formance issues arise from insufficient motion understanding
or limited action knowledge (Figure 4). Figure 4a compares
performances when provided with (1) a single middle frame,
(2) the entire video (default setup), and (3) the video with
action definitions (see § 3.1). Figure 4b shows GPT-4.1 ac-
curacy across categories and varied frame rates. Detailed
category-level results are available in the Appendix, as are
4fps results. Here, we analyze the following:
Image bias vs. motion understanding. Existing open-
source models show only slight improvements when moving
from a single middle frame to the entire video, implying that
they struggle to effectively ground actions in detailed motion
cues and instead rely heavily on static visual biases (Figure
4a). In contrast, our fine-tuned model and all proprietary
models benefit from full-video input indicating their stronger
capability to utilize video information for action recognition.
Impact of action definitions. Figure 4a shows that provid-
ing explicit action definitions yields minimal gains for pro-
prietary models. This is likely because these models already
possess sufficient inherent knowledge about actions, likely
comparable to expert community sources from the web, and
their primary limitation is effectively mapping this knowl-
edge to subtle motion details. In contrast, Qwen2.5-VL-7B
shows a moderate improvement from definitions (55.0% to
57.2%), indicating that open models can still benefit from
additional action-contextual information.
Higher FPS. Across action categories, GPT-4.1 significantly
improves from single-frame to full-video inputs (see Figure
4b). However, increasing the fps further does not improve
results, even in motion-intensive categories (Dance, Hob-
bies, Sports), suggesting that models fail to leverage higher
temporal resolution for capturing subtle or rapid motions.

5.2. Few-shot evaluation
Prior studies have shown that LLMs can greatly benefit from
well-curated in-context examples [5, 28]. We ask whether
current video-language models share this capability when
it comes to processing visual information. To investigate
this, we evaluate each model’s performance when provided
with up to k = 3 ground truth video demonstrations as
visual in-context examples. These in-context examples are
drawn separately and are excluded from the original zero-
shot evaluation set for fairness, but we reuse the same zero-
shot evaluation set to ensure consistency.
Video models fail to effectively utilize in-context exam-
ples. Figure 5 shows overall model accuracy as more in-
context examples are provided (exact numbers in Appendix).
We see that open models improve modestly from 0-shot to
3-shot conditions. Among proprietary models, GPT-4o dis-
plays steady improvement (from 66.76% at 0-shot to 70.12%
at 3-shot), surpassing zero-shot GPT-4.1. Meanwhile GPT-
4.1 improves notably at first (+2.6% from 0-shot to 1-shot),
but quickly saturates with additional examples (71.7% at
1-shot to 72.7% at 3-shot). GPT-5, the best zero-shot model,
sees only a 1% improvement from 0-shot to 3-shot. This
trend suggests that as the base model gets stronger and has a
better innate understanding of the action at hand, its ability to
effectively utilize few-shot examples decreases. Surprisingly,
Gemini 2.5 Pro shows a slight decline after one-shot exam-
ple, possibly due to context length overload introduced by
more in-context examples. Overall, the slight few-shot gains–
especially when compared to the substantial gains yielded
by post-training on our dataset (see § 5.3)–suggest that video
models struggle to fully exploit visual demonstrations. This
is likely because their training focuses on scenarios with
single-video inputs rather than multiple in-context videos.
Humans are far more effective few-shot learners. To bet-
ter understand the upper bounds of our few-shot setup, we
conduct human evaluations. We sample 698 questions across
our dataset and ask three annotators to answer each binary
question, taking the majority vote as the final answer (details
in Appendix). Figure 5 shows that in the zero-shot setup, av-
erage humans without definition perform worse than the
proprietary models, likely due to limited domain knowl-
edge. When given definitions, zero-shot human performance
improves (+4.5%) to 69.1%, comparable to GPT-4.1. We
see the most striking difference in the 3-shot setting, where
humans 3-shot with definitions improve significantly to
82.7% (+13.6% from 0-shot), while even those without defi-
nitions achieve 78.8% with examples alone. This suggests
that humans are highly efficient few-shot learners, quickly
generalizing visual patterns from few demonstrations. The
large gap between human and model few-shot performance
indicates current video models may lack the perceptual mech-
anisms underlying such human visual learning [6].
Random vs. hard negatives. While humans achieve high
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Figure 5. Few-shot accuracy of video models and humans with k in-context
video demonstrations. Humans benefit significantly more than models do.

Table 4. Accuracy with hard vs. random negatives.
As intended, our selection of hard negatives makes
the benchmark more difficult, especially for humans.

Models Hard Random
k=0 k=3 k=0 k=3

Qwen2.5-VL-7B 55.0 57.6 57.7 60.5
LLaVA-Video-7B 56.0 58.3 60.2 62.5
InternVL3-8B 52.2 56.9 58.1 61.1
Gemini 2.5 Pro 65.8 67.8 72.9 73.3
GPT-4o 66.8 70.1 75.2 76.3
GPT-4.1 69.0 72.7 75.9 77.4
GPT-5.1 71.5 72.5 77.5 76.2

Human with definition 69.1 82.7 81.5 93.5

Table 5. Data Filtering Strategy. Performance on post-trained Molmo2 [11] using different data filtering strategies. Bold represents best in
column. At large scales, data quality seems most important. At small scales, data coverage seems to play a larger factor.

Filter Size Beauty Crafts Dance Food Hobbies Medical Sports Overall

Molmo2-4B (base) - 50.00 51.20 50.00 72.16 55.58 58.00 53.26 55.01

SINGLEACTION 163K 75.00 69.66 66.84 76.03 66.51 71.00 66.33 67.36
TRANSCRIPTLOCALIZED 501K 74.19 63.72 64.97 78.35 66.51 69.50 59.32 65.11
TRANSCRIPTLOCALIZEDTITLEMATCH 208K 73.39 62.35 64.29 75.26 63.90 63.50 61.36 64.21

few-shot accuracy (82.7%), their performance remains im-
perfect. One plausible cause is the lack of domain-specific
expertise needed to distinguish difficult negatives, as we
observe that few-shot human annotators achieve 94.4% on
positive examples but only 71.9% on our hard negatives (see
Appendix). We compare performance on our default hard vs.
random negatives (actions randomly chosen within the same
domain, as described in § 3.3), and report results in Table 4.
As expected, random negatives yield consistently higher
performance for models and humans in both zero-shot
and few-shot settings, with GPT-4.1 (3-shot) performing
best at 77.4%. Meanwhile, humans achieve 93.5% at 3-shot
with much higher gains in performance. The accuracy drop
from random to hard negatives – especially for humans –
suggests that VideoNet contains challenging, fine-grained
visual distinctions that require expertise to solve.

5.3. Training Results

We finetune a Molmo2-4B [11] model using our filtered
data according to strategies detailed in Section 4.1. As re-
ported in Table 5, training with any of our subsets improves
results over the base model, substantiating the claim that
open-source models suffer from a lack of domain-specific
action training data. Using SINGLEACTION as the filtering
strategy provides the most gain over the base model, improv-
ing by roughly 12 percentage points over the base model.
Notably, all of our models beat all open-weight 7B models,
and our best two models surpass all Gemini models.

Our results indicate that the quality of data generally
influences the performance more than the quantity, since
SINGLEACTION is the strictest filter–in terms of samples
selected–and leads to the highest accuracy. However, for
domains in the long-tail, coverage becomes an important fac-
tor. For instance, SINGLEACTION yields only 348 clips for
juggling, whereas TRANSCRIPTLOCALIZED yields 1,582.
Indeed, the juggling accuracy for the model trained on the
latter filter surpasses that for the model trained on the former
filter (64.42% vs. 62.50%; refer to Appendix.) It is unclear
the scale at which coverage becomes less important than
quality; we leave this to future work.

6. Conclusion

We introduce VideoNet, a benchmark to evaluate domain-
specific, fine-grained action understanding of large-video lan-
guage models. Our findings reveal that models struggle with
recognizing actions in the zero-shot setup. In order to im-
prove models, we collect a training dataset of automatically
labeled clips of fine-grained, domain-specific actions. Post-
training a 4B VLM model on this data surpasses all Gemini
models and GPT-4o on our benchmark. Further, we explore
a few-shot evaluation setting where even the best-performing
model, GPT-5, struggles, implying that video language mod-
els are currently not effective few-shot learners–unlike their
text-only counterparts. With this benchmark, we aim to
inspire future work improving these models’s fine-grained
recognition and few-short learning capabilities.
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