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VideoNet: A Large-Scale Dataset for Domain-Specific Action Recognition

Abstract

Videos are unique in their ability to capture actions which001
transcend multiple frames. Accordingly, action recognition002
has long been a quintessential task for video models. Unfor-003
tunately, due to a lack of sufficiently diverse and challenging004
data, modern vision-language models (VLMs) are no longer005
evaluated on their action recognition capabilities. To revi-006
talize action recognition in the era of VLMs, we advocate007
for a returned focus on domain-specific actions. To this008
end, we introduce VideoNet, a domain-specific action recog-009
nition benchmark covering 1,087 distinct actions from 38010
domains. VLMs struggle immensely on VideoNet, with Gem-011
ini 2.5 Pro performing only 15.8 percentage points better012
than random chance. To improve model performance we pro-013
vide in-context demonstrations, but only see a 3% boost in014
VLM performance compared to a 13% increase in non-expert015
human accuracy, suggesting that VLMs are poor few-shot016
learners. At last, we collect a large-scale training dataset017
containing nearly 500k video question-answer pairs. Fine-018
tuning an open-weight 4B model on our data, we surpass all019
Gemini models on the VideoNet benchmark. We release all of020
our data, inviting the community to explore new techniques021
to improve domain-specific action recognition capabilities022
and few-shot learning in video models.023

1. Introduction024

Action recognition has proven to be an evergreen goal of025
the computer vision community. As early as 1992, highly-026
influential works have highlighted the difficulty of recogniz-027
ing domain-specific actions in particular (e.g., [59] focused028
on categorizing six distinct tennis strokes). Yet domain-029
specific data is notoriously difficult to collect, so little work030
has been done on gathering domain-specific data across a031
wide variety of domains. In the era of large vision-language032
models (VLMs), where testing generalizability is a key con-033
cern of many researchers, the lack of diverse domain-specific034
data has prevented modern VLMs from being evaluated on035
this “forgotten" task. Instead, the VLM community has fo-036
cused on fine-grained actions that are not domain-specific,037
such as whether a ball rotates clockwise or counter-clockwise038
[47]. While such benchmarks are valuable, they fail to cap-039
ture the real-world applicability of inquiring about domain-040

specific actions. Furthermore, they only test perception skills, 041
whereas recognizing actions like a “Biellmann spin" in figure 042
skating requires a model to excel at not only perception but 043
also compositional reasoning (i.e., are all elements of this 044
action present and in the correct order?). In this paper, we 045
introduce the data necessary to make domain-specific action 046
recognition relevant in the VLM era. 047

To this end, we present a benchmark covering over 1,000 048
actions across 38 domains. We confirm the validity of our 049
test set labels with expert verification, signaling a near 97% 050
accuracy rate in our data. 051

VLMs struggle on our benchmark. The best open-weight 052
7B VLM attains 55.6% accuracy, a slight improvement over 053
random chance at 50%. The best proprietary VLM attains 054
71.5%, barely surpassing non-expert humans at 69.1%. We 055
extensively ablate our visual and textual inputs to the VLMs 056
to understand why models perform poorly on this task. We 057
hypothesize that a lack of domain-specific action data in 058
these models’ training mixtures is primarily responsible. 059

Inspired by few-shot learning in humans and LLMs 060
[5, 36], we investigate whether this lack of domain-specific 061
training data can be overcome by providing few-shot ex- 062
amples of actions at test-time. Indeed, non-expert human 063
performance improves by 13 percentage points when given 3 064
few-shot examples. Yet VLMs only see 2-3 percentage point 065
improvements with few-shot examples, suggesting that they 066
are poor few-shot learners and implying that domain-specific 067
action recognition deficiencies cannot be fixed at test time. 068

Finally, we explore post-training on domain-specific train- 069
ing data. To this end we collect a training set containing 070
160,000 clips. Fine-tuning a 4B VLM on our data yields 071
a 12 percentage point improvement on VideoNet. Notably, 072
this nears the performance improvement observed in humans 073
when given 3 in-context examples. Our 4B model surpassses 074
all open-weight 7B models and even large proprietary mod- 075
els such as GPT-4o and Gemini 2.5. 076

We summarize our contributions below. 077

• A domain-specific action recognition benchmark cover- 078
ing 1,087 actions across 38 domains within 7 categories. 079

• A domain-specific action training dataset with 160,000 080
clips that enables 4B models to surpass Gemini 2.5 Pro. 081

• Two innovative data pipelines, for human annotation and 082
synthetic labeling, that break from traditional literature by 083
entirely circumventing the need for domain experts. 084
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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.)

• Few-shot evaluation of VLMs, highlighting their deficien-085
cies with in-context learning relative to LLMs.086

Given the expansiveness of our data and the subtle motions087
innate to domain-specific actions, we are particularly excited088
about how our data unlocks future research into modeling089
decisions for perception, visual reasoning, and real-world090
action understanding.1091

2. Related Work092

Action recognition has been has been extensively explored093
and fall broadly into three categories. The first set [10, 18, 22,094
28, 37, 46, 49] predominantly contain coarse-grained labels095
(e.g., [18] has a single class for "rock climbing", whereas096
VideoNet contains 23 distinct bouldering actions.) Unsur-097
prisingly, foundation models exceed at recognizing such098
coarse-grained labels. For instance, InternVideo2 [54] at-099
tains 92.1% on Kinetics-400 and 95.9% on ActivityNet. The100
second set [23, 29, 31, 32, 43, 45, 57, 58] focus on a limited101
set of sports, rendering them unable to test the generalization102
promise of foundation models. The third set [7, 8, 26, 47]103
fixate on fine-grained temporal attributes, such as the direc-104
tion and trajectory of moving objects. While these works105
pose interesting perception questions, they focus on details106

1Action 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.

(e.g., does an object move from left to right) that an end 107
user is unlikely to consult a large model for, raising concerns 108
about their real-world utility. Unlike these three groups, 109
VideoNet contains fine-grained labels with real-world appli- 110
cability across a sufficiently large set of domains. 111

There are three notable works that collect domain-specific 112
action data across a variety of domains. The first, Ego- 113
Exo4D [17], covers only 8 domains, compared to VideoNet’s 114
38. Our benchmark rivals the size of [17]’s entire dataset, 115
while our training data contains 30x more videos. Perhaps 116
most critically, [17] lacks visual diversity; its 728 bouldering 117
videos, for instance, were filmed at 2 climbing gyms. In con- 118
trast, VideoNet sources videos from the web, enabling a great 119
range of visual composition. The second, Ego4D [21], col- 120
lects fine-grained actions for videos. However, it is restricted 121
to egocentric videos. The third, ActionAtlas [45], collects 122
934 videos across 56 sports. It is similar to VideoNet in style, 123
but less generalizable due to its exclusive focus on sports. 124
ActionAtlas notably forgoes the question of training data, 125
and even its benchmark is 5 times smaller than VideoNet’s. 126

3. Benchmark Construction 127

3.1. Preparing actions 128

We employ a top-down approach to generate our taxonomy 129
of actions. First, we formulate a list of categories designed to 130
cover actions that are applicable to daily life (e.g., food), re- 131
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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.

quire expert-level knowledge (e.g., medical), and demand a132
high frame sampling rate for recognizing rapid motions (e.g.,133
sports). Within each category, we find domains that have134
sufficient videos and trusted expert content online. We then135
compile actions for each domain from expert-written sources136
(e.g., skateboarding actions from a respected skateboarding137
blog) and augment these lists using LLMs (following [45],138
see Appendix for details). Finally, we search online to verify139
that we have sufficient potential videos containing each ac-140
tion, removing actions with an insufficient amount of online141
videos.142

Action definitions are used throughout our project to help143
humans and models classify relevant action videos without144
specialized domain expertise. To maximize their usefulness145
to this end, the definitions are written to focus on visual146
cues or defining characteristics of that action, as well as147
key differentiators from similar actions. Initially, we used148
large language models (LLMs) following [45] to generate149
definitions. However, specialized domains pose challenges,150
as LLMs occasionally encode incorrect or outdated domain151
knowledge [51]. To mitigate this issue, we enable LLMs to152
perform targeted web searches [1], retrieving expert-curated153
information from reputable online knowledge bases and154
domain-specific communities. The LLMs then use this in-155
formation to cross-check and correct inaccuracies, providing156

a final set of definitions aligned with established domain 157
expertise. 158

3.2. Collecting well-trimmed clips 159

Once we have our action lists ready, we launch our three- 160
stage human-annotation pipeline, as visualized in Fig. 3. 161
Our pipeline design is guided by rigorously validated HCI 162
practices [12, 25, 30]. In particular, each clip is reviewed 163
by five distinct annotators throughout the pipeline, and on 164
the second stage the majority vote is taken among three 165
annotators. 166

Video collection. We provide human annotators, sourced 167
from Prolific, with the name of an action within a domain, 168
alongside its definition (§ 3.1). They are told to search for 169
the action online and find seven clips where the action occurs. 170
We require the clips to be sourced from separate videos to 171
increase generalizability. 172

Clip verification. We provide annotators the action name 173
and definition, alongside the seven clips from the previous 174
stage, and ask them to rate each clip as (1) containing the 175
action and being well-trimmed, (2) containing the action 176
but being poorly-trimmed, or (3) not containing the action. 177
Determining if a clip is well-trimmed or not is trivial for 178
humans; however, classifying the clip as containing or not 179
containing the action can be tricky, especially since these 180
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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.

annotators are not experts in these domains. We solve this181
dilemma by reducing the problem from k-way classification182
to 3-way classification. Where [58] and [32] showed a do-183
main expert a random clip and asked them to classify it as184
one of k actions, we ask three non-expert annotators to rate185
each clip into one of the three categories above and take the186
majority vote.187

Clip trimming. We reach this stage with approximately188
90% of the actions having 5 or more clips that were deemed189
to contain the desired action. At least one of these clips190
was always well-trimmed; in four-fifths of cases, there were191
at least three well-trimmed clips. To preserve clips that192
contain the desired action but are poorly trimmed, we con-193
duct an additional trimming stage to refine their temporal194
boundaries. Here, we show Prolific annotators the action195
name, action definition, and these well-trimmed examples,196
thereby training them to be “experts" in the action. We then197
ask them to fix the trimmings on the poorly-trimmed clips.198
This leaves us with at least five accurately trimmed clips for199
the desired action, each verified by annotators trained with200
relevant in-context examples.201

This process yields 1,087 clips, whose statistics are shown202
in Table 1. Certain domains, like suturing and crochet, con-203
tain actions that take longer to demonstrate, causing a notice-204
able tail in the distribution of video lengths (see Appendix).205

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

3.3. Generating (hard) negative examples206

With the verified positive clips in-hand, we gather suitable207
negative examples to be used in our benchmark. One ap-208

proach is to gather random negatives by randomly sampling 209
clips from different actions within the same domain, but this 210
has notable limitations with different actions often having 211
distinct contexts, backgrounds, or static visual cues. Without 212
careful control, models may achieve high performance by 213
exploiting the scene-level details alone (e.g. alley-oop dunk 214
vs. free throw in basketball), rather than closely watching 215
the entire clip. Instead, we create challenging hard negatives 216
by selecting actions that closely resemble the positive clip, 217
only differing in subtle visual or motion-related aspects. Ini- 218
tially, we automatically generate these hard negatives with 219
an LLM (gpt-4.5-preview) following [4, 45]. Differ- 220
ent from prior methods, we further refine this candidate set 221
using a reasoning model (o3-mini) by filtering out any 222
clips that could realistically co-occur with the positive ac- 223
tion or are otherwise ambiguous. This ensures that our hard 224
negatives are truly valid and challenging (e.g. alley-oop 225
dunk vs. put-back dunk). Using this strategy, we arrive at a 226
carefully-curated evaluation set consisting of both N verified 227
positive and N challenging negative clips for each action 228
(full prompts and refinement details provided in Appendix). 229

3.4. Verifying clip labels 230

To verify the correctness of our benchmark, we conduct 231
expert verification. We choose one domain from each of our 232
7 categories for verification, hypothesizing that accuracies 233
for domains within each category should be similar. We 234
verify 620 clips; generalizing human performance from this 235
scale is in line with prior works [44, 60]. When possible, 236
we find experts in our local communities and ask them to 237
verify the data labels, akin to [21, 47, 55]. For domains 238
where we are unable to locate experts, we train someone 239
on a large sample of the domain’s data, before asking them 240
to verify labels, following [44]. As shown in Table 2, we 241
see 97% accuracy in our data, exceeding MMLU-Pro’s [55] 242
expert accuracy of 85.4% and ImageNet’s [44] estimates of 243
top-5 error at 5.1% and 12.0%. This confirms the validity 244
of our pipeline as a replacement for hiring domain experts 245
during the domain-specific data collection process. It also 246
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enables researchers developing future models to confidently247
use VideoNet as a test bed for domain-specific capabilities.248

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 Training249

We create a large-scale training dataset using a fully auto-250
mated pipeline for our domain-specific action recognition251
task. By further training an open VLM, Molmo2-4B [11],252
on this dataset, we demonstrate a significant improvement in253
the base model’s performance for our task.254

4.1. Training Data255

While the data collection pipeline described in Section 3.2256
leads to extremely high-quality clips, its reliance on human257
annotators renders it prohibitively expensive for collecting258
training-scale data. A common solution in such cases is to259
rely on synthetic labels generated by foundation models [15,260
24]. As shown in Section 5.1, VLMs struggle to recognize261
domain-specific actions, so distilling directly from even the262
best-performing VLM is unideal. Instead, we choose to rely263
on signals contained within the video data, specifically in264
the video’s title and transcript.265

We build up our training data one domain at a time for266
each of the 38 domains covered by our benchmark. For a267
given domain, we begin by crawling relevant videos from the268
web. To do so, we construct queries from our action list, e.g.269
from “laser flip" we construct queries like “skateboarding270
laser flip" and "how to laser flip". Once we have a pool of271
relevant videos, we extract clips using Gemini 2.5 Flash as a272
localizer. For instance, we ask Gemini to provide start and273
end timestamps for each clip where a skateboarding action274
occurs. Critically, even though Gemini struggles to label275
the actions in these clips, it excels at localizing them. This276
is likely because the localization task can be performed by277
leveraging signals such as the speech and scene changes278
within the video. Once we have a set of domain-specific ac-279
tion clips extracted from our pool of domain-specific videos,280
we must filter and label these clips. The video’s audio can281
be helpful for labeling clips, so we extract word-level times-282
tamps using whisperX [3]. We experiment with three filter-283
ing and labeling strategies.284

1. TRANSCRIPTLOCALIZED . If an action name appears in 285
the video’s transcript within T = 1 seconds of a localized 286
clip, the clip is labeled with that action. 287

2. TRANSCRIPTLOCALIZEDTITLEMATCH . Refining on 288
top of TRANSCRIPTLOCALIZED , we further require the 289
action appear in the video’s title. 290

3. SINGLEACTION . If an action appears in the video’s title, 291
and the localizer identified only one clip in the entire 292
video, that clip is labeled with the action from the title. 293

In total, we crawl 8 million videos before localizing and 294
transcribing 1.5 million videos. This results in 6 million 295
clips, which we then filter into training sets ranging in size 296
from 160,000 clips to 500,000 clips. Training results for the 297
different data filtering strategies are provided in Sec. 5.3. 298

4.2. Training Details 299

We fine-tune Molmo2-4B, an instruction-tuned VLM on our 300
filtered training dataset. The model’s architecture follows 301
the popular paradigm of connecting a vision transformer 302
(ViT) [16] to a pre-trained language model (LLM) via an 303
MLP connector module [11]. During training, the frames are 304
sampled up to max sampling rate of S and up to max frames 305
F . If the video has more than F/S frames, we use uniformly 306
sample F frames. To preserve the temporal information, we 307
encode the frame timestamp in seconds before each sampled 308
frame as text input to the LLM. We train the model for 8K 309
steps, with a batch size of 128, max frames F = 64 and 310
a maximum sampling rate S = 4 in all our experiments. 311
Additional training details are reported in the Appendix. 312

5. Experiments 313

We evaluate state-of-the-art video-language models on 314
VideoNet, finding that the best models rival human perfor- 315
mance in a zero-shot setting but lag considerably behind 316
humans when given in-context examples. 317

For open models, we use InternVL3-8B [64], Qwen2.5- 318
VL-7B [2], and LLaVA-Video-7B [62]. For proprietary 319
models, we use Gemini 2.5 Flash, Gemini 2.5 Pro, GPT-4o, 320
GPT-4.1, and GPT-5.2 A discussion of their context lengths– 321
which may impact few-shot performance–is in the Appendix. 322
Also in the Appendix are results for Qwen2.5-VL-72B, CLIP 323
models [38, 52, 53, 61], and optical flow models [9]. 324

When passing videos as inputs, we use the models’ of- 325
ficial sampling strategies: uniform sampling for LLaVA- 326
Video-7B (max 110 frames) and InternVL3-8B (max 64 327
frames); fps sampling for Qwen2.5-VL, GPT, and Gemini 328
2.5 (1 fps). For our model, we use 4 fps sampling up to a 329
max of 64 frames, with frame ablations in the Appendix. 330

2Snapshots/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.

5.1. Zero-shot evaluation331

Given a video along with an action name and domain, we332
prompt models to answer whether or not the video depicts333
the specified action. We use a balanced set of N = 2 positive334
and N = 2 negative clips per action (Figure 1). Models are335
optionally prompted to explicitly reason or analyze the video336
before providing their answer. We use binary accuracy as our337
metric, where random chance gets 50%. Table 3 shows that338
previous open models generally struggle with fine-grained339
action recognition, performing only slightly above random340
chance. Interestingly, LLaVA-Video-7B achieves the highest341

overall accuracy among the previous open models (55.98%), 342
outperforming both InternVL3-8B (52.16%) and Qwen2.5- 343
VL-7B (55.01%), despite the latter models typically per- 344
forming better in standard video benchmarks. Comparing 345
across categories, LLaVA-Video-7B notably excels in the 346
Beauty and Crafts categories, whereas Qwen2.5-VL-7B is 347
the strongest in the Food category. These divergent results 348
suggest that previous open models have varied expertise 349
across domains, implying that systematic evaluations can 350
help identify their specific weaknesses and inform which do- 351
mains to prioritize in future training. In contrast, the model 352
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fine-tuned on our data outperforms previous open models by353
a significant margin. See § 5.3 for more details.354

Next, we see that closed-source proprietary models con-355
sistently achieve higher performance than open-source mod-356
els across all categories. GPT-5 achieves the highest overall357
accuracy, 71.51%, and clearly outperforms both GPT-4.1 at358
69.02% and GPT-4o at 66.76%, whereas Gemini 2.5 Pro359
and Flash perform similarly (65.78% vs. 65.14%). No-360
tably, the Dance and Medical categories benefit most from361
stronger reasoning capabilities in advanced models (GPT-4.1362
vs. GPT-4o; Gemini 2.5 Pro vs. Flash). Categories such363
as Beauty, Food, and Craft which involve less rapid motion364
consistently show higher model performance compared to365
Dance, Hobbies, and Sports, suggesting that visual cues in366
the former group may be easier for models to recognize.367

We conduct ablation studies to identify factors limiting368
model performance. Specifically, we examine whether per-369
formance issues arise from insufficient motion understanding370
or limited action knowledge (Figure 4). Figure 4a compares371
performances when provided with (1) a single middle frame,372
(2) the entire video (default setup), and (3) the video with373
action definitions (see § 3.1). Figure 4b shows GPT-4.1 ac-374
curacy across categories and varied frame rates. Detailed375
category-level results are available in the Appendix, as are376
4fps results. Here, we analyze the following:377

Image bias vs. motion understanding. Existing open-378
source models show only slight improvements when moving379
from a single middle frame to the entire video, implying that380
they struggle to effectively ground actions in detailed motion381
cues and instead rely heavily on static visual biases (Figure382
4a). In contrast, our fine-tuned model and all proprietary383
models benefit from full-video input indicating their stronger384
capability to utilize video information for action recognition.385

Impact of action definitions. Figure 4a shows that provid-386
ing explicit action definitions yields minimal gains for pro-387
prietary models. This is likely because these models already388
possess sufficient inherent knowledge about actions, likely389
comparable to expert community sources from the web, and390
their primary limitation is effectively mapping this knowl-391
edge to subtle motion details. In contrast, Qwen2.5-VL-7B392
shows a moderate improvement from definitions (55.0% to393
57.2%), indicating that open models can still benefit from394
additional action-contextual information.395

Higher FPS. Across action categories, GPT-4.1 significantly396
improves from single-frame to full-video inputs (see Figure397
4b). However, increasing the fps further does not improve398
results, even in motion-intensive categories (Dance, Hob-399
bies, Sports), suggesting that models fail to leverage higher400
temporal resolution for capturing subtle or rapid motions.401

5.2. Few-shot evaluation402

Prior studies have shown that LLMs can greatly benefit from403
well-curated in-context examples [5, 36]. We ask whether404

current video-language models share this capability when 405
it comes to processing visual information. To investigate 406
this, we evaluate each model’s performance when provided 407
with up to k = 3 ground truth video demonstrations as 408
visual in-context examples. These in-context examples are 409
drawn separately and are excluded from the original zero- 410
shot evaluation set for fairness, but we reuse the same zero- 411
shot evaluation set to ensure consistency. 412

Video models fail to effectively utilize in-context exam- 413
ples. Figure 5 shows overall model accuracy as more in- 414
context examples are provided (exact numbers in Appendix). 415
We see that open models improve modestly from 0-shot to 416
3-shot conditions. Among proprietary models, GPT-4o dis- 417
plays steady improvement (from 66.76% at 0-shot to 70.12% 418
at 3-shot), surpassing zero-shot GPT-4.1. Meanwhile GPT- 419
4.1 improves notably at first (+2.6% from 0-shot to 1-shot), 420
but quickly saturates with additional examples (71.7% at 421
1-shot to 72.7% at 3-shot). GPT-5, the best zero-shot model, 422
sees only a 1% improvement from 0-shot to 3-shot. This 423
trend suggests that as the base model gets stronger and has a 424
better innate understanding of the action at hand, its ability to 425
effectively utilize few-shot examples decreases. Surprisingly, 426
Gemini 2.5 Pro shows a slight decline after one-shot exam- 427
ple, possibly due to context length overload introduced by 428
more in-context examples. Overall, the slight few-shot gains– 429
especially when compared to the substantial gains yielded 430
by post-training on our dataset (see § 5.3)–suggest that video 431
models struggle to fully exploit visual demonstrations. This 432
is likely because their training focuses on scenarios with 433
single-video inputs rather than multiple in-context videos. 434

Humans are far more effective few-shot learners. To bet- 435
ter understand the upper bounds of our few-shot setup, we 436
conduct human evaluations. We sample 698 questions across 437
our dataset and ask three annotators to answer each binary 438
question, taking the majority vote as the final answer (details 439
in Appendix). Figure 5 shows that in the zero-shot setup, av- 440
erage humans without definition perform worse than the 441
proprietary models, likely due to limited domain knowl- 442
edge. When given definitions, zero-shot human performance 443
improves (+4.5%) to 69.1%, comparable to GPT-4.1. We 444
see the most striking difference in the 3-shot setting, where 445
humans 3-shot with definitions improve significantly to 446
82.7% (+13.6% from 0-shot), while even those without defi- 447
nitions achieve 78.8% with examples alone. This suggests 448
that humans are highly efficient few-shot learners, quickly 449
generalizing visual patterns from few demonstrations. The 450
large gap between human and model few-shot performance 451
indicates current video models may lack the perceptual mech- 452
anisms underlying such human visual learning [6]. 453

Random vs. hard negatives. While humans achieve high 454
few-shot accuracy (82.7%), their performance remains im- 455
perfect. One plausible cause is the lack of domain-specific 456
expertise needed to distinguish difficult negatives, as we 457

7
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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

observe that few-shot human annotators achieve 94.4% on458
positive examples but only 71.9% on our hard negatives (see459
Appendix). We compare performance on our default hard vs.460
random negatives (actions randomly chosen within the same461
domain, as described in § 3.3), and report results in Table 4.462
As expected, random negatives yield consistently higher463
performance for models and humans in both zero-shot464
and few-shot settings, with GPT-4.1 (3-shot) performing465
best at 77.4%. Meanwhile, humans achieve 93.5% at 3-shot466
with much higher gains in performance. The accuracy drop467
from random to hard negatives – especially for humans –468
suggests that VideoNet contains challenging, fine-grained469
visual distinctions that require expertise to solve.470

5.3. Training Results471

We finetune a Molmo2-4B [11] model using our filtered472
data according to strategies detailed in Section 4.1. As re-473
ported in Table 5, training with any of our subsets improves474
results over the base model, substantiating the claim that475
open-source models suffer from a lack of domain-specific476
action training data. Using SINGLEACTION as the filtering477
strategy provides the most gain over the base model, improv-478
ing by roughly 12 percentage points over the base model.479
Notably, all of our models beat all open-weight 7B models,480
and our best two models surpass all Gemini models.481

Our results indicate that the quality of data generally482
influences the performance more than the quantity, since483
SINGLEACTION is the strictest filter–in terms of samples484

selected–and leads to the highest accuracy. However, for 485
domains in the long-tail, coverage becomes an important fac- 486
tor. For instance, SINGLEACTION yields only 348 clips for 487
juggling, whereas TRANSCRIPTLOCALIZED yields 1,582. 488
Indeed, the juggling accuracy for the model trained on the 489
latter filter surpasses that for the model trained on the former 490
filter (64.42% vs. 62.50%; refer to Appendix.) It is unclear 491
the scale at which coverage becomes less important than 492
quality; we leave this to future work. 493

6. Conclusion 494

We introduce VideoNet, a benchmark to evaluate domain- 495
specific, fine-grained action understanding of large-video lan- 496
guage models. Our findings reveal that models struggle with 497
recognizing actions in the zero-shot setup. In order to im- 498
prove models, we collect a training dataset of automatically 499
labeled clips of fine-grained, domain-specific actions. Post- 500
training a 4B VLM model on this data surpasses all Gemini 501
models and GPT-4o on our benchmark. Further, we explore 502
a few-shot evaluation setting where even the best-performing 503
model, GPT-5, struggles, implying that video language mod- 504
els are currently not effective few-shot learners–unlike their 505
text-only counterparts. With this benchmark, we aim to 506
inspire future work improving these models’s fine-grained 507
recognition and few-short learning capabilities. 508
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VideoNet: A Large-Scale Dataset for Domain-Specific Action Recognition

Supplementary Material

This Appendix contains the following sections:509

• § A - Benchmark statistics; discusses VideoNet’s510
inter-domain breadth and intra-domain depth, the lat-511
ter in comparison to existing works.512

• § B - Benchmark collection; prints LLM prompts513
and UIs used during benchmark construction.514

• § C - Model evaluation; details on how we eval-515
uated existing models on the VideoNet benchmark516
(prompts, video sampling, model versions, etc.).517

• § D - Zero-shot ablations; detailed results for the518
ablations shown in Figure 4.519

• § E - Few-shot results; detailed results for models in520
the few-shot setting. Additional results for 72B mod-521
els, CLIP models, and optical flow models. Discus-522
sion of prompt-sensitivity in Gemini and the impact523
of few-shot examples on yes/no bias.524

• § F - Benchmark qualitative analysis; examination525
of the types of failures VLMs suffer on the domain-526
specific action recognition task.527

• § G - Human evaluation; details on the human eval-528
uation setup. In-depth human evaluation results.529

• § H - Additional training details; construction of530
VQA pairs from labeled video clips. Listing of learn-531
ing rates, image pooling, etc.532

• § I - Data filtering strategies; description of533
and motivation behind filtering strategies. Analy-534
sis of differences in downstream performance on535
VideoNet benchmark when different filters are ap-536
plied.537
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Table 6. Depth of VideoNet. The last two columns report, for a given domain, the # of actions in other benchmarks and the # of actions in
VideoNet respectively. When compared to domain-specific benchmarks that focus on fewer domains, it is clear that VideoNet maintains
sufficient depth in the domains it covers. (Many values in the second-to-last column sourced from Table 1 in [58].)

Domain Paper Name Paper Venue Theirs Ours

Figure Skating

MCFS [34] AAAI 2021 130

40
MMFS [35] arXiv 46

FSBench [19] CVPR 2025 20
Fis-V [56] TCSVT 2020 13

FSD-10 [33] Neurocomputing 10

Basketball

FineSports [58] CVPR 2024 52

46Basket [42] CVPR 2025 20
Basketball [23] ICASSP 2020 27

MultiSports [32] ICCV 2021 18

Soccer MultiSports [32] ICCV 2021 21 43SoccerNet [20] CVPR 2018 3

A. Benchmark Statistics538

Given that previous domain-specific benchmarks (e.g. [23,539
35, 48, 57, 58], see Section 2) have chosen to sacrifice540
breadth for depth, it is natural to ask whether VideoNet in-541
evitably sacrifices depth for breadth. As shown in Table 6,542
VideoNet achieves greater depth in many of the domains it543
covers when compared to previous one-domain works.544

For the VideoNet benchmark, we release 7,036 clips span-545
ning 38 domains within 7 categories. Table 7 provides a546
breakdown of each domain’s category, number of actions,547
number of clips, and the length of these clips.548

Basic benchmark-wide statistics on video duration are549
provided in Table 1; in particular, the average clip is 12.8 sec-550
onds long and the typical clip is 5.0 seconds long. Here we551
emphasize the long-tail nature of video lengths in VideoNet.552
This is caused by a handful of domains having much length-553
ier clips than most. For instance, the median length of a554
knots clip and a suturing clip are 36 seconds and 32.5 sec-555
onds respectively (see Table 7). Concretely, the kurtosis of556
video durations in VideoNet is 40.26, indicating a heavy557
tail.3 The long tail is made evident by Figure 6.558

3We report the Pearson kurtosis, not the Fisher/excess kurtosis. For
reference, the Pearson kurtosis of the normal distribution is 3.
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Figure 6. Kernel Density Estimation for VideoNet Clip Dura-
tions. The top graph clearly shows a long tail, but it is difficult to
analyze due to the right tail’s sheer length and the concentration of
near-0 durations. For closer inspection, the bottom graph uses log
duration. The smoothing bandwidth is determined by Scott’s Rule.
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Table 7. Actions & Clips per Domain. We report the number of actions and number of clips in our benchmark for each domain below. Also
reported are clip length statistics in seconds. While our evaluation setup only requires 5 clips for each action, we release between 5 and 7
clips for each action for future works to build on. Entries ordered alphabetically, left-to-right.

Category Name Domain Name # Actions # Clips Clip Duration (s)
Mean Median

Beauty & Self Care
Hairstyling 14 91 12.34 4.7
Spa Massage 11 72 21.40 11.0
Tattooing 6 39 7.98 4.8

Crafts & Art

Calligraphy 8 53 5.86 4.6
Crochet 38 252 40.23 22.0
Hand Sewing / Embroidery 41 265 41.47 25.0
Knots 55 379 44.56 36.0
Painting 8 49 25.71 11.0
Pottery 10 67 25.84 12.0
Woodworking / Whittling 4 25 7.57 5.0

Dance

Ballet 39 248 5.28 4.0
Bharatanatyam 24 161 13.95 9.0
Break Dance 34 220 6.63 5.0
Salsa 21 143 7.26 6.0
Tap Dance 29 186 6.69 4.0

Food & Beverage
Bartending 30 197 9.50 5.0
Coffee 16 100 12.98 9.0
Cooking 51 331 17.89 10.0

Hobbies

Bouldering 23 146 7.58 6.0
Gardening 20 121 21.24 10.7
Gym 22 145 5.28 4.0
Juggling 26 176 6.52 4.0
Parkour 40 261 4.69 3.4
Pen Spinning 33 220 4.04 3.0
Skateboarding 49 324 4.70 4.0
Yo-yo 55 361 8.10 6.0

Medical
Neurological Abnormalities 21 136 12.02 7.6
Neurological Assessments 15 101 9.15 7.0
Suturing 14 94 48.00 32.5

Sports

American Football 54 336 5.79 5.0
Basketball 46 284 4.01 4.0
Cheerleading 23 155 5.71 4.4
Cricket 46 288 3.95 3.1
Fencing 20 123 4.99 3.0
Figure Skating 40 258 6.33 5.0
Ice Hockey 39 244 4.35 4.0
Soccer 43 268 3.95 3.3
Tennis 19 117 4.40 3.0

All All 1,087 7,037 12.80 5.0
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B. Benchmark Collection559

B.1. LLM Augmentation of Action Lists560

After collecting initial action lists from expert online sources,561
we expand them with Claude as specified in Figure 7.562

B.2. LLM Deduplication of Action Lists563

We then de-duplicate the action lists. Note that the LLM’s564
response is only taken as a suggestion – the authors manually565
review duplicate actions identified by the LLM to decide if566
they are true duplicates or not. To preserve the integrity of567
our negatives and improve the fine-grained nature of our568
benchmark, if the action list has a general action (e.g., dunk)569
and many varieties of that action (e.g., tomahwak dunk,570
windmill dunk, alley-oop dunk), we remove the former and571
keep the latter. Refer to Figure 8 for the prompt.572

B.3. LLM Generation of Action Definitions with573
Web-Search574

We walk through our action definition generation pipeline as575
discussed earlier in § 3.1.576

Initially, our pilot annotation study revealed that annota-577
tors had trouble correctly identifying actions when provided578
only with action labels, mainly due to their lack of domain-579
specific knowledge; based on their feedback, they struggled580
to ground the performed action in video and distinguish581
the accurate actions from incorrect ones. This initial setup582
resulted in numerous inaccurately labeled video clips.583

To address this knowledge gap, we provide explicit action584
definitions describing the visual characteristics of each ac-585
tion using layman’s terms. We design these definitions to be586
a stand-alone resource, thereby removing the need for anno-587
tators to locate external references. We use an LLM, Claude-588
3.7, with web-search capabilities to generate accurate action589
definitions informed by expert online communities. For each590
domain, we provide all actions at once and ensure the defi-591
nitions satisfy the following conditions: they avoid overlap592
and do not reference other actions’ definitions; they clearly593
elaborate on basic, atomic actions to minimize jargon, partic-594
ularly for actions involving combinations of simpler actions;595
and they mention key differences from similar actions in the596
same list to prevent confusion.597

We observe that providing action definitions during the598
annotation stage significantly helps non-expert humans in599
understanding the action. These improvements are further600
supported by the human evaluation results presented in Fig-601
ure 5. We provide our exact prompt in Figure 9.602

B.4. LLM Generated Hard Negatives603

Figures 10-14 present the prompts and LLM generation pa-604
rameters used to create the hard negatives described in § 3.3.605
In the first stage, we use gpt-4.5-preview to create an606
initial balanced set of hard negative candidates (Figure 11).607

In later stages, we use o3-2025-04-16 to iteratively re- 608
fine the negatives by 1) correcting false negatives that may 609
co-occur with the positive actions, 2) diversifying the selec- 610
tion patterns by incorporating negatives with varying types 611
of visual similarity, and 3) ensuring each action appears as a 612
hard negative with balanced frequency (Figures 12-14). 613

B.5. Human Annotator UIs 614

Figures 15, 16, and 17 contain the user interfaces shown 615
to human annotators during the collection, verification, and 616
trimming stages respectively. For full reproducibility, the 617
HTML/CSS will be made available on our GitHub repository. 618
Annotators were paid $15-$17 per hour for their efforts. 619

B.6. Sourcing Human Annotators 620

We begin with two pools of approximately 1000 and 50 hu- 621
man annotators. The annotators in these pools have done 622
“good” and “exemplary” jobs, respectively, in previous Pro- 623
lific studies hosted by the authors.4 624

(It may be helpful to review the annotation stages shown 625
in Figure 3.) All annotators from the first pool are invited 626
to complete Stage 1 (clip collection) on a small subset of 627
domains (we later re-collected the data for this subset af- 628
ter we had filtered a set of “great” annotators). We then 629
asked the second pool, in whom we had high confidence, to 630
complete Stage 2 (clip verification). We kept the top one- 631
fifth of annotators, as determined by the percentage of “yes” 632
votes the clips they collected in Stage 1 received during the 633
verification process in Stage 2. This newly-derived pool of 634
approximately 200 annotators was used to collect clips for 635
the VideoNet benchmark. 636

4Prolific is a crowd-sourcing platform.
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I have the following list of <DOMAIN> actions:

<INITIAL ACTION LIST>

Provide me with suggestions of <DOMAIN> actions that are well-defined and
highly-discernible. Your suggestions should not overlap with each other, nor
should they overlap with any of the <DOMAIN> actions on the list I provided.

Figure 7. Action list augmentation prompt.

Are there any duplicates or near-duplicates in this list of <DOMAIN> actions?

Figure 8. Action deduplication prompt.

Generate detailed definitions for the following <DOMAIN> actions from
<CATEGORY> category. Each definition should:

Be completely self-contained and understandable without referencing other
actions. Explain any specialized terminology within the definition (using
phrases like
"which is..." or "meaning...")
Include visual identification cues (what to look for to recognize the action)
Describe how this action differs from similar actions when applicable.
Be written for a general audience with no prior knowledge of the domain.

Format each definition as:
[ACTION NAME]: [Complete definition with all elements above]
Use web search to gather accurate information about these actions, but DO NOT
include source links or citations in your final output. The goal is to create
clean, comprehensive definitions that can be easily copied into a spreadsheet
or database.

Here are the actions to define:
<ACTION LIST>
Remember that each definition must stand alone since readers may only see
one definition at a time.

Figure 9. Action definition prompt.
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System Prompt

You are creating challenging "hard negative" options for multimodal
action classification datasets across various domains
(sports, arts, crafts, cooking, etc.).

Each action requires 3 hard negative options that are genuinely difficult
for a machine learning model to distinguish from the positive action.

A truly "hard" negative:
- Shares visual/motion similarities with the positive action that would

be difficult to distinguish in brief clips
- Is fundamentally different in purpose or technique despite visual

similarities
- Cannot reasonably co-occur with the positive action in the same short

video
- Avoids obvious selection patterns that would make classification too

easy

Note:
Negatives should only come from the action list provided (not
definitions or other sources)

- Check that EXACT positive and negative action names are used
in the actions list when generating csv.

Figure 10. System prompt for hard negative generation

6
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User Prompt

Below is my list of "<ACTION>" actions, along with their definitions:
<ACTION DEFINITION>
===
Your task is to create genuinely challenging "hard negative" options
for each action that would confuse a computer vision model. Format
your output as a clean CSV:

action,negative_1,negative_2,negative_3
(action_1),(hard negative_1),(hard negative_2),(hard negative_3)
...
CRITICAL REQUIREMENTS FOR TRULY HARD NEGATIVES:

1. MAXIMIZE VISUAL CONFUSION WITHOUT OBVIOUS PATTERNS:
- Select actions that share visual features, body positions, or

motion qualities with the positive action
- Avoid predictable selection patterns (e.g., don’t always choose

the "next level up/down" or "same family" actions)
- Mix selection criteria unpredictably to prevent the model from

learning simple heuristics
2. STRATEGIC AMBIGUITY:

- Include some negatives that differ in subtle ways (small
variations in technique/position)

- Include some negatives that differ in more significant ways but
still maintain visual similarity

- Vary the type of similarity (sometimes motion-based, sometimes
position-based, sometimes tool/environment-based)

3. AVOID FUNCTIONALLY RELATED ACTIONS FOR NEGATIVES:
- Never select actions that typically occur together with the

positive action
- Avoid actions that are commonly performed in sequence or as

part of the same technique
- Don’t pair actions that would naturally appear in the same

short video clip
- Don’t pair action categories that are too similar or the same

as the positive action
4. REASONABLE DISTRIBUTION:

- Each action should appear as a negative approximately 2-5 times
across the dataset

- Avoid extreme over-representation or under-representation
- The overall pattern of selections should appear random and

unpredictable

Please provide your hard negative choices for these actions in the
same order as provided:
<ACTION LIST>
Negatives should only EXACTLY come from the action list provided
(not definitions or made-up sources)
- Check that EXACT positive and negative action names are used in
the actions list when generating csv.

API Details

model: gpt-4.5-preview-2025-02-27
temperature: 0.5
max_tokens: 4096

Figure 11. First user prompt for hard-negative generation (1/4)
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User Prompt

Please provide your analysis of negative selections for
their effectiveness as genuinely "hard" negatives:

First, check for selection patterns that could make classification too
easy:
- Are there predictable patterns in how negatives were selected?
- Is there too much consistency in how negatives relate to positives?
- Would these patterns potentially provide shortcuts for a
classification model?

Second, examine the visual confusion potential:
- How visually similar are the negatives to their positive actions?
- Is there sufficient variety in the types of visual similarity?
- Are the differences appropriately subtle to create genuine challenges?

Third, check for functional relationships:
- Are there any positive-negative pairs that typically occur together?
- Are there pairs that represent sequential or component actions?
- Would any pairs likely appear together in a short video clip?

Finally, review the overall distribution:
- Is any action severely over-represented or under-represented as a

negative?
- Does the selection appear sufficiently unpredictable and varied?
- Are there imbalances that should be addressed?

For any issues identified, suggest specific improvements to create more
genuinely challenging hard negatives.
Provide a summary of the analysis and suggestions for improvement.

API Details

model: o3-2025-04-16
reasoning effort: high

Figure 12. Second user prompt for hard-negative generation (2/4)
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User Prompt

Based on the analysis, provide a revised CSV with improved hard negatives.

Focus on fixing:
1. The most problematic selection patterns identified
2. Any actions with co-occurring negatives
3. Distribution imbalances

Briefly explain the changes made to each action’s negatives,
ensuring that the new selections are genuinely challenging
and visually confusing.
Then, provide the revised CSV with fixed negative selections,
without detailed explanations for each change.

API Details

model: o3-2025-04-16
reasoning effort: high

Figure 13. Third user prompt for hard-negative generation (3/4)

User Prompt

Based on the comprehensive analysis and specific suggestions,
synthesize a final CSV with truly challenging hard negatives
for each action.

Incorporate all the suggested improvements while ensuring:
1. The final list follows the exact same order as the original

action list
2. Each action has 3 negatives that create genuine visual confusion
3. The selection patterns remain unpredictable and varied
4. No functionally related actions are paired
5. The distribution is reasonably balanced

(each action appears 2-5 times as a negative)

Provide the final clean CSV with optimized hard negatives:

API Details

model: gpt-4.5-preview-2025-02-27
temperature: 0.5
max_tokens: 4096

Figure 14. Final user prompt for hard-negative generation (4/4)
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Figure 15. Benchmark Clip Collection UI. All of our UIs were refined based on annotator feedback. The annotators found this interface to
be easy-to-use and appreciated the video tutorial. (Since the video tutorial was filmed by one of the authors, it will be linked in the final
version of the paper once the double-blind process is over.)

10
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Figure 16. Benchmark Clip Verification UI. For brevity, only two of seven clips are displayed in the screenshot above. Likewise, a green
submit button follows these clips, but is omitted above.
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Figure 17. Benchmark Clip Trimming UI. The number of well-trimmed examples varies; for the action above, the true number is 5, but
only 2 are shown for brevity. Similarly, the number of poorly-trimmed clips also varies.
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C. Model Evaluation637

Our entire evaluation code will be made available on our638
GitHub repository for reproducibility. In this section, we639
highlight some of the important decisions we make in our640
evaluation setup.641

C.1. Evaluation Prompts642

While we often tailor prompts to fit the expected input for643
each model (details on GitHub), they all closely resemble644
the following prompts.645

—646

0-shot Prompt647

Recall that <a OR an> <ACTION> is <a648
OR an> <SUBDOMAIN> in <DOMAIN>. Does649
the following video show <a OR an>650
<ACTION>? Please reason through your651
answer. It is critical that you output652
‘yes’ or ‘no’ on the final line of your653
answer.654

655
<VIDEO>656

—657

3-shot Prompt658

The following 3 videos show <a659
OR an> <ACTION>, which is <a OR an>660
<SUBDOMAIN> in <DOMAIN>.661

662
<VIDEO EXAMPLES>663

664
Now consider the following video. Is665
it also <a OR an> <ACTION>? Please666
reason through your answer. It is667
critical that you output ‘yes’ or ‘no’668
on the final line of your answer.669

670
<VIDEO>671

—672

The <SUBDOMAIN> field defaults to the string673
"action", but we sometimes provide a more descriptive674
word in its place (e.g., some American Football actions are675
classified under the subdomain of "run").676

The <a OR an> field is either the string "a" or the677
string "an" depending on if the word it precedes begins678
with a vowel.679

The 1-shot and 2-shot prompts are nearly identical to680
the 3-shot prompt above and can be found on our GitHub681
repository. They are omitted here for brevity.682

C.2. Video Sampling 683

We generally use the video sampling techniques recom- 684
mended by the authors of each model. In certain cases, 685
we place an upper bound on frame sampling due to compute 686
constraints. 687

• InternVL3-8B [64]: uniformly sample, max 64 frames. 688
• Qwen2.5-VL [2]: one frame per second (fps). 689
• LLaVA-Video-7B [62]: uniformly sample, max 110 690

frames. 691
• Molmo2-4B: four fps, max 64 frames. 692
• Gemini 2.5 Flash & Gemini 2.5 Pro [50]: one fps. 693
• GPT-4o, GPT-4.1, GPT-5 [39–41]: one fps, max 110 694

frames. 695

C.3. Context Lengths 696

For the open models, these numbers reflect a shared maxi- 697
mum on the number of tokens in both the input and output. 698
For closed models, we have separate maximums for the input 699
tokens and output tokens. 700

• InternVL3-8B: 8,192 tokens total 701
• Qwen2.5-VL: 128,000 tokens total 702
• LLaVA-Video-7B: 32,768 tokens total 703
• Molmo2-4B: 6,656 tokens total 704
• Gemini 2.5 Flash & Gemini 2.5 Pro: 1,048,576 input 705

tokens; 65,536 output tokens 706
• GPT-4o: 128,000 input tokens; 16,384 output tokens 707
• GPT-4.1: 1,047,576 input tokens; 32,768 output tokens 708
• GPT-5: 400,000 input tokens; 128,000 output tokens 709

C.4. Proprietary Model Versions 710

We used the following versions of proprietary models. 711

• gemini-2.5-flash-preview-04-17 712
• gemini-2.5-pro-preview-03-25 713
• gpt4o-2024-11-20 714
• gpt-4.1-2025-04-14 715
• gpt-5-2025-08-07 716
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D. Zero-shot Ablations717

Tables 8 and 9 contains category-level results for GPT-4o718
and GPT-4.1 with 1 frame per second (fps) sampling and 2719
fps sampling. We also provide results for GPT-4.1 in a 4 fps720
setting. (As noted in Appendix C, we feed no more than 110721
frames to the GPT models.)722

GPT-4.1 sees little difference in its performance upon723
varying the FPS, suggesting that a lack of frames is not the724
primary roadblock to achieving better performance on our725
benchmark. Additional analysis can be found in § 5.1. NB726
we chose GPT-4.1 over GPT-5 for the 4fps ablation due to its727
longer context length (1M vs. 400k) and better performance728
in the 1fps 3-shot setting (72.71% vs. 72.45%).729

Table 10 contains category-level results for all models730
in the typical zero-shot setup of providing an input video,731
as well as two ablations: one where only the frame located732
at the (temporal) middle of the video is provided, and one733
where a definition of the action (as described in § 3.1) is734
provided alongside the video. In general, performance is735
best when a definition is provided alongside the video, and736
worst when only the middle frame is provided. Additional737
analysis can be found in Section 5.738

Table 8. Impact of higher FPS sampling in 0-shot. Performance gain from the previous setup is highlighted in blue. If the model
is sufficiently strong, like GPT-4.1, the additional frames do not seem to significantly boost performance on the domain-specific action
recognition task.

Model FPS Beauty Crafts Dance Food Hobbies Medical Sports Overall

GPT-4o 1 71.90 73.25 61.10 86.49 63.79 66.15 65.72 66.76
2 76.92 73.87 63.80 84.49 64.68 67.60 67.64 68.21 (+1.45)

GPT-4.1
1 73.39 75.00 64.18 87.37 65.57 74.00 67.59 69.02
2 76.23 74.89 66.54 86.91 66.69 73.30 67.78 69.85 (+0.83)
4 75.70 75.14 66.53 87.23 66.11 73.78 69.19 69.93 (+0.08)

Table 9. Impact of higher FPS sampling in 3-shot. Performance gain from the previous setup is highlighted in blue and loss in red. The
decrease in performance for GPT-4.1 suggests that the model struggles to handle the increase in visual tokens caused by the 3-shot, multi-fps
setting. Interestingly, GPT-4o handles the additional tokens well, despite having a shorter context length (128k vs 1M).

Model FPS Beauty Crafts Dance Food Hobbies Medical Sports Overall

GPT-4o 1 72.58 71.64 70.76 87.11 66.97 71.00 66.94 70.12
2 9.11 70.79 71.34 86.75 68.76 75.00 67.75 70.99 (+0.87)

GPT-4.1
1 75.21 74.37 73.16 88.89 71.04 76.02 68.03 72.71
2 75.29 72.62 76.09 89.59 68.72 72.73 67.49 71.22 (−1.49)
4 80.56 85.00 74.25 86.73 70.51 69.49 68.58 71.15 (−0.07)
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Table 10. Zero-shot results while varying video inputs. Performance gain from the previous setup is highlighted in blue and loss in
red. The Molmo2-4B base model has a decrease in performance when shifting from providing the video’s middle frame to providing the
full-video input. The only other model where this occurs is InternVL3-8B, which is the worst-performing VLM we tested. This suggests
that Molmo2 struggles to make effective use of video data. This further suggests that fine-tuning (with our data) an open-weight model
which more effectively utilizes the full-video input, such as Qwen2.5-VL or LLaVA-Video, may lead to even better performance than our
fine-tuned Molmo2 model.

Model Input Beauty Crafts Dance Food Hobbies Medical Sports Overall

Gemini 2.5 Flash
Middle Frame 60.33 66.79 60.00 79.43 59.92 59.39 57.91 61.56
Video 70.18 72.69 59.90 86.05 63.85 69.15 60.62 65.14 (+3.58)
Video w/ Def. 76.11 69.23 63.22 86.56 64.10 70.74 59.49 65.56 (+0.42)

Gemini 2.5 Pro
Middle Frame 66.13 65.30 57.33 78.87 58.38 66.00 56.56 60.49
Video 74.19 73.51 62.26 87.37 62.71 72.36 60.99 65.78 (+5.29)
Video w/ Def. 70.16 70.90 64.18 86.60 63.40 70.85 58.71 65.29 (−0.49)

GPT-4o
Middle Frame 69.35 62.31 60.46 79.12 63.00 57.00 61.07 63.27
Video 71.90 73.25 61.10 86.49 63.79 66.15 65.72 66.76 (+3.49)
Video w/ Def. 70.73 73.60 64.86 86.01 63.93 70.05 66.86 67.19 (+0.43)

GPT-4.1
Middle Frame 67.74 68.66 61.78 81.44 62.61 64.00 61.01 64.27
Video 73.39 75.00 64.18 87.37 65.57 74.00 67.59 69.02 (+4.75)
Video w/ Def. 73.39 75.48 65.87 87.11 66.11 72.00 66.61 69.12 (+0.10)

GPT-5
Middle Frame 69.35 70.30 63.42 83.76 63.58 69.50 62.94 66.02
Video 75.00 77.53 70.07 88.40 67.61 79.50 68.32 71.51 (+5.49)
Video w/ Def. 75.00 79.39 69.67 88.25 68.83 76.88 66.88 71.36 (−0.15)

InternVL3-8B
Middle Frame 54.84 47.39 52.76 66.75 53.36 54.50 55.37 54.74
Video 54.03 51.12 54.69 64.18 47.25 54.00 51.63 52.16 (−2.58)
Video w/ Def. 54.03 52.24 55.89 72.16 52.98 53.00 54.07 55.54 (+3.38)

Qwen2.5-VL-7B
Middle Frame 53.23 48.88 50.96 65.72 53.44 53.50 51.71 53.29
Video 50.00 51.20 50.00 72.16 55.58 58.00 53.26 55.01 (+1.72)
Video w/ Def. 62.10 57.46 53.85 73.20 56.19 54.50 55.54 57.24 (+2.23)

LLaVA-Video-7B
Middle Frame 57.26 50.37 52.28 66.24 54.28 55.00 54.32 54.85
Video 58.87 57.84 51.32 70.36 54.74 58.00 54.89 55.98 (+1.13)
Video w/ Def. 54.84 58.96 51.44 76.29 55.05 59.50 53.50 56.26 (+0.28)

Molmo2-4B (base)
Middle Frame 53.13 53.63 51.96 57.19 53.36 55.18 58.50 55.19
Video 51.61 49.70 54.42 73.20 54.48 52.50 51.52 54.35 (−0.84)
Video w/ Def. 61.29 54.57 51.19 77.58 57.28 57.00 51.21 56.12 (+1.77)

Molmo2-4B (FT)
Middle Frame 65.32 58.69 58.33 70.36 58.86 65.00 56.89 59.66
Video 75.00 69.66 66.84 76.03 66.51 71.00 63.33 67.36 (+7.70)
Video w/ Def. 69.35 68.90 62.24 79.38 63.81 72.00 61.67 65.64 (−1.72)
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E. Few-shot Results739

This section includes category-level results for VLMs, re-740
sults for traditional computer vision models in a modified741
evaluation setting, and a discussion of prompt sensitivity &742
yes/no bias in Gemini 2.5 Pro.743

E.1. Category-level Results for VLMs744

Table 11 contains category-level results for all models from745
Figure 5 in the 0-shot, 1-shot, 2-shot, and 3-shot setups. Also746
provided are results for Qwen2.5-VL-72B, which surpasses747
all existing 7B models we evaluated in the 0-shot setting.748

Table 11. Few-shot results. Performance gain from the previous
setup is highlighted in blue and loss in red. The gains from few-shot
examples are particularly remarkable for the 72B Qwen model and
the 8B InternVL model.

Model k-shot Beauty Crafts Dance Food Hobbies Medical Sports Overall

Gemini 2.5 Flash

0 70.18 72.69 59.90 86.05 63.85 69.15 60.72 65.14
1 79.82 72.47 67.69 91.05 65.46 69.75 61.12 67.88 (+2.74)
2 79.05 73.66 68.65 87.21 65.25 71.88 62.15 68.07 (+0.19)
3 77.32 68.72 67.83 91.86 64.33 70.00 61.77 67.55 (−0.52)

Gemini 2.5 Pro

0 74.19 73.51 62.26 87.37 62.71 72.36 60.99 65.78
1 72.58 74.63 67.79 88.40 65.08 68.84 62.70 67.99 (+2.21)
2 71.67 75.00 68.27 89.69 64.52 68.21 59.85 67.18 (−0.81)
3 74.17 75.75 69.23 88.66 65.49 70.77 59.41 67.68 (+0.50)

GPT-4o

0 71.90 73.25 61.10 86.49 63.79 66.15 65.72 66.76
1 70.00 68.85 66.09 84.94 65.28 69.63 66.78 68.18 (+1.42)
2 67.77 67.81 67.78 83.86 67.18 70.53 67.67 69.17 (+0.99)
3 72.58 71.64 70.76 87.11 66.97 71.00 66.94 70.12 (+0.95)

GPT-4.1

0 73.39 75.00 64.18 87.37 65.57 74.00 67.59 69.02
1 78.23 73.46 73.16 88.60 67.77 72.86 68.24 71.67 (+2.65)
2 78.15 74.03 73.42 86.77 68.82 74.21 67.59 71.76 (+2.09)
3 75.21 74.37 73.16 88.89 71.04 76.02 68.03 72.71 (+0.95)

GPT-5

0 75.00 77.53 70.07 88.40 67.61 79.50 68.32 71.51
1 79.84 79.70 74.00 90.21 68.97 74.00 68.45 72.90 (+1.39)
2 72.58 77.24 72.00 90.72 68.94 75.50 67.40 71.95 (−0.95)
3 75.00 79.10 73.44 89.95 70.72 73.50 66.21 72.45 (+0.50)

InternVL3-8B

0 54.03 51.12 54.69 64.18 47.25 54.00 51.63 52.16
1 68.55 52.61 54.33 68.30 53.06 66.00 57.98 57.06 (+4.90)
2 56.45 57.46 52.64 69.59 53.52 66.50 55.21 56.19 (−0.87)
3 59.68 58.21 55.77 77.32 56.27 62.50 54.56 58.07 (+1.88)

Qwen2.5-VL-7B

0 50.00 51.12 50.00 72.16 55.58 58.00 53.26 55.01
1 55.65 52.61 55.53 67.27 51.38 57.00 51.47 54.07 (−0.94)
2 58.06 55.97 52.76 71.13 55.66 55.50 54.89 56.35 (+2.28)
3 67.50 56.10 58.00 73.31 55.00 60.00 54.15 57.57 (+1.22)

LLaVA-Video-7B

0 58.87 57.84 51.32 70.36 54.74 58.00 54.89 55.98
1 61.29 58.96 54.69 72.16 53.90 58.50 55.21 56.78 (+0.80)
2 58.06 56.34 52.40 68.04 54.82 60.00 55.05 56.03 (−0.75)
3 62.10 57.84 55.65 77.32 55.66 60.50 56.43 58.35 (+2.32)

Qwen2.5-VL-72B 0 59.84 58.49 54.39 78.50 57.26 63.50 55.13 58.43
3 59.00 65.81 60.53 84.07 61.35 68.25 59.06 63.16 (+4.73)
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E.2. Results for Traditional Models749

We also evaluate traditional models (i.e., models that are750
not VLMs) on VideoNet. In particular, we evaluate 4 recent751
CLIP models [38, 52, 53, 61] and the 3 convolutional neural752
networks (CNNs) from [9]. All of the CLIP models except753
[61] were designed for video inputs; following [52], we754
uniformly sample 8 frames from the video and average their755
features when evaluating [61].756

These models do not natively support visual question an-757
swering with natural language. They also cannot be provided758
multiple in-context videos. Hence, we adapt our few-shot759
evaluation setup for these traditional models. We have two760
separate adaptations: one designed for the CLIP models, one761
for the CNNs.762

In the first, we get CLIP scores for all clips in763
VideoNet with their corresponding all-lowercase text labels764
formatted as "«DOMAIN» «ACTION»" (e.g., “figure skat-765
ing biellmann spin”). We then search for the optimal thresh-766
old on a balanced5 validation set constructed from clips767
in VideoNet which do NOT appear in the test set. To do768
so, we compute the validation accuracy for all candidate769
thresholds where the validation accuracy can change.6 Con-770
cretely, if the CLIP score exceeds or equals the threshold,771
the CLIP model’s answer to the test set question is consid-772
ered “yes”; otherwise, the answer is considered “no”. At773
last, after finding the optimal threshold on the validation set,774
we present the model with the test set, which contains the775
same pairs of clips and actions that VLMs see in the normal776
VideoNet evaluation setup. The results for this setup are777
in Table 12. The CLIP models struggle immensely, falling778
short of every VLM we tested. To alleviate concerns that779
the validation set may have been too small to find a decent780
threshold, we also search for the optimal threshold directly781
on the test set in Table 13. Still, the CLIP models struggle,782
suggesting that they are ill suited for this task.783

Table 12. CLIP results. Even the best CLIP model fails to match
the worst VLM we evaluated, InternVL3-8B. Given that random
chance is 50%, these results indicate that CLIP models struggle on
the domain-specific action recognition task. NB “acc." is short for
accuracy.

Model Test Acc. (%) Val Acc. (%) Threshold

ViCLIP 51.45 52.21 0.2002
LongCLIP-L 52.14 52.44 0.6938

VideoCLIP-XL-v2 50.67 52.21 0.2087
X-CLIP-L/14 50.18 51.75 0.1224

5Here, “balanced" denotes that, if the validation set is thought of as
containing binary questions, then precisely half the validation set contains
binary positive questions (i.e., binary questions where the answer is “yes”).

6Our validation set contains 2,174 questions. Hence, there are at most
2,175 critical points at which the validation accuracy can change.

Table 13. CLIP results when “cheating”. The optimal threshold
is now computed over the test set rather than the validation set. The
poor results remain, with the best CLIP model beating only the
worst VLM, InternVL3-8B. This suggests that the CLIP architec-
ture, rather than the size of our validation set, is at fault for the
CLIP models’ lackluster performance on VideoNet.

Model Test Acc. (%) Threshold

ViCLIP 53.47 0.2121
LongCLIP-L 53.29 0.7400

VideoCLIP-XL-v2 52.83 0.1969
X-CLIP-L/14 51.10 0.1272

The CNNs extract video features from videos, but do 784
not provide a way to align these video features to text. Ac- 785
cordingly, we opt for a k-nearest neighbors classifier (kNN) 786
approach in evaluating the CNNs. In particular, we extract 787
video features from the 3 in-context examples provided in 788
VideoNet for each action and use these features as the sup- 789
port set for a kNN. The kNN then classifies the test samples 790
based on Euclidean distance. We try all k ∈ {1, 2, 3}. It is 791
worth noting that no two VideoNet clips for any given action 792
are taken from the same source video, minimizing concerns 793
about a kNN “hacking” correct answers via factors like the 794
video background. The kNN is deemed to answer “does the 795
following video show X” with a “yes” if it classifies the test 796
sample as action X, and “no” if it classifies the test sample 797
as another action. For comparison, we also evaluate the two 798
best CLIP models using this approach by feeding their video 799
features to a kNN. As shown in Table 14, the best CNN, 800
Two-Stream I3D, rivals the best CLIP models. In doing so, it 801
falls short of most open models and considerably far behind 802
all closed models. Similar to CLIP, the I3D models seem 803
poorly suited for the domain-specific action recognition task. 804

Table 14. CNN results. Rows sorted by top-5 accuracy on Kinetics
[27]. With some exceptions, higher VideoNet accuracy tends to be
correlated with better performance on Kinetics.

Model VideoNet Accuracy (%) Kinetics Top-5
Accuracy (%)k = 1 k = 2 k = 3

ViCLIP 54.58 53.73 53.36 98.2
Two-Stream I3D 54.55 53.26 53.03 91.3

RGB-I3D 53.52 52.56 52.09 89.3
Flow-I3D 53.03 52.46 52.45 84.9

LongCLIP-L 54.12 52.87 52.55 -

E.3. Prompt Sensitivity & Yes/No Bias 805

We observe that model performance on positive clips and 806
negative clips changes significantly when in-context exam- 807
ples are provided (see Table 16). Given the poor performance 808
of open models on our benchmark, we focus on analyzing 809
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Figure 18. Positive & negative accuracy with in-context examples. Accuracy on positive clips is in green; accuracy on negative clips is in
red. In both plots, the weaker model is shown with dashed lines, while the stronger reasoning model is shown with solid lines. Note that the
GPT models (right), which attain a higher accuracy on VideoNet than the Gemini models (left), see smaller changes in their yes/no bias as
additional few-shot examples are provided.

the behavior of Gemini and GPT models (see Figure 18).810

Gemini 2.5 Pro exhibits a stark pattern, performing better811
on negative clips and worse on positive clips as additional812
in-context examples are provided. GPT-4.1 exhibits a sim-813
ilar pattern, but to a much lesser (and thus, “more accept-814
able") extent. We believe there are two main hypotheses815
to explain this phenomenon. One is that Gemini 2.5 Pro816
over-emphasizes insignificant details from the the in-context817
examples (e.g., background composition, camera angle, etc.)818
as opposed to the fine-grained details of the action at-hand.819
The other is this behavior can be attributed to our prompt.820

We test the latter hypothesis by constructing two prompts821
(see ): a “lenient" prompt which should bias models towards822
saying “yes", and a “balanced" prompt which attempts to823
eliminate any unintended bias introduced by few-shot ex-824
amples. (As discussed previously, our “default" prompt825
seems to bias the model twards saying “no".) We tailor826
these prompts based on how they impact performance in827
the weaker models (Qwen, LLaVA, Intern, Gemini), before828
evaluating their impact on the two strongest models (GPT-4o829
and GPT-4.1). Table 15 confirms that even the strongest830
models are NOT robust to slight changes in the prompt.831
Surprisingly, the overall accuracy is relatively unaffected by832
these changes.833

Given that small differences in the prompt cause dramatic834
shifts in yes/no accuracies, we hypothesize that such “prompt835
sensitivity" is an indicator that these models are not confident836
in their answers. This is reminiscent of early generations837
of LLMs, which were often not confident in their answers838
and hence would easily change their answers based on the839

smallest of pushback from the user [63]. 840

Table 15. Prompt sensitivity in GPT models. The first table
shows numbers for GPT-4o; the second shows numbers for GPT-
4.1. Reading the first two numeric columns top-to-bottom, we see
that accuracies on positive and negative clips change drastically
with the choice of prompt. However, reading down the last column,
the accuracy across all clips exhibits minimal change. The trend
remains equally present in both tables despite GPT-4.1’s stronger
performance (69.02% vs 66.76%) on VideoNet.

Prompt Accuracy (%)
Positive Clips Negative Clips All Clips

Default 67.00 73.23 70.12
biases “no”

Balanced 77.55 62.46 70.11
minimal bias

Lenient 87.20 55.21 71.22
biases “yes”

Prompt Accuracy (%)
Positive Clips Negative Clips All Clips

Default 70.98 74.45 72.71
biases “no”

Balanced 84.73 59.44 72.12
minimal bias

Lenient 90.13 53.94 72.06
biases “yes”
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Table 16. Performance on positive vs. negative clips with in-context examples. Although the benchmark contains the same number of
positive and negative clips, the entries in the last column may not be exact averages of the entries in the prior two columns. This is because
certain clips are incompatible inputs for certain models (e.g., Gemini rejects certain American Football videos as being too violent).

Model Name k-shot Positive Clips Negative Clips Overall

Gemini 2.5 Flash

0 76.96 53.26 65.14
1 70.27 65.48 67.88
2 65.64 70.51 68.07
3 65.96 69.13 67.55

Gemini 2.5 Pro

0 87.38 44.20 65.78
1 73.10 62.88 67.99
2 63.88 70.48 67.18
3 64.54 70.81 67.68

GPT-4o

0 76.31 57.24 66.76
1 59.23 77.24 68.18
2 65.36 72.98 69.17
3 67.00 73.23 70.12

GPT-4.1

0 77.36 60.66 69.02
1 70.04 73.31 71.67
2 67.54 75.99 71.76
3 70.98 74.45 72.71

GPT-5

0 73.16 69.86 71.51
1 61.10 84.69 72.90
2 58.26 85.64 71.95
3 60.12 84.77 72.45

InternVL3-8B

0 48.94 55.38 52.16
1 62.19 51.93 57.06
2 59.61 52.76 56.19
3 68.68 47.47 58.07

Qwen2.5-VL-7B

0 51.61 58.42 55.01
1 20.98 87.17 54.07
2 32.84 79.85 56.35
3 36.12 78.90 57.57

LLaVA-Video-7B

0 78.79 33.16 55.98
1 29.35 84.22 56.78
2 47.70 64.35 56.03
3 65.82 50.87 58.35

Qwen2.5-VL-72B 0 59.45 57.42 58.43
3 72.64 53.44 63.16
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Default 3-shot Prompt

The following 3 videos show examples of <a OR an> <ACTION>, which is <a OR an>
<SUBDOMAIN> in <DOMAIN>.

<VIDEO EXAMPLES>

Now consider the following video. Is it also <a OR an> <ACTION>?

Please reason through your answer. It is critical that you output
‘yes’ or ‘no’ on the final line of your answer.

Balanced 3-shot Prompt

The following 3 videos show examples of <a OR an> <ACTION>, which is <a OR an>
<SUBDOMAIN> in <DOMAIN>.

<VIDEO EXAMPLES>

Now consider the following video. Is it also <a OR an> <ACTION>?

An appropriate instance of <ACTION> must include all essential defining
elements, but minor variations or slight differences in style or execution
are acceptable. Analyze carefully, explicitly noting the presence or absence
of essential elements, while considering natural variations. Clearly explain
your reasoning and justify your final decision. It is critical that you output
‘yes’ or ‘no’ on the final line of your answer.

Lenient 3-shot Prompt

The following 3 videos show examples of <a OR an> <ACTION>, which is <a OR an>
<SUBDOMAIN> in <DOMAIN>.

<VIDEO EXAMPLES>

Now consider the following video. Is it also <a OR an> <ACTION>?

Focus on identifying the core defining elements rather than expecting an
exact match to the examples. The action may have natural variations in
execution while still being the same action. Please reason through your
answer. It is critical that you output ‘yes’ or ‘no’ on the final line
of your answer.

Figure 19. Default, Balanced, and Lenient Prompts. Observe that there are only small differences between each prompt.
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F. Benchmark Qualitative Analysis841

In Section 5.1, we offer a systematic analysis of why VLMs842
struggle on VideoNet. Here, we take a qualitative approach843
to understanding what causes VLMs to fail at the domain-844
specific action recognition task.845

Open models–which are weaker across existing video846
benchmarks–suffer from failures that are not unique to our847
tasks. This includes degenerative behavior such as generat-848
ing the same sentence repeatedly until the max token count is849
reached, failing to follow the prompt or answer the question,850
and reasoning towards one answer but outputting a different851
final answer. They also fail due to fundamental perception852
errors, i.e., claiming that an atomic action (such as a soccer853
ball hitting a goal post) occurs when it simply does not.854

Among closed models, the vast majority of failures arise855
from these aforementioned perception failures (see Fig-856
ure 22). The failures persist despite the inclusion of in-857
context examples. Furthermore, the detailed reasoning pre-858
sented by these models–even when no action definition is859
provided–confirms that their language backbones have a suf-860
ficient understanding of the actions in VideoNet to answer861
the questions. (See Figure 20 for a zero-shot example where862
the model has adequate world knowledge; see Figure 21 for863
a similar example with in-context demonstrations.) Thus,864
it is the vision component of these systems that limits their865
performance.866

We provide three concrete examples of model success867
and failure below. These examples are sourced from Gemini868
2.5 Pro because of its extensive reasoning traces. We use869
examples from the Figure Skating domain since (1) its ques-870
tions are especially difficult since actions usually cannot be871
answered with a single frame, and (2) its short clip length872
allows the videos to be compressed into the storyframes873
printed below.874
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A Biellmann Spin is characterized by the skater spinning in an upright
position while pulling their free leg up from behind towards their head,
holding the skate blade with both hands, so the leg is extended vertically
above and behind the head.

In the video:

The skater is performing an upright spin.
The skater reaches back with both hands to grab the blade of their
free skate.
The skater pulls the free leg up so that it is extended vertically above
and behind their head.

All the defining characteristics of a Biellmann Spin are present in the
video from approximately 0:01 to 0:04.

Figure 20. Language grounding success. In a 0-shot setting without the action definition, Gemini 2.5 Pro provides the correct response
above when asked if the video above contains a Biellmann Spin. This demonstrates the ability of the strongest closed models to clearly
delineate the visual elements that must be present in the video for the answer to be “yes".
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Okay, let’s break down the characteristics of a Biellmann Spin based on the
first two videos:

1. Upright Spin: The skater spins on one leg while maintaining a generally
upright torso position (though arched backward).
2. Free Leg Position: The skater lifts their free leg backward and upward.
3. Grip: The skater reaches back with both hands to grasp the skate blade
(or sometimes the boot) of the free leg.
4. Final Pose: The free leg is pulled up high, typically above and behind
the head, causing the skater’s back to arch significantly. This creates a
distinctive teardrop-like shape.

Now let’s examine the third video:

- The skater is performing an upright spin on one leg.
- She lifts her free leg backward and upward.
- She reaches back with both hands and grasps the skate blade of her

free leg.
- She pulls the leg up above and behind her head, arching her back

into the characteristic Biellmann pose.

All the key elements identified in the example videos are present
in the third video.

Figure 21. Visual grounding success. In a 2-shot setting without the action definition, Gemini 2.5 Pro is provided the first two videos and
asked if the third video contains a Biellmann Spin. It provides the correct response printed above.
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A Biellmann Spin is characterized by the skater spinning in an upright
position while pulling one leg up from behind towards their head, with the
skate typically held above and behind the head.

In the video:

The skater begins an upright spin.
Around the 0:05 mark, she reaches back with both hands, grabs the
blade of her free skate, and pulls her leg up over her head.
She holds this position, spinning with her leg extended vertically above
and behind her head, until around the 0:10 mark.

This action perfectly matches the description of a Biellmann Spin.

Figure 22. Perception failure example. In a 0-shot setting without the action definition, Gemini 2.5 Pro provides this incorrect response.
Crucially, the model claims that the skater “reaches back with both hands and grabs the blade of her free skate" – this never happens in the
frames above.
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G. Human Evaluation875

We have four versions of the human evaluation UI, depend-876
ing on if the human is shown few-shot examples and whether877
they are shown the action definition. For brevity, only one of878
these setups is shown. The HTML/CSS for all four configu-879
rations is available on our GitHub repository. Both humans880
and models are shown silenced videos since the clips some-881
times have audio containing the action name.882

In Table 17, we show the breakdown of human perfor-883
mance on VideoNet with different configurations, namely884
0-shot vs. 3-shot and with vs. without definition. We ad-885
ditionally report the performance with random negatives to886
better understand the sources of human errors.887

Across the board, we see humans excel at identifying888
positive clips, achieving high accuracy (above 85%) even889
without definitions or examples. They even attain accura-890
cies above 91% when provided with examples (in the 3-shot891
setting). However, humans struggle with identifying neg-892
ative clips, especially in the hard negative setup. Despite893
being given 3 example videos and a definition, humans get894
only 71.92%, while the 0-shot with-definition configuration895
attains a mere 51.58%.896

Promisingly, we see a steady improvement in negative897
clip accuracy as more in-context examples and the action898
definition are provided. In fact, 3-shot humans armed with899
action definitions achieve notably high accuracy on random900
negatives (95.42%), nearly solving the task.901

Overall, these findings suggest that while providing defi-902
nitions and in-context examples significantly helps humans903
distinguish general in-domain actions, additional domain904
expertise or perceptual skills might be needed to reliably905
differentiate highly similar actions.906

Table 17. Human performance on VideoNet. Metrics are reported separately for positive clips, negative clips, and overall accuracy across
different negative sampling strategies (hard vs random). For reference, the best 3-shot video model, GPT-4.1, achieves an overall accuracy of
72.71% and 77.43% on hard and random negatives, respectively.

Human Evaluation Positive Clips Negative Clips Overall

Hard Negatives
0-shot without definition 85.96 43.27 64.61
0-shot with definition 86.53 51.58 69.05
3-shot without definition 91.98 65.61 78.80
3-shot with definition 93.41 71.92 82.66

Random Negatives
0-shot with definition 93.41 69.63 81.52
3-shot with definition 91.69 95.42 93.55
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H. Additional Training Details907

This appendix elaborates on Section 4.908

H.1. Dataset Construction909

In Section 4.1 we explained how we derive sets of clips with910
one action label each. Here we walk through the construction911
of VQA pairs from those labeled clips.912

During training, we construct three questions from each913
clip: one binary question where the answer is “yes” (i.e., bi-914
nary positive), one binary question where the answer is “no"915
(i.e., binary negative), and one multiple-choice question (i.e.,916
MCQ). For the binary negative question, we randomly select917
one action that is not the ground truth from the action list for918
that domain. For the MCQ, we randomly choose three nega-919
tive options that are not the ground truth from the action list920
for the relevant domain. Although the VideoNet benchmark921
only consists of binary questions, initial experiments showed922
that including MCQs in the training mixture improves binary923
accuracy. We also experimented with 10-way MCQs (i.e.,924
a MCQ with 9 negative distractors), but decided against it925
because it induced a much higher binary bias (which we926
define as the absolute difference between binary positive927
accuracy and binary negative accuracy).928

H.2. Training Setup929

In Section 4.2 we detailed the model architecture and our930
frame sampling approach. Here we include additional infor-931
mation on our training procedure. During training, we train932
the ViT, the connector, and the LLM using learning rates933
5× 10−6, 5× 10−6 and 1× 10−5 respectively. We employ934
a cosine learning rate decay to 0.1 of the initial learning935
rate. Following [13], the connector uses features from the936
third-to-last and ninth-from-last ViT layers. For each frame,937
3× 3 patch windows are pooled into a single vector using a938
multi-headed attention layer, where the mean of the patches939
serves as the query and the pooled features are projected940
using an MLP to the LLM’s token space. For each training941
video sample, we pack multiple question-answer (QA) pairs.942
The LLM attention mask is customized such that text from943
one QA pair does not attend to the text from another pair.944
(As mentioned above (§H.1), each video clip is accompanied945
by three QA pairs.) For additional inquires about the model,946
please refer to [11].947
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I. Data Filtering Strategies948

The three data filtering strategies we employed are briefly de-949
scribed in Section 4.1. Here we explain our intuition behind950
each filtering strategy, the per-domain yields of each strat-951
egy, the category-level results of post-training a Molmo2-4B952
model on each strategy, and a brief analysis of these training953
results.954

We began with the hypothesis that having as many inde-955
pendent signals align as possible would yield the highest-956
quality labels. There were two signals that were easily ex-957
tracted at scale: the presence of an action in the video’s958
title (“title match”), and the presence of an action in the959
video’s transcript (“transcript match”). Adhering to our phi-960
losophy of having an extremely strict filter, we chose to961
require the action to be said within one second of the clip962
for the “transcript match” to count. This resulted in the963
TRANSCRIPTLOCALIZEDTITLEMATCH filter. While our964
hypothesis of such a strict filter yielding high-quality data965
was largely confirmed by initial experiments on domains966
like skateboarding, this filter’s yield was too low on domains967
like whittling and fencing (see Table 18). A natural solu-968
tion to increasing the number of clips yielded by a filter969
is to relax the filter’s strictness. Hence, we dropped the970
title match requirement, thereby keeping all clips with a971
transcript match; this is the TRANSCRIPTLOCALIZED fil-972
ter. In many cases, TRANSCRIPTLOCALIZED yielded more973
clips than TRANSCRIPTLOCALIZEDTITLEMATCH , largely974
solving our problem of low yields. Once we had derived a fil-975
ter ( TRANSCRIPTLOCALIZED ) by relaxing the title match976
requirement of TRANSCRIPTLOCALIZEDTITLEMATCH , it977
seemed fitting to derive a filter by relaxing the transcript978
match requirement. After some experimentation, we landed979
on SINGLEACTION . The intuition here is that if there is a980
title match, then the video is likely to contain at least one981
clip of that action; if our localizer only finds one clip of that982
domain, then that clip must be of the title action. To make983
an analogy to the classic pigeonhole problem, if there is one984
pigeon (i.e., action from the title) and only one hole (i.e.,985
clip found by localizer), then the pigeon must be assigned986
to that hole (i.e., the title action must be assigned to the one987
and only clip). Thus we arrived at our filtering strategies.988

We train three models, one each for the data yielded989
by each filtering strategy. The overall accuracies of these990
models are reported in Table 5, as are category-level re-991
sults. Domain-level results are in Table 7. Even though992
SINGLEACTION attains the best overall performance on993
VideoNet, it only achieves the best performance on 19 out994
of 38 domains, affirming the domain-to-domain variation in995
filtering strategy effectiveness.996

Perusing these tables, the question naturally arises: why997
do certain filtering strategies fare better than others in terms998
of downstream performance on VideoNet? Unlike other999
tasks [24] where dataset size has a profound impact on down-1000

stream performance, the filter with the best VideoNet per- 1001
formance is actually the smallest in size. Hence, scale itself 1002
cannot explain the differences in downstream performance. 1003
Rather, we hypothesize that downstream performance is pri- 1004
marily impacted by clip quality and intra-domain uniformity. 1005
Concretely, clip quality refers to the accuracy with which 1006
action labels are assigned to clips by a filtering strategy, and 1007
intra-domain uniformity refers to the extent to which the 1008
counts of clips labeled by each action (within a domain) 1009
follows the uniform distribution. The intuition for the former 1010
is trivial; for the latter, since the test set presents a uniform 1011
# of questions for each action in a domain, we believe that 1012
a training dataset which contains an equal numbers of clips 1013
for each action within a domain is poised to perform best.7 1014

Clip quality is difficult to measure at a statistically sig- 1015
nificant scale without employing a large army of experts, so 1016
we focus on quantifying the intra-domain uniformity. For 1017
each of the 38 domains, we calculate the Shannon entropy 1018
for the distribution of clips yielded by each of the three fil- 1019
tering strategies.8 For each domain, this yields three entropy 1020
numbers; one per filtering strategy. Recall that a higher 1021
entropy suggests a more uniform distribution [14]. Hence, 1022
for each domain, we can order the filtering strategies by 1023
entropy; in doing so, we are ordering the filtering strategies 1024
by the uniformity of their data for that domain. We can also 1025
order the filtering strategies by their downstream accuracy 1026
on that domain’s subset of VideoNet. This gives two order- 1027
ings for each domain. If the orderings are identical, then 1028
for that domain there is undeniably a correlation between 1029
higher entropy (and thus higher intra-domain uniformity) 1030
and downstream performance.9 In our case, there are 10 1031
domains where the orderings are identical. Recall that we 1032
are trying to ascertain whether there is a correlation between 1033
intra-domain uniformity and downstream performance; the 1034
existence of such a correlation would result in more than 1035
average identical pairings, so we shall test in that direction. 1036

Since there are 3 filtering strategies, there are 3! = 6 1037
possible orderings, and 3!× 3! = 36 pairs of orderings. Of 1038
these 36 pairs, only 6 pairs exist where both orderings are the 1039
same. Thus, there is a p = 6

36 = 1
6 probability of two 3-item 1040

orderings being the same. Since we repeat this analysis of 1041
comparing entropy orderings and accuracy orderings for 38 1042

7Additionally, given that certain filtering strategies yield quite skewed
distributions for certain domains–e.g., the TRANSCRIPTLOCALIZED gym
data contains nearly 30k clips of squats–we believe that seeing such a
disproportionate number of squat clips during training will make the model
worse at discerning other gym actions such as pushups or deadlifts.

8The “distribution of clips” is a list of integers, where each integer gives
the count for the number of clips labeled with a particular action. This list’s
length equals the number of actions in that domain.

9Of course, a correlation could exist even if the orderings are not ex-
actly the same, but statistical tests like Spearman’s rank correlation or the
Pearson correlation do not provide statistically significant results for n = 3.
Hence we are forced to limit our analysis to cases where there is a perfect
correlation (in these cases, Spearman’s coefficient is 1.)
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domains,10 this process can be modeled by a binomial distri-1043
bution with n = 38 and p = 1

6 . Formally, X ∼ Bin(38, 1
6 )1044

where X is the number of domains with identical pairings.1045
Let the null hypothesis be that this process is purely ran-1046
dom (i.e., that entropy has no effect on accuracy). Since we1047
are wondering if the number of identical pairings is better1048
than average, we can use a one-tailed test. We compute1049
P (X ≥ 10) = 0.08902. A p-value of 0.089 is ambiguous.1050
Under the commonly-used significance level of 0.05, we1051
would fail to reject the null hypothesis and find that there is1052
no correlation between intra-domain uniformity and down-1053
stream accuracy. However, given that we hypothesized that1054
clip quality and intra-clip distribution impact downstream1055
performance but only tested for the latter, we believe this1056
finding actually supports our hypothesis.11 In other words,1057
we advocate for interpreting the p-value of 0.089 as suggest-1058
ing both a correlation between intra-domain uniformity and1059
downstream performance and the presence of a confounding1060
variable. Namely, we believe this confounding variable to1061
be clip quality, although we present no evidence in support1062
of this claim.1063

10We assume the yields and accuracies to be independent between do-
mains.

11In this sentence, “hypothesis” refers to our original hypothesis from
three paragraphs ago, not the null hypothesis established in this paragraph.
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Table 18. Filtering strategy yields. The last three columns list yields for the filtering strategies in decreasing order of total yield:
TRANSCRIPTLOCALIZED , TRANSCRIPTLOCALIZEDTITLEMATCH , and SINGLEACTION . For a given row, compare the relative ranking
of values in the last three columns of this table to the relative ranking of values in the last three columns of Table 19; such a comparison
proves that the yield of a filtering strategy is a poor indicator of downstream performance on the VideoNet benchmark.

Category Name Domain Name # Actions Transcript
Localized

Transcript Localized
Title Match Single Action

Beauty & Self Care
Hairstyling 14 5,775 2,029 1,401

Spa Massage 11 3,259 1,351 759
Tattooing 6 782 145 782

Crafts & Art

Calligraphy 8 5,508 231 105
Crochet 38 7,565 4,572 10,990

Hand Sewing / Embroidery 41 688 460 6,552
Knots 55 4,099 3,889 20,371

Painting 8 2,949 1,472 489
Pottery 10 5,889 3,077 817

Woodworking / Whittling 4 1,140 29 11

Dance

Ballet 39 17,362 5,567 3,471
Bharatanatyam 24 862 316 3,200
Break Dance 34 2,573 1,507 395

Salsa 21 8,436 2,036 2,432
Tap Dance 29 13,130 3,579 1,400

Food & Beverage
Bartending 30 2,017 1,273 389

Coffee 16 3,369 2,440 611
Cooking 51 82,814 35,530 2,878

Hobbies

Bouldering 23 2,275 950 5,391
Gardening 20 4,064 2,298 1,471

Gym 22 79,793 68,869 21,333
Juggling 26 1,582 941 348
Parkour 40 6,425 4,035 7,109

Pen Spinning 33 6,877 2,827 2,318
Skateboarding 49 52,851 10,079 16,910

Yo-yo 55 6,754 3,530 2,257

Medical
Neurological Abnormalities 21 2,912 983 433
Neurological Assessments 15 820 381 319

Suturing 14 751 417 1,443

Sports

American Football 54 36,327 13,610 11,664
Basketball 46 82,883 13,213 11,219

Cheerleading 23 1,027 622 3,504
Cricket 46 8,457 3,614 7,033
Fencing 20 2,058 667 918

Figure Skating 40 17,525 2,709 4,592
Ice Hockey 39 4,258 1,960 2,247

Soccer 43 12,120 4,251 4,388
Tennis 19 3,404 2,128 1,187

All All 1,087 501,380 207,587 163,137
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Table 19. Per-domain performance of different filtering strategies. The last three columns contain accuracy percentages for the
three filtering strategies in decreasing order of total yield: TRANSCRIPTLOCALIZED , TRANSCRIPTLOCALIZEDTITLEMATCH , and
SINGLEACTION . Please keep the number of questions for each domain, listed in the third column, in mind when considering the
significance of a change in accuracy. Note that the base model achieves the best performance for calligraphy, coffee, and fencing, suggesting
that our training data for these domains is poorly-labeled.

Category Name Domain Name # Questions Base Model Transcript
Localized

Transcript Localized
Title Match Single Action

Beauty & Self Care
Hairstyling 56 50.00 73.21 76.79 75.00

Spa Massage 44 52.27 81.82 72.73 81.82
Tattooing 24 54.17 62.50 66.67 62.50

Crafts & Art

Calligraphy 32 56.25 53.13 56.25 53.13
Crochet 152 51.97 57.24 60.53 65.79

Hand Sewing / Embroidery 164 42.68 63.41 56.71 73.17
Knots 220 49.09 67.27 67.27 73.18

Painting 32 62.50 68.75 62.50 71.88
Pottery 40 57.50 77.50 70.00 70.00

Woodworking / Whittling 16 50.00 56.25 62.50 50.00

Dance

Ballet 156 51.92 69.23 65.38 69.87
Bharatanatyam 96 53.13 57.29 59.38 69.79
Break Dance 136 66.18 67.65 64.71 66.18

Salsa 84 47.62 71.43 67.86 67.86
Tap Dance 116 50.00 57.76 63.79 60.34

Food & Beverage
Bartending 120 74.17 90.00 80.83 77.50

Coffee 64 75.00 73.44 67.19 64.06
Cooking 204 72.06 73.04 74.51 78.92

Hobbies

Bouldering 92 50.00 58.70 52.17 51.09
Gardening 80 68.75 86.25 81.25 77.50

Gym 88 68.18 76.14 75.00 79.55
Juggling 104 48.08 64.42 60.58 62.50
Parkour 160 60.62 71.25 70.63 71.88

Pen Spinning 132 50.00 68.94 60.61 66.67
Skateboarding 196 50.51 55.61 55.61 63.78

Yo-yo 220 50.45 64.55 64.09 64.09

Medical
Neurological Abnormalities 84 48.81 67.86 60.71 61.90
Neurological Assessments 60 58.33 73.33 65.00 76.67

Suturing 56 51.79 67.86 66.07 78.57

Sports

American Football 216 51.39 55.09 58.80 59.72
Basketball 184 44.02 55.98 59.24 59.78

Cheerleading 92 57.61 79.35 77.17 88.04
Cricket 184 51.09 55.43 58.15 59.24
Fencing 80 53.75 51.25 51.25 52.50

Figure Skating 160 52.50 63.13 62.50 66.87
Ice Hockey 156 55.77 64.74 64.10 69.23

Soccer 172 51.16 55.23 61.05 60.47
Tennis 76 51.32 63.16 65.79 60.53

All All 4,348 54.35 65.11 64.21 67.36
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