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Abstract

Recent action recognition based on vision—
language pretraining and self-supervised video
foundation models tends to induce spurious
correlations and shortcut learning by relying
on action-irrelevant cues, such as backgrounds
and object co-occurrences. By contrast, object-
detection-based approaches can suppress spu-
rious correlations; however, the loss of input
information can limit accuracy. To mitigate this
trade-off, we combine these two approaches
to learn complementary features that compen-
sate for each other’s shortcomings. Specifically,
we leverage the commonsense knowledge of
large language models (LLMs) regarding hu-
man actions and realize a framework in which
an LLM agent integrates the two approaches
within an agentic learning paradigm to design
motion features tailored to the target actions.
The LLM agent uses an open-vocabulary ob-
ject detector to instruct the video foundation
model with the target and nontarget objects in
the video to make the model attend to objects
in a video required for recognizing the target
actions. The composition of the detected ob-
jects is optimized for the target actions through
in-context reinforcement learning (ICRL) using
the commonsense knowledge of the LLM. Ex-
periments on multiple public action recognition
datasets and an ablation study confirm the ro-
bustness of features learned using the proposed
method and the effectiveness of ICRL.

1 Introduction

Rapid advances in large language models (LLMs)
and vision—language pretraining have culminated
in multimodal LLMs (MLLMs) and their numerous
useful applications (OpenAl; Stability Al; GitHub,
Inc.). MLLMs can now take videos (Team et al.,
2025) as input in addition to text and images. Ap-
plications that enable humans to communicate with
computers via speech and video without text have

* Equal contribution.

been realized (OpenAl) by incorporating an auto-
matic speech recognition model (Radford et al.,
2022). Consequently, increasing focus has been
directed toward the ability of models to recognize
human actions in two-dimensional videos, and their
importance is increasing across numerous appli-
cations, ranging from robots that cooperate with
humans (Meng et al., 2024) to sports (Wu et al.,
2023) and entertainment (Runway Al).

1.1 Limitations of previous studies

Recent action recognition methods have been able
to obtain more generalizable representations from
videos through vision-language pretraining (Wang
et al., 2025b,c). This progress has benefited from
large-scale datasets comprising massive pairs of
Internet videos and their text captions. As learned
representations are aligned with the space of lan-
guage embeddings, zero-shot action recognition
via prompting has become possible across diverse
scenes. Although zero-shot inference enables ac-
tion recognition to be used in various applications,
the learned representations’ ability to generalize to
motion during supervised fine-tuning (SFT) is lim-
ited to what is covered by sparse, low-information
pretraining captions. This issue manifests as spuri-
ous correlations and shortcut learning, leading the
model to overfit cues that are irrelevant to the tar-
get action representation, such as foreground/back-
ground appearance and object co-occurrence (Stein-
mann et al., 2025; Kis et al., 2025). In particular,
this problem has been observed as a marked drop
in the accuracy of benchmarks (Goyal et al., 2017;
Li et al., 2021) that require motion understanding
instead of appearance.

Approaches that target motion understanding
have been actively studied in recent years, in-
cluding video-based methods (Wang et al., 2023;
Bardes et al., 2024; Assran et al., 2025) and object-
centric methods (Duan et al., 2022; Hachiuma et al.,
2023; Sato et al., 2023; Duan et al., 2023; Qu et al.,
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2024). These two approaches extract features that
are less affected by spurious correlations in dif-
ferent ways. The former learns video foundation
models via self-supervised learning, which predicts
the motion in videos without using captions. The
latter first detects object regions (Duan et al., 2022;
Hachiuma et al., 2023) or salient regions (Yu et al.,
2024) from videos, and then extracts features from
them using supervised learning (Duan et al., 2022;
Hachiuma et al., 2023; Duan et al., 2023), unsuper-
vised clustering (Qu et al., 2024), and contrastive
learning with captions (Sato et al., 2023).

Both approaches extract features that are useful
for understanding motion by focusing on the mo-
tion and objects in videos. However, video-based
methods, such as vision—language pretraining, use
spatiotemporal video volumes as input, and there-
fore cannot completely eliminate spurious corre-
lations caused by input redundancy. By contrast,
object-centric methods remove, in advance, infor-
mation from nonobject regions that can cause spuri-
ous correlations, and by restricting where the model
attends, they can recognize the actions of detected
objects relatively robustly. However, the loss of
information can hinder understanding the context
of objects other than the detected targets, creat-
ing a trade-off with video-based methods. In this
study, we aim to mitigate this trade-off by avoiding
information loss.

In a different line of research, leveraging the
commonsense knowledge of LLMs for action
recognition has recently become popular. For in-
stance, previous studies (Qu et al., 2024; Gong
et al., 2024; Lin et al., 2024; Yang et al., 2025b)
learned by feeding an LLM with text and visual
tokens, where the visual tokens were features ob-
tained via vision—language pretraining (Lin et al.,
2024; Yang et al., 2025b) or self-supervised learn-
ing (Qu et al., 2024; Gong et al., 2024). The LLM
identifies human actions from visual tokens by ex-
ploiting knowledge about human actions learned in
the language modality. In these studies, the LLM
is used as a head (often known as a classifier). In
this setting, the knowledge of the LLM is not uti-
lized to train the backbone feature extractor. By
contrast, in AutoML, LLMs are used to implement
feature extractors; however, because they rely on
generic, action-agnostic implementations collected
from the Internet, they cannot reflect knowledge
about the target actions in feature extraction learn-
ing (Tornede et al., 2024; Yao et al., 2025).

1.2 Overview and contributions

Based on the above, this study explores how to
learn more robust features for motion understand-
ing, evaluated on supervised benchmarks such as
Something—Something v2 (SSv2) (Goyal et al.,
2017). In this study, we aim to learn complemen-
tary features that compensate for each other’s short-
comings by combining video-based and object-
centric methods, which have a trade-off relation-
ship. In particular, we realize a framework in which
an LLM agent, within an agentic learning paradigm,
integrates the two approaches to motion under-
standing and designs motion features tailored to
the target actions by leveraging the commonsense
knowledge of the LLM about human actions.

Specifically, we instruct the self-supervised
video foundation model on the target and nontarget
objects' detected by object detection during SFT to
make the model attend to the objects in the video
that are required for recognizing the target actions.
Here, the set of detected objects is derived from the
target actions using the commonsense knowledge
of the LLM agent, and is optimized for generaliza-
tion through the framework of in-context reinforce-
ment learning (ICRL) (Moeini et al., 2025). Fig. 1
provides an overview of the proposed ICRL frame-
work. The target object classes are detected in each
frame using an open-vocabulary object detector
(OVD). By introducing an adapter that converts the
detection results, along with the input video, into
features and feeds them into the video foundation
model, we can make the feature extraction layers
of the video foundation model focus only on the
target objects during SFT. In the experiments, we
evaluate the generalization of the features learned
by the proposed method using multiple public ac-
tion recognition datasets, and verify the effect of
agentic feature learning through an ablation study.

The technical contributions of this study are
twofold: (1) we demonstrate that the commonsense
knowledge of the LLM is effective for designing
motion features that attend to objects relevant to
the target actions by combining an LLLM and an
OVD; and (2) we demonstrate that the target and
nontarget objects can be automatically optimized
using ICRL.

'Nontarget objects are classes not directly tied to the target
actions, used to capture and downweight action-irrelevant cues
(e.g., background context).

36213



Action Recognition

Action
Task Labels
Description
Detected Vocab.
state 0 Statet -1 Classes Object
ati ed ) | ® @ |[evaluatio ed Detector

T 4 Training Sample

! i : Loss
¢ oo ) Adapter Recognizer or Acc.
) (4 [

Training Loop

Object-Centric Train
Features

Likelihood Maps

In-Context Reinforcement Learning Loop

Figure 1: Overview of the proposed ICRL framework (see Sec. 3).

2 Related Work

2.1 Self-supervised/unsupervised
representation learning

A representative self-supervised approach for video
representation learning masks the input video and
reconstructs it with a deep neural network (DNN),
for instance, VideoMAE (Wang et al., 2023) masks
90-95% of patches in frames. MotionMAE (Yang
et al., 2024) extends VideoMAE by predicting the
motion information obtained from the differences
between adjacent frames. Focusing on unsuper-
vised approaches, methods have been proposed to
discretely cluster features using vector-quantized
latent representations (Qu et al., 2024; Gong et al.,
2024; Spurio et al., 2025) and to learn feature dis-
entanglement via contrastive learning (Altabrawee
and Mohd Noor, 2025). V-JEPA (Bardes et al.,
2024; Assran et al., 2025) reconstructs masked
parts of videos in latent space, thereby learning rep-
resentations that focus on the essential semantics of
video motion and achieves state-of-the-art (SOTA)
performance on numerous supervised benchmarks
for motion understanding. When supervised learn-
ing is performed, these methods can be adapted to
a target dataset via post-training by adding mod-
ules or heads (i.e., SFT); however, because they use
spatiotemporal video volumes as input, they carry
the risk of spurious correlations and shortcut learn-
ing. The proposed method differs in that, while
building on previous self-supervised learning ap-
proaches (Bardes et al., 2024; Assran et al., 2025),
it trains the model by making its feature extraction
layers attend only to objects relevant to the target
actions.

2.2 Object-centric action recognition

Approaches that extract skeletons or object regions
from input videos and recognize actions based on
these have been actively studied (Duan et al., 2022;
Hachiuma et al., 2023; Sato et al., 2023; Duan et al.,
2023; Qu et al., 2024). For instance, methods that
use only skeleton information (Duan et al., 2022;

Sato et al., 2023; Duan et al., 2023) achieve high
computational efficiency and robustness against
spurious correlations by modeling the spatiotempo-
ral relations among the joint coordinates. Recently,
methods that leverage object region information in
addition to skeletons (Hachiuma et al., 2023) have
also been studied. In contrast to these methods, our
key difference is that we automatically optimize
the objects to attend to based on the commonsense
knowledge of LLMs.

2.3 LLM-based AutoML

Recently, attempts have been made to integrate
LLM agents into model training pipelines and to
automate the training process within the AutoML
community (Tornede et al., 2024; Yao et al., 2025;
Zhang et al., 2023; Trirat et al., 2025). For instance,
AutoML-Agent (Trirat et al., 2025) is a framework
in which multiple LLM agents collaborate to build
a pipeline from task specification to deployment.
AutoML-GPT (Zhang et al., 2023) automatically
generates prompts based on information obtained
from data cards, and executes everything from data
processing to model design and hyperparameter
tuning. All these approaches use LLMs to man-
age and streamline the entire ML pipeline. Unlike
these studies, the present study uses an OVD to
exploit the commonsense knowledge of LLMs to
design features that attend to objects relevant to
target actions. Moreover, by introducing ICRL, we
optimized the features to maximize action recogni-
tion accuracy.

3 Proposed Method

Overview. Fig. 1 shows the pipeline of the pro-
posed method. In this study, we focus on super-
vised action recognition and training using labeled
videos. The OVD detects the target and nontarget
objects required to recognize the target actions in
each frame of the input video. Next, the detector
outputs and input video are converted by an adapter
into features (hereinafter, object-centric features)
that are fed into the recognizer. The object classes
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are specified by an LLM agent with up to Cipax
candidates.

We adopt a video foundation model (e.g., V-
JEPA2 (Assran et al., 2025)) as the recognizer
and transfer the generalization of features obtained
from pretraining on large-scale datasets by post-
training the recognizer on the target training data.
After learning to classify each action using object-
centric features from the adapter as input to the
recognizer, we evaluate action recognition accu-
racy. Notably, the object-class selection of the
LLM agent is not merely a preprocessing step; it
directly affects the learning of feature extraction in
the feature extraction layers of the recognizer.

To generalize the object-centric features fed
to the recognizer to the target actions, we used
an LLM agent to automatically repeat the train—
evaluate loop and optimize the detected object
classes. The inputs to the LLM agent are instruc-
tions for the generation task (a description of the tar-
get actions and output format) and the training his-
tory of the action recognition model (previously de-
tected object classes and evaluation results). Based
on this history, the LLM agent determines the next
class of objects. This process can be considered as
ICRL, which optimizes the control action of select-
ing object classes, and the optimal object classes
are obtained as byproducts of ICRL.

In the following subsections, we first describe
the proposed ICRL framework, and then detail each
component in the order of computation.

3.1 Training framework based on ICRL

We formulate the proposed method as ICRL that
trains an action recognition model while optimiz-
ing the detected objects. The LLM agent generates
a set of object classes to be detected from the con-
text containing the trial history and receives the
resulting action recognition accuracy as a reward.
We summarize the proposed ICRL framework as
Algorithm 1.

3.1.1 Problem setup and notation

Let the labeled videos for action recognition be
D = {(Xn,yn)}fzvzl. We prepare a training set
Dirain and a validation set Dy, to compute the
rewards and select actions. D, is used to evaluate
the recognizer at the end of each ICRL iteration.
Let ¢ denote the description of the generation
task assigned to the LLLM agent. ¢ comprises text
describing the target dataset, target actions, and
output format, and remains unchanged across iter-

Algorithm 1 ICRL framework of the proposed
method.

Require: Dyynin, Dyal, task description ¢
Require: number of iterations 7", maximum set size Cmax, policy 7y (a]s,c)
Ensure: best object-class set ay,qg¢ and best DNN weights W, oq¢,

1: H«0 (Ho, hence s1 = Ho)
2: apest + 0. Thest < —00, Whest + 0
3: fort=1,..., T do
4: st — H (st = He_1)
5 ap ~ 7wy (- | st,c)
6: at <+ Truncate(at, Cmax)
7: Wi < TrainDNNs(Dyrain; at)
8: r¢ < Accuracy(Dya); at, Wt)
9: H e« [Hyori(ar, 7o) (H « Hy)
10: if 74 > Tpegt then
11 Gbest = > Thest < Tt» Whest + Wi
12: endiif
13: endfor
14:
15: return apest and Wi ogy

ations. State s; observed by the agent at iteration
t comprises only the history H;_; of the previous
control actions a;—; and rewards r;_; of the agent,
defined as follows:

St = Ht—l - (a17r1)7 ceey (at—l7rt—1)7 (1)

where a; denotes the set of object-class texts pro-
vided to the OVD, with a maximum cardinality of
Chax- The reward r, is the action recognition ac-
curacy (e.g., classification accuracy) obtained from
D, after training the action recognition model
based on a;.

3.1.2 Policy and environment

Let the LLM agent policy be my(a | s, c). At each
ICRL iteration ¢, the agent generates a control ac-
tion a; given the concatenated text of the generation
task ¢ and history s;. Given a;, the environment
performs object detection using the OVD, feature
extraction using the adapter, and training and evalu-
ation of action recognition using the recognizer and
classifier to obtain reward r;. The state is updated
as follows:

St41 = H; = [Ht—l; (@tﬂ“t)] (2)

Thus, policy optimization proceeds only through
the in-context learning of the LLM using history
H without parameter updates. Because changes in
the policy are reflected in the recognizer weights
through newly trained action recognition models at
each iteration, the commonsense knowledge of the
LLM is indirectly distilled into the feature extractor
via ICRL.

3.1.3 Termination condition

Our ultimate goal is to obtain a set of object-class
texts proposed by the LLM agent. Therefore, we
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do not impose a strict convergence criterion, as in
standard RL; instead, following a hyperparameter
search, we run a fixed number of iterations up to
a predefined maximum 7. After all the trials, we
select the time step with the highest reward (recog-
nition accuracy) r; on Dy, among {(ay, rt)}thl,

t = arg max 1y, 3)

t

and save the corresponding control action apesy =
a; and DNN weights Wi, (adapter, recognizer,
and classifier) learned in that trial. Thus, the accu-
racy does not need to be improved monotonically
across iterations.

3.2 Extracting object-centric features

Let the set of object-class texts o generated by the
LLM agent be

ar = {Oz’}glv

that we use as detection targets for the OVD. We
adopt the Grounded SAM2 (Ren et al., 2024) as
the OVD and obtain, for each frame, a likelihood
map indicating the presence of each object. Let
the map corresponding to class o; at frame ¢ be
MK(Z) (u,v) € [0, 1], where each location (u, v) has
the likelihood (score) that the object exists. We
denote the vector that stacks the likelihoods over
all the object classes within frame ¢ as

Ct S Cmax> (4)

my(u,v) = [Me(l)(u,v), .. ,Me(ct)(u, v) !

)

To map this vector to a representation that can
be fed into the recognizer, we introduce a position-
independent adapter. Depending on the dataset and
training regime, the adapter is instantiated either as
asingle 1 x 1 linear layer or as a shallow stack of
1 x 1 convolutional blocks with ReLLU activations,
followed by a final 1 x 1 linear layer, to produce a
feature f;(u,v) € RP (see Tab. 10). That is, rather
than manually constructing inputs for the recog-
nizer, as in conventional visual prompts, we learn
optimal weighting and mapping in a data-driven
manner. We stack f; over time to form a video
tensor F € REXHXWXD ([, denotes the number of
frames) and feed into the recognizer, as described
in the next subsection.

3.3 Action classification with a self-supervised
video foundation model

We use the video foundation model V-JEPA2 (As-
sran et al., 2025) as the recognizer. The adapter

output fy(u, v) from the previous subsection is lin-
early projected onto three channels at each pixel
location and added to the original video frame to
form the input to the recognizer. Without modify-
ing the layer configuration, V-JEPA?2 starts training
at the beginning of each ICRL iteration in the pro-
posed method from the weights initialized to the
pretrained parameters for all layers. We construct
a classifier by attaching an attentive probe (Assran
et al., 2025) to the output of the V-JEPA2 archi-
tecture. For the action classification loss, we use
cross-entropy over the target action labels. After
training, we evaluate the action recognition accu-
racy on D, and append the value to the history H
as a reward 7.

4 Experiments

4.1 Datasets

We use SSv2 (Goyal et al., 2017) and Multi-
Sports (Li et al., 2021) (MS) as benchmarks for mo-
tion understanding, and Kinetics-400 (K400) (Kay
et al., 2017) as a benchmark for appearance-based
classification accuracy. SSv2 is a large-scale
dataset collected from YouTube with 174 action
labels, comprising 220,847 trimmed clips, and is
widely used to evaluate action recognition centered
on everyday object manipulations. MultiSports
contains 66 actions related to four sports (basket-
ball, volleyball, soccer, and aerobics), and provides
annotations for 3,200 short clips and 37,701 ac-
tion instances (over 900k box annotations in to-
tal). Kinetics-400 is a large-scale dataset that as-
signs 400 action labels to short clips trimmed from
YouTube. However, because Kinetics-400 tends to
allow background and foreground appearances to
contribute to discrimination, making it suitable for
evaluating the recognition performance based on
appearance features (Huang et al., 2018; Shvetsova
et al., 2025), we use it to compare the robustness
of the baseline methods and that of the proposed
method for appearance-biased recognition.

4.2 Experimental setup

We used action classification accuracy as the eval-
uation metric. In the few-shot setting, following
previous studies (Kim et al., 2024), we trained and
evaluated using only a few labeled training sam-
ples per class. In the full-shot setting, each model
was trained in a supervised manner using the en-
tire training set. We treated the OVD object-class
set as a hyperparameter and optimized it on the
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held-out, diverse validation split D, via ICRL for
model selection, because the test split is never used
during optimization, and this procedure does not
constitute data leakage.

4.3 Implementation details

We used the GPT-5-based ChatGPT (OpenAl) as
the LLM agent and ran five ICRL iterations to op-
timize the target object classes. For the OVD, we
used the small model of Grounded SAM2 (Ren
et al., 2024) and computed a likelihood map of can-
didate objects for each frame. To train the action
recognition model, we used a public implementa-
tion of V-JEPA2 (with a ViT-L (Dosovitskiy et al.,
2021) backbone). Hyperparameters, such as the
solver and learning rate, were initialized from the
V-JEPA2 settings and optimized for each method
and dataset using Optuna (Akiba et al., 2019) (see
Appendix B.1). See Secs. 3.2 and 3.3 for the ar-
chitecture of the action recognition model. Follow-
ing the baseline (Duan et al., 2022), the proposed
method ensembles the recognizer in the same man-
ner as V-JEPA2. The prompt fed to the LLM com-
prises the task description and trial history up to
the previous iteration ¢ — 1, as shown in Listing 2
(see Appendix B.1). During ICRL, we first tuned
the object classes using only one epoch of training
data and then trained for all epochs with the ob-
tained optimal classes to produce the final model
for evaluation.

4.4 Comparison with previous studies
4.4.1 Evaluation under the few-shot setting

Tab. 1 reports action recognition accuracy of previ-
ous methods and that of the proposed method un-
der the few-shot setting. As shown, even V-JEPA2
with simple post-training on a few training samples
achieved higher accuracy than other SOTA meth-
ods. This can be attributed to (i) V-JEPA2 imple-
mented with a ViT-L backbone using a DNN archi-
tecture that is more expressive than SOTA methods
(CPR-CLIP (Song et al., 2025) uses ViT-B) and
(ii) self-supervised pretraining on large-scale video
datasets for motion understanding. Moreover, post-
training the pretrained V-JEPA2 model with the
proposed method further improved the accuracy.

4.4.2 Evaluation under the full-shot setting

Tab. 3 reports action recognition accuracy of pre-
vious methods and the proposed method under the
full-shot setting. In addition to previous methods
that perform pretraining in a self-supervised setting,

the table includes, for reference, previous methods
that either leverage captions or label annotations for
videos, as well as larger-scale models. As shown
in Tab. 3, the proposed method achieves a higher
accuracy than all other approaches based on self-
supervised pretraining.

From the results in Tabs. 1 and 3, we found that
the proposed method transfers the commonsense
knowledge of the LLM to the action recognition
model through the OVD, thereby improving robust-
ness.

4.4.3 Evaluation of a spurious-correlation
benchmark

We further evaluated robustness on Mimet-
ics (Weinzaepfel and Rogez, 2021), a benchmark
designed to assess spurious correlations and short-
cut reliance in action recognition models trained
on Kinetics-400. We compared the proposed
method, structured keypoint pooling (SKP) (Hachi-
uma et al., 2023), a prior robust action recognition
method, and the baseline V-JEPA2, all of which
were trained on Kinetics-400. As shown in Tab. 4,
the proposed method achieved the highest accu-
racy on Mimetics. This result demonstrates the
effectiveness of our method in mitigating spurious
correlations.

4.4.4 Comparison with SOTA MLLMs

To clarify the need for the proposed method, we
compared the full-shot version of our method
trained on SSv2 with recent SOTA MLLMs that
directly process videos end-to-end. As shown in
Tab. 5, the proposed method substantially outper-
forms all MLLM baselines. These results suggest
that current end-to-end MLLMs remain limited in
the fine-grained motion understanding required for
action recognition, whereas the proposed method
more effectively learns action-relevant features
through supervised training on the target dataset.

4.5 Ablation study

In our next experiment, we evaluated the effective-
ness of each component of the proposed method
in a unified experimental setting. For accuracy
evaluation, we used the MultiSports dataset and
trained the action recognition model on a subset
of approximately 5,000 training samples. Model
ensembling, as described in Sec. 4.3, was not em-
ployed in any experiment except for the dedicated
ablation study on ensembling. For the experiments
related to ICRL, we reported the mean accuracy in
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Table 1: Comparison of action recognition accuracy (%) between previous methods

and the proposed method under the few-shot setting.

Table 2: Effectiveness of
ICRL on the MultiSports

dataset. {: mean of three
Ssv2 MS ICRL runs.
Method Param. ‘ 2-shot  4-shot  8-shot | 2-shot 4-shot 8-shot Avg. AAvg.
Vision-Language Pretraining Method ‘ Acc. (%)
. ‘0

TC-CLIP (intat. 2004) 7.3 8.6 9.3
CPR-CLIP L a0s) 0.15B 8.0 9.1 102 gcgg (Duan et al., 2022) 24.8
Max-Pool-CLIP zowea 09 | 03B | 98 116 138 C3D++ 36.1

Static prompts’ 56.9
Self-Supervised Pretraining Prompt pool® 572
V-JEPA2 (assranctat. 2025) 03B 100 205 333 | 229 319 411 | 266 00 Ours’ 59.0
V-JEPA2 + ours . 117 226 361 | 241 337 430 | 285 +7.1 +OO0D-history' 58.4

Table 3: Comparison of action recognition accuracy (%)
between previous methods and the proposed method un-
der the full-shot setting. indicate results
under a favorable setting that uses captions or labels for
pretraining, and/or employs larger-scale models.

K400

Appearance Recog.

SSv2 MS
Param.

Method Motion Recog.

Self-Supervised Pretraining

VideoMAEV1 (ong etal. 2022) 74.3 - 85.2
VideoMAEV2 (wang etat., 2023) 75.7 - 854
MotionMAE (vang etal. 2024) 0.3B 74.6 - 85.3
V-JEPA2 (assran et al., 2025 75.5 83.4 85.9
V-JEPA2 + ours 76.5 844 86.9
Pretraining with Captions and/or Massive Models

MVD (Madan etal.. 2024) 0.3B

InternVideo2 wangetal. 2024) 6B

STAVEQ2 (Rasekn ctal. 2025) 2B

Table 4: Evaluation on Mimetics, a benchmark for spu-
rious correlations in action recognition.

Method | Acc. (%) | A
SKP (stachiuma etal., 2023) 6.7 0.0
V-JEPA2 (assranctat. 2025) 6.7 0.0
V-JEPA2 + ours 8.6 +28.4

over three runs of the ICRL for each method.

4.5.1 Effectiveness of ICRL

Accuracy comparison. First, to validate the con-
tribution of ICRL, we compared the proposed
method with the following four baselines:

* PC3D++: are-implementation of the object-
centric approach PoseConv3D (PC3D) (Duan
et al., 2022) described in Sec. 2.2, updated
with a modern video foundation model. In
this experiment, we implemented PC3D++ by
computing a likelihood map using a skeleton
detector (Wang et al., 2019) within our imple-
mentation.

 Static prompts: a variant without ICRL, in
which the LLM generates object classes only
from the task description without using the
trial history. We run the same number of trials
(T) as in the full method.

Table 5: Comparison of action recognition accuracy (%)
between state-of-the-art end-to-end multimodal LLMs
and the full-shot version of the proposed method trained
on SSv2.

Method | Acc. (%)
Gemini 2.5 Flash (teamctal, 2025 28.2
Gemini 3 Flash 2025 41.2
Gemini 3 Pro (reametat. 2025) 31.1
Ours 76.5

* Prompt pool: a non-ICRL variant that broad-
ens the search space without reward-guided
refinement. The LLM first enumerates ob-
jects relevant to the dataset and then proposes
T plausible combinations of object classes,
where T’ is set to match the number of ICRL
trials.

OOD-history: a variant that injects out-of-
domain ICRL history, obtained from Kinetics-
400, into the in-context conditioning at the
start of ICRL on MultiSports. This baseline
tests whether the proposed method overfits to
the exact trajectory of its own trial history.

Tab. 2 compares these methods on the Multi-
Sports dataset. Compared with PC3D++ and Static
prompts, the proposed method achieved higher ac-
curacy, showing that trial-history-based refinement
is beneficial. The Prompt pool baseline slightly im-
proved over Static prompts, suggesting that increas-
ing the diversity of candidate object sets broad-
ens the search space to some extent. However, its
performance was inferior to that of the proposed
method, indicating that the gain of our method
does not come merely from wider exploration but
from iterative reward-guided trial and error through
ICRL. OOD-history reached 58.4%, only 0.6 points
below the proposed method. This result suggests
that the proposed method is not highly sensitive
to mismatched out-of-domain history injected at
initialization.
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Consistency analysis. Embedding the object-
class lists from all iterations and runs with Chat-
GPT yielded a lower variance for the proposed
method than for the history-free Static prompts
baseline (0.07 vs. 0.10), indicating a more stable
object-selection policy. We observed the same
trend for the LLM’s post-hoc rationales. Following
ICRL on MultiSports, the LLM was prompted to
summarize the reasons for the effectiveness of the
final object composition; the variance of the result-
ing summary embeddings across runs was lower
for the proposed method (0.08 vs. 0.13). These
results suggest that history conditioning in ICRL
converges to a stable and consistent policy ratio-
nale rather than yielding arbitrary trial-dependent
explanations.

Accuracy trend during ICRL. Fig. 2 shows
the evolution of accuracy on the validation split
Dy across ICRL iterations. As the iterations pro-
gressed, the object classes were optimized and the
accuracy improved.

Object-class composition. Listing 1 shows rep-
resentative object classes before and after ICRL
optimization. Before optimization, the set com-
prised mainly sports-agnostic objects and body
parts, whereas after optimization, fine-grained
body parts (torso, forearm, head), and additional
scene-level elements (floor, court, etc.) were
incorporated. Some of these added classes cor-
respond to regions that account for parts of the
background, which encourages the model to sup-
press irrelevant background cues. This observation
is consistent with the qualitative results in Fig. 3,
which visualizes the object-centric features learned
by the proposed method in the RGB space and
shows that the background is visibly darkened.

To directly test this point, we conducted an ab-
lation study on the MultiSports dataset, in which
we removed background-related classes from the
final object composition selected by ICRL while
keeping the training and evaluation protocol un-
changed. The performance decreased substantially
from 59.8% to 54.1% (-5.7%) when these classes
were removed. This result indicates that nontarget
classes are not merely redundant additions to the
prompt set. Instead, they serve as minimal scene an-
chors that help the model retain an action-relevant
context while suppressing distracting cues.

2
3

Accuracy (%)
%

3 4 5
Iteration

Figure 2: Transition of
action recognition accuracy
(%) during ICRL iterations

Figure 3: Visualization
of object-centric fea-
tures in the proposed

(mean of three ICRL runs). method.
# Before ICRL # After ICRL
object_classes_before = [ object_classes_after = [
"person”, "ball", "person”, "ball”,
"net", "hoop”, "goalpost”, "net"”, "hoop", "goalpost”,
"arm”, "leg"”, "foot" "arm”, "leg", "foot",
] "torso"”, "forearm”,
"head”, "floor", "court”,
"grass", "rim”
]

Listing 1: Examples of object classes before and after
ICRL optimization on the MultiSports dataset.

4.5.2 Comparison with an AutoML method

We evaluated the effectiveness of the proposed
method by leveraging LLMs and comparing the
recognition accuracy with that of an AutoML-
based learning method that uses LLMs. As a base-
line, we used a variant in which only the action
recognition model component of our implementa-
tion was implemented by an LLM agent, as in a
previous study (Trirat et al., 2025). This ensured a
fair comparison by sharing implementation details
unrelated to the learning capability of the action
recognition model, such as video preprocessing
and evaluation protocols, across methods. Simi-
lar to the proposed method, the baseline iteratively
improves the implementation via ICRL, using the
implemented model and evaluation results as the
state. Tab. 6 lists the recognition accuracy of the
proposed method and that of the baseline. The
proposed method achieved higher accuracy than
the baseline. This result suggests that although
the baseline LL.M-agent implementation (see Ap-
pendix B.2.2) remains a combination of existing
knowledge, the proposed method can exploit the
commonsense knowledge of the LLM to discover
object-centric features.

4.5.3 Component-wise design

Adapter outputs. The detector likelihood maps
are converted by the adapter and used as input to
the recognizer. Motivated by a prior study (Xie
et al., 2022), we tested on the MultiSports dataset
whether the three-channel projection causes infor-
mation loss by comparing it with a no-compression
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Table 7: Ablation
study on LLM
selection on

Table 6: Comparison of ac-
tion recognition accuracy be-
tween an LLM-based Au-

toML method and the pro- the MultiSports
posed method on the Multi- dataset (mean of
Sports dataset (mean of three three ICRL runs).
ICRL runs).
Method  |Acc. (%)
Method | Ace. (%) ChatGPT-4o| 56.2
AutoML-based method| 263 ChatGPTS | 590
Ours 59.0

variant that directly uses the likelihood maps as
input. We observed no significant differences in ac-
curacy, suggesting that the three-channel projection
is sufficient in our setting.

LLM selection. Tab. 7 compares accuracy when
switching between two LLMs used for ICRL in the
proposed method. As the learned action recogni-
tion accuracy improves with LLM capability, this
indicates that the commonsense knowledge of the
LLM directly influences the trial-and-error process
of training the action recognition model and im-
proves generalization.

4.5.4 Statistical validation across repeated
runs

Because the gains in Tab. 3 are obtained on strong
pretrained backbones, their absolute magnitude is
modest. To verify that these gains are not due to
random variations, we further evaluated V-JEPA2
and the proposed method across repeated runs with
matched random seeds. For each dataset, we re-
ported the mean and standard deviation of accu-
racy, the 95% confidence interval computed from
the ¢-distribution, and the p-value of a paired ¢-test
against V-JEPA2. Tab. 8 shows that the proposed
method consistently outperformed V-JEPA2 across
repeated runs. Despite the modest absolute gains,
the improvements were stable and statistically sig-
nificant.

4.5.5 Compute analysis

Because the proposed method introduces additional
design choices through the OVD and ICRL, we
also compared it with a stronger V-JEPA?2 baseline,
whose number of MoE experts was scaled such
that its accuracy approached that of the proposed
method. For the baseline, we tuned the standard
optimization hyperparameters, namely the learn-
ing rate (LR) and weight decay (WD), whereas
for the proposed method, we additionally tuned
the ICRL object specification. Table 9 reports the

Table 8: Statistical validation over repeated runs under the
full-shot setting. We report the mean + standard deviation of
accuracy (%), 95% confidence interval (CI; ¢-distribution),
and the p-value of a paired ¢-test against V-JEPA2.

Dataset Method ‘Mean +Std 95% CI p-value

SSv2 V-JEPA2 (assunctar,2005) | 75.4 £ 0.16 75.4 4+ 0.39
V-JEPA2 + ours 76.4 +0.12 76.4 +0.30 0.0215

MS V-JEPA2 (assranctar, 2025) | 83.3 £ 0.06 83.3 +0.15
V-JEPA2 + ours 84.3 +0.07 84.3 +0.18 0.0003

K400 V-JEPA2 (assrancrar, 2025) | 85.9 = 0.02 85.9 & 0.05
V-JEPA2 + ours 86.8 + 0.13 86.8 +0.33 0.0053

Table 9: Comparison of tuning and inference costs on
the MultiSports dataset.

Acc. Search time Infer. time

Method ‘ Search space ‘

(%) (GPU-hours) (ms)
V-JEPA2 (asstan etal. 2025) {LR,WD} 59.2 145 1812
V-JEPA2 + ours {LR,WD} +ICRL | 59.8 38 764

resulting accuracy together with the hyperparame-
ter search time and inference time. The proposed
method achieved higher accuracy than the scaled
V-JEPA2 baseline while requiring less hyperparam-
eter search time and shorter inference time. These
results indicate that the proposed method provides
a better accuracy—efficiency trade-off in both tun-
ing and inference.

5 Conclusion

This study focused on the trade-off that action
recognition based on video foundation models
is prone to spurious correlations/shortcut learn-
ing, whereas object-centric approaches suffer from
missing information, which can limit accuracy.
To mitigate this trade-off, we proposed a frame-
work that leveraged the commonsense knowledge
of LLMs regarding human actions and, within
an agentic learning paradigm, integrated the two
approaches via an LLM agent to design motion
features tailored to the target actions. The LLM
agent used an OVD to instruct the video foundation
model with the target and nontarget objects in the
video to make the video foundation model attend
to the objects in the video required to recognize the
target actions. The composition of the detected ob-
jects was optimized for the target actions through
ICRL using the commonsense knowledge of the
LLM. Experiments on multiple public datasets and
an ablation study confirmed the robustness of the
features learned by the proposed method and the
effectiveness of ICRL.
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6 Limitations

The proposed framework combines a video foun-
dation model, an OVD, and an LLM agent to learn
object-centric features and thus inherits the limita-
tions of each component and their interactions.

* Dependence on OVD quality. Missed de-
tections, imprecise localization, and unstable
likelihood maps (e.g., under occlusion, mo-
tion blur, or small objects) directly degrade
the extracted object-centric features and down-
stream recognition accuracy.

* LLM sensitivity and reproducibility. Per-
formance can vary with the selected LLM, de-
coding stochasticity, and prompt design; this
also introduces additional cost and potential
deployment constraints.

e ICRL stability and efficiency. ICRL may
require multiple iterations to converge and can
be sensitive to the trial history quality, thereby
increasing the overall training budget.

6.1 Ethical considerations

Data provenance and consent. This work re-
lies exclusively on established, publicly available
datasets (SSv2, MultiSports, and Kinetics-400); no
new human-subject data were collected. We have
complied with each dataset’s license and terms of
use. We have not attempted to re-identify individu-
als or infer protected attributes.

Dual-use and misuse. Applications such as activ-
ity understanding, rehabilitation, and assistive tech-
nologies are socially beneficial; however, the same
techniques could be misused for covert surveil-
lance, occupancy tracking, or inference of sensitive
behaviors without consent. We oppose and do not
condone such uses. To mitigate dual-use risks, we
will avoid distributing models tuned for identity
attribution.
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A Related Work

A.1 Vision-language pretraining

Breakthrough progress in vision—language pre-
training began with CLIP (Radford et al., 2021),
which contrastively learns encoded language and
vision embeddings. Subsequently, vision—language
pretraining research has evolved into multimodal
LLMs that combine visual tokens extracted from
videos with LLMs. For instance, Qwen (Yang et al.,
2025a) and InternVL (Wang et al., 2025b) aligned
the outputs of a vision encoder to the inputs of
an LLM, achieving strong performance in vari-
ous vision—-language tasks, such as captioning and
dialogue. By contrast, InternVideo (Wang et al.,
2025c¢) and VideoPrism (Zhao et al., 2024) combine
vision—language pretraining with self-supervised
learning to obtain representations that capture tem-
poral motion in videos. These methods are zero-
shot approaches that generate responses based on
video content for a user query; when supervised
learning is performed, they can be adapted to a tar-
get dataset via post-training by adding modules or
heads. However, captions used in previous stud-
ies do not fully describe video content and have
relatively little information, whereas the input to
the vision encoder is a highly redundant spatiotem-
poral video volume compared with text. Conse-
quently, spurious correlations and shortcut learning
can occur, where the model mistakenly attends to
backgrounds or object co-occurrences unrelated to
the target actions, thereby reducing the robustness
of motion-understanding tasks (Steinmann et al.,
2025; Kis et al., 2025). We adopt the motion-
understanding-focused approaches (see Sec. 2.1)
to avoid these issues arising from the reliance on
vision—language pretraining.

B Experiments

B.1 Implementation details

The prompt fed to the LLM comprised the task
description and trial history up to the previous iter-
ation, as shown in Listing 2.

Tab. 10 reports the hyperparameters optimized
for each dataset in our experiments.
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Table 10: Hyperparameters tuned for each dataset.

Parameter ‘ SSv2 MultiSports Kinetics-400

Epochs (full-shot) 5 20 5

Epochs (few-shot) 25 20 -

Batch Size 4 8 4

Learning Rate (full-shot) 2.0 %107 7.6 X107 1.0 x10*

Learning Rate (few-shot) 1.0 x10* 7.6 107 -

Weight Decay 1.4 x107 6.7 x10°° 1.4 x107

Adapter (full-shot) {1x1 conv. + ReLU} x 4 — 1x1 conv. 1x1 conv. 1x1 conv. + ReLU x 4 — 1x1 conv.
Adapter (few-shot) 1x1 conv. 1x1 conv. + ReLU x 3 — 1x1 conv.

Adapter (ablation study) - 1x1 conv.

Table 11: Ablation study with the InternVideo-Next
backbone on the MultiSports dataset.

Method | Acc. (%)
InternVideo-Next (wang et al. 20250 59.8
InternVideo-Next + ours 62.8

B.2 Ablation study

B.2.1 Component-wise design

InternVideo-Next backbone. Tab. 11 compares
action recognition accuracy on the MultiSports
dataset when using InternVideo-Next (Wang et al.,
2025a) as the recognizer backbone. The proposed
method improves the accuracy, demonstrating that
it can effectively enhance InternVideo-Next. This
result suggests that the proposed object-centric fea-
ture learning is also beneficial when combined with
a strong video foundation model beyond the default
recognizer used in our main experiments.

B.2.2 Comparison with LLM-based AutoML
methods

We provide the LLM-generated source code used

to implement the final action recognition model

under the baseline ICRL setting in Listing 3 (see
Sec. 4.5.2).
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Listing 2: Example of prompt input to the LLM during
ICRL in the proposed method.

Listing 3: Source code of action recognition model
implemented using LLM-based AutoML method.

You are an adaptive reasoning agent collaborating on the
framework. Using the class label set and the iteration
history, propose improved prompts to enhance classification
performance.

Your primary goal is to analyze the iteration history to
identify weaknesses and propose optimized prompt sets that
directly improve overall and class-wise classification
accuracy. Focus on data-driven adjustments that lead to
measurable accuracy gains.

In each new round, adjust gradually with a few edits,
avoiding large jumps to prevent training complexity.

## Output Format Instructions

CRITICAL: Output prompts as a plain text list, one per line,
following these rules STRICTLY:

- Each line = one single, atomic visual concept (short noun/

noun phrase)

- NO headers, titles, numbering, or explanations

- Do not include any other text before or after the list

Note: open-vocabulary object detector uses Grounded SAM2.
Keep prompts simple and atomic (single concept; avoid commas
, slashes, logic words, or compound phrases), as complex
prompts are not reliably recognized.

## Instructions

* Diagnose likely causes of low accuracy (e.g., missing
contextual cues, insufficient body-part/object coverage,
ambiguous wording).

* Design prompts that better capture discriminative evidence
for underperforming classes while keeping the vocabulary

concise and generalizable.

* Prefer compact, single-concept phrases suitable for open-

vocabulary object detector (Grounded SAM2-friendly).

* Prompt Count Policy (soft guidance): expand cautiously and
incrementally; prefer swapping out weak cues over adding

many new ones at once.

## Framework
We propose an agent that turns commonsense into adaptive
feature redesign for action recognition. For each action, a
language model proposes a set of evidence-bearing entities (
objects, targets, body parts). These cues are localized in
video via a text-conditioned open-vocabulary object detector
(Grounded SAM2), yielding spatio-temporal regions that
guide representation. The agent then rewires the extractor
on the fly via region-conditioned routing/adapters to
emphasize actor-object interactions and suppress background
bias. Learning proceeds in a closed loop: class-level
rewards from recognition performance and attribution
consistency drive in-context reinforcement learning over the
textual cues, implemented as iterative prompt edits without
updating the language model's weights, followed by renewed
localization and feature updates. Thus, prompts, detections,
and features co-evolve as a single trainable pipeline.

## Classification Target Set

["aerobic push up”, "aerobic helicopter”, "volleyball serve
", "volleyball block"”, "football shoot”, "football dribble”,
"basketball pass”, "basketball block"]

## Iteration History

### Iteration 1

Prompts: ["person”, "ball"”, "net", "hoop"”, "goalpost”, "arm
", "leg", "foot"]

Overall Accuracy: 57.900%

Class-wise Accuracy:
aerobic push up: 0.00%
aerobic helicopter: 100.00%
volleyball serve: 82.03%
volleyball block: 96.73%
football shoot: 1.96%
football dribble: 88.57%
basketball pass: 93.91%
basketball block: 0.00%

### Iteration 2

import torch

import torch.nn as nn

import torch.nn.functional as F
from typing import List, Optional

def _pick_num_groups(num_channels: int, max_groups: int =
32) -> int:
for g in range(min(max_groups, num_channels), @0, -1):
if num_channels % == 0:
return g
return 1

class DropPath(nn.Module):
def __init__(self, drop_prob: float = 0.0):
super().__init__Q)
self.drop_prob = float(drop_prob)

def forward(self, x: torch.Tensor) -> torch.Tensor:
if self.drop_prob == 0.0 or not self.training:
return x
keep_prob = 1.0 - self.drop_prob
shape = (x.shapel[0],) + (1,) * (x.ndim - 1)
random_tensor = keep_prob + torch.rand(shape, dtype=
x.dtype, device=x.device)
random_tensor.floor_()
return x.div(keep_prob) * random_tensor

class SE3D(nn.Module):
def __init__(self, channels: int, reduction: int = 16):

super () .__init__()
hidden = max (8, channels // reduction)
self.fcl = nn.Conv3d(channels, hidden, kernel_size
=1, bias=True)
self.fc2 = nn.Conv3d(hidden, channels, kernel_size
=1, bias=True)

def forward(self, x: torch.Tensor) -> torch.Tensor:
y = F.adaptive_avg_pool3d(x, output_size=1)
y = F.gelu(self.fcl1(y))
y = torch.sigmoid(self.fc2(y))
return x * y

class BottleneckR2Plus1D(nn.Module):
expansion = 4

def __init__(
self,
inplanes: int,
planes: int,
stride_t: int = 1,
stride_s: int = 1,
use_se: bool = False,
drop_path: float = 0.0,
layer_scale_init: float = 1e-6,

super () .__init__()

mid = planes

self.convl = nn.Conv3d(inplanes, mid
stride=1, padding=0, bias=False)
self.gnl = nn.GroupNorm(_pick_num_groups(mid), mid)

kernel_size=1,

self.conv2_sp = nn.Conv3d(
mid, mid, kernel_size=(1, 3, 3),
stride=(1, stride_s, stride_s),
padding=(@, 1, 1), bias=False
)
self.gn2_sp = nn.GroupNorm(_pick_num_groups(mid),
mid)

self.conv2_t = nn.Conv3d(
mid, mid, kernel_size=(3, 1, 1),
stride=(stride_t, 1, 1), padding=(1, @, @), bias

=False
)
self.gn2_t = nn.GroupNorm(_pick_num_groups(mid), mid
)

self.se = SE3D(mid) if use_se else None

out_channels = planes * self.expansion
self.conv3 = nn.Conv3d(mid, out_channels,
kernel_size=1, stride=1, padding=0, bias=False)
self.gn3 = nn.GroupNorm(_pick_num_groups (
out_channels), out_channels)
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self.downsample = None

if stride_t != 1 or stride_s != 1

out_channels:

self.downsample = nn.Sequential (

nn.Conv3d(inplanes, out_channels,
kernel_size=1, stride=(stride_t,
stride_s), bias=False),
nn.GroupNorm(_pick_num_groups(out_channels),
out_channels),

or inplanes !=

stride_s,

)

self.drop_path = DropPath(drop_path)

0.0 else nn.Identity()

self.gamma = nn.Parameter (torch.ones(out_channels) x*
layer_scale_init)

if drop_path >

def forward(self, x:
identity = x

torch.Tensor) -> torch.Tensor:

out = self.convl(x)
out = F.gelu(self.gnl(out))

out = self.conv2_sp(out)
out = F.gelu(self.gn2_sp(out))

out = self.conv2_t(out)
out = F.gelu(self.gn2_t(out))

if self.se is not None:
out = self.se(out)

out = self.conv3(out)
out = self.gn3(out)

out = self.drop_path(out) * self.gamma.view(l, -1,

1, 1, 1

if self.downsample is not None:
identity = self.downsample(x)

out = F.gelu(out + identity)
return out

class VideoEncoder3D(nn.Module):

Hierarchical 3D CNN encoder with R(2+1)D SE bottlenecks.
Temporal downsampling: 16 -> 8 (stem) -> 4 (stagel),
then keep T=4

Spatial downsampling: 256 -> 64 (stem)
-> 4

Returns multi-scale features:

-> 32 -> 16 -> 8

- s2: [B, 512, 4, 16, 16]
- s3: [B, 1024, 4, 8, 8]
- s4: [B, 1024, 4, 4, 4]

def __init__(self,
float = 0.1):
super (). __init__()

in_channels: int = 3, drop_path_rate:

stem_out = 64

self.stem = nn.Sequential(
nn.Conv3d(in_channels, stem_out, kernel_size=(3,
7, 7), stride=(2, 4, 4), padding=(1, 3, 3),
bias=False),
nn.GroupNorm(_pick_num_groups(stem_out),

stem_out),
nn.GELU(),
)
dpr = [x.item() for x in torch.linspace (0,

drop_path_rate, steps=3 + 4 + 6 + 3)]

self.layer1 = nn.Sequential(
BottleneckR2Plus1D(stem_out, 64, stride_t=2,
stride_s=2, use_se=False, drop_path=dpr[0]),
BottleneckR2Plus1D (64 * 4, 64, stride_t=1,
stride_s=1, use_se=False, drop_path=dpr[1]),
BottleneckR2Plus1D (64 * 4, 64, stride_t=1,
stride_s=1, use_se=False, drop_path=dpr[2]),

) # -> [B, 256, 4, 32, 32]

self.layer2 = nn.Sequential(

BottleneckR2Plus1D (64 * 4, 128, stride_t=1,

stride_s=2, use_se=False, drop_path=dpr[3]),
BottleneckR2P1lus1D (128 * 4, 128, stride_t=1,
stride_s=1, use_se=False, drop_path=dpr[4]),
BottleneckR2Plus1D (128 * 4, 128, stride_t=1,
stride_s=1, use_se=False, drop_path=dpr[5]),
BottleneckR2Plus1D (128 * 4, 128, stride_t=1,

stride_s=1, use_se=False,
) # ->[B, 512, 4, 16, 16]

drop_path=dpr[6]),

self.layer3 = nn.Sequential(
BottleneckR2Plus1D (128 * 4, 256, stride_t=1
stride_s=2, use_se=True, drop_path=dpr[7]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[8]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[9]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[10]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[11]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[12]),

) # -> [B, 1024, 4, 8, 8]

self.layer4 = nn.Sequential(
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=2, use_se=True, drop_path=dpr[13]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[14]),
BottleneckR2Plus1D (256 * 4, 256, stride_t=1,
stride_s=1, use_se=True, drop_path=dpr[15]),

) # -> [B, 1024, 4, 4, 4]

self._init_weights ()

def _init_weights(self):
for m in self.modules():

if isinstance(m, nn.Conv3d):
n.init.kaiming_normal_(m.weight,
fan_out', nonlinearity='relu')
if m.bias is not None:

n.init.zeros_(m.bias)

elif isinstance(m, nn.GroupNorm):
n.init.ones_(m.weight)
n.init.zeros_(m.bias)

mode="

def forward(self, x: torch.Tensor):
x = self.stem(x) # [B, 64, 8, 64, 64]

x = self.layeri1(x) # [B, 256, 4, 32, 32]
s2 = self.layer2(x) # [B, 512, 4, 16, 16]
s3 = self.layer3(s2) # [B, 1024, 4, 8, 8]
s4 = self.layer4(s3) # [B, 1024, 4, 4, 4]
return {"s2": s2, "s3": s3, "s4": s4}
class TransformerBlock(nn.Module):

def __init__(self, embed_dim: int, num_heads: int,

mlp_ratio: float = 4.0, dropout: float = 0.1):
super () .__init__()
self.norm1 = nn.LayerNorm(embed_dim)

self.attn = nn.MultiheadAttention(embed_dim,
num_heads, dropout=dropout, batch_first=True)
self.norm2 = nn.LayerNorm(embed_dim)

hidden = int(embed_dim * mlp_ratio)

self.mlp = nn.Sequential(

nn.Linear (embed_dim, hidden),
nn.GELU(),

nn.Dropout (dropout),
nn.Linear (hidden, embed_dim),

nn.Dropout (dropout),

)

def forward(self, x: torch.Tensor) -> torch.Tensor:
x = x + self.attn(self.norm1(x), self.norml(x), self
.norml1(x), need_weights=False)[0]
x = x + self.mlp(self.norm2(x))
return x

class TransformerEncoder (nn.Module):
def __init__(self, depth: int, embed_dim: int, num_heads
int, mlp_ratio: float = 4.0, dropout: float = 0.1):

super () .__init__()
self.blocks = nn.ModuleList([TransformerBlock(
embed_dim, num_heads, mlp_ratio, dropout) for _ in
range (depth)1)

def forward(self, x: torch.Tensor) -> torch.Tensor:
for blk in self.blocks:
x = blk(x)
return x

def sinusoidal_positional_encoding_from_positions(positions:

torch.Tensor, dim: base: -> torch
Tensor:
assert dim % 2 ==
for sinusoidal encoding.”
device = positions.device
inv_freq = 1.0 / (base *x (torch.arange(9,

device=device).float() / dim))

int, float = 10000.0)

dim, 2,

"Embedding dimension must be even
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pos = positions.unsqueeze(-1) * inv_freq
pe = torch.cat([torch.sin(pos), torch.cos(pos)], dim=-1)
return pe

def fixed_sinusoidal_encoding(length: int, dim: int, device:
torch.device) -> torch.Tensor:
assert dim % 2 ==
position = torch.arange(length, device=device).float().
unsqueeze (0)
return sinusoidal_positional_encoding_from_positions(
position, dim)

class TemporalMotionGate (nn.Module):
def __init__(self, alpha: float = 0.5, eps: float = 1le
-6):
super().__init__Q)
self.alpha = nn.Parameter(torch.tensor(alpha, dtype=
torch.float32))
self.eps = eps

@staticmethod

def _rgb_to_gray(x: torch.Tensor) -> torch.Tensor:
r, g, b =x[:, o], x[:, 11, x[:, 2]
return 0.2989 * r + 0.5870 * g + 0.1140 * b

def forward(self, clip: torch.Tensor, T_out: int) ->
torch.Tensor:

gray = self._rgb_to_gray(clip) # [B
, 16, H, W]
dt = torch.abs(gray[:, 1:1 - grayl:, :-11) # [B
, 15, H, W]
dt = F.pad(dt, (0, 0, 0, @, 1, 0)) # [B
, 16, H, W]

mean = dt.mean(dim=[1, 2, 3], keepdim=True)

std = dt.std(dim=[1, 2, 3], keepdim=True) + self.eps
dt_norm = (dt - mean) / std

dt_vec = dt_norm.mean(dim=[2, 3], keepdim=False) #

[B, 161

dt_vec = dt_vec.unsqueeze (1) #
[B, 1, 16]

dt_resampled = F.interpolate(dt_vec, size=T_out,
mode="'linear ', align_corners=True).squeeze(1) # [B,
T_out]

gate = 1.0 + torch.clamp(self.alpha, 0.3, 1.5) *
torch.tanh(dt_resampled)
return gate # [B, T_out]

class CosineClassifier(nn.Module):
def __init__(self, in_dim: int, num_classes: int, scale:
float = 20.0):

super () .__init__()
self.weight = nn.Parameter (torch.randn(num_classes,
in_dim))
nn.init.xavier_uniform_(self.weight)
self.scale = nn.Parameter(torch.tensor(scale, dtype=
torch.float32))

def forward(self, x: torch.Tensor) -> torch.Tensor:
x_norm = F.normalize(x, dim=-1)
w_norm = F.normalize(self.weight, dim=-1)
logits = self.scale * F.linear(x_norm, w_norm)
return logits

class VideoActionRecognitionModel (nn.Module):
High-accuracy action recognition with:
- Hierarchical 3D CNN encoder (R(2+1)D + SE + DropPath
)
- Multi-scale temporal tokens per clip (stages s2/s3/
s4)
- Positional encodings: time (from clip_indices),
segment, view, scale
- Temporal motion gating
- Per-clip temporal transformer
- Global transformer across all clips (segments x
views x scales)
- Cosine classifier

Forward:
clips: List[num_segments][num_views_per_segment] of [B
, 3, 16, 256, 256]
clip_indices: Optional[List[num_segments]] of [B, 16]
Returns:
[B, 661 logits

o

def __init__(
self,
num_classes: int = 66,
embed_dim: int = 1024,
per_clip_depth: int = 2,

per_clip_heads: int = 16,
global_depth: int = 6,
global_heads: int = 16,

dropout: float = 0.1,

super () .__init__()
self.num_classes = num_classes
self.embed_dim = embed_dim # REQUIRED attribute

# Encoder
self.encoder = VideoEncoder3D(in_channels=3,
drop_path_rate=0.1)

# Stage projections to embed_dim

self.stage2_proj = nn.Sequential(nn.LayerNorm(512),
nn.Linear (512, embed_dim))

self.stage3_proj = nn.Sequential(nn.LayerNorm(1024),
nn.Linear (1024, embed_dim))

self.stage4_proj = nn.Sequential(nn.LayerNorm(1024),
nn.Linear (1024, embed_dim))

# Scale embeddings

self.scale_embeds = nn.Parameter(torch.randn(3,
embed_dim))
nn.init.trunc_normal_(self.scale_embeds, std=0.02)

# Positional encoding scales: [time, segment, view,
scale]
self.pos_scales = nn.Parameter (torch.ones(4))

# Segment/view id MLPs

self.segment_mlp = nn.Sequential(
nn.Linear (1, embed_dim // 2),
nn.GELU(),
nn.Linear (embed_dim // 2, embed_dim),

)

self.view_mlp = nn.Sequential(
nn.Linear (1, embed_dim // 2),
nn.GELU(),
nn.Linear (embed_dim // 2, embed_dim),

)

# Temporal motion gate
self.motion_gate = TemporalMotionGate(alpha=0.5)

# Per-clip temporal transformer
self.per_clip_transformer = TransformerEncoder (depth
=per_clip_depth, embed_dim=embed_dim, num_heads=
per_clip_heads, dropout=dropout)

# Global fusion transformer

self.cls_token = nn.Parameter(torch.zeros(1, 1,
embed_dim))

nn.init.trunc_normal_(self.cls_token, std=0.02)
self.global_transformer = TransformerEncoder (depth=
global_depth, embed_dim=embed_dim, num_heads=
global_heads, dropout=dropout)

# Final pooling and classifier
self.final_norm = nn.LayerNorm(embed_dim)
self.classifier = CosineClassifier (embed_dim,
num_classes, scale=20.0)

# Init linear layers
for m in [self.stage2_proj, self.stage3_proj, self.
stage4_proj, self.segment_mlp, self.view_mlp]:
for 1 in m.modules():
if isinstance(l, nn.Linear):
n.init.xavier_uniform_(l.weight); nn.
init.zeros_(l.bias)

@staticmethod

def _spatial_pool(x: torch.Tensor) -> torch.Tensor:
return x.mean(dim=[-1, -2]) # [B, C, T] -> [B, C, T
]

def _compute_time_pos(self, B: int, T: int, device:
torch.device, clip_indices_b16: Optional[torch.Tensor])
-> torch.Tensor:
if clip_indices_b16 is None:
time_pe = fixed_sinusoidal_encoding(T, self.
embed_dim, device=device).expand(B, -1, -1).
contiguous ()
else:
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idx = clip_indices_b16.float().unsqueeze(1) # [

B, 1, 16]

idx_down = F.interpolate(idx, size=T, mode="
linear ', align_corners=True).squeeze(1) # [B, T
]

time_pe =

sinusoidal_positional_encoding_from_positions(
idx_down, self.embed_dim) # [B, T, C]
return time_pe

def _segment_pos(self, B: int, T: int, segment_id: int,
device: torch.device) -> torch.Tensor:
seg_norm = torch.tensor ([[float(segment_id)1],
device=device)
seg_pe = self.segment_mlp(seg_norm) # [1, C]
seg_pe = seg_pe.unsqueeze(1).expand(B, T, -1).

contiguous ()

# Scale embeddings per scale
return seg_pe

scale2 = self.scale_embeds[0].view(1, 1, -1)
def _view_pos(self, B: int, T: int, view_id: int, device -@pend@, G2.ciepalll, =0)
N scale3 = self.scale_embeds[1].view(1, 1, -1)
torch.device) -> torch.Tensor:
view_norm = torch.tensor ([[float(view_id)]], device= -G, Ed.slepalil, =i)
- - . - ! B scale4 = self.scale_embeds[2].view(1, 1, -1)

device)

view_pe = self.view_mlp(view_norm) # [1, C]
view_pe = view_pe.unsqueeze(1).expand(B, T, -1).
contiguous ()

return view_pe

.expand (B, t4.shapel[1], -1)

# Add positional signals

t2 = t2 + self.pos_scales[0] * time_pe +
self.pos_scales[1] * seg_pe + self.
pos_scales[2] * view_pe + self.pos_scales[3]
* scale2

t3 = t3 + self.pos_scales[0] * time_pe +
self.pos_scales[1] * seg_pe + self.

pos_scales[2] * view_pe + self.pos_scales[3]
* scale3

t4 = t4 + self.pos_scales[0] * time_pe +

self.pos_scales[1] * seg_pe + self.

pos_scales[2] * view_pe + self.pos_scales[3]
* scale4

def forward(self, clips: List[List[torch.Tensor]],
clip_indices: Optional[List[torch.Tensor]] = None) ->
torch.Tensor:

assert isinstance(clips, (list, tuple)) and len(

clips) > @

num_segments = len(clips)

B = clips[@][@].shape[0Q]

device = clips[0][@].device

all_tokens = [] # Per-clip temporal refinement over multi-

scale tokens combined

clip_tokens = torch.cat([t2, t3, t4], dim=1)
# [B, 12, C]

clip_tokens = self.per_clip_transformer(

clip_tokens) # [B, 12, C]

all_tokens.append(clip_tokens)

for s_idx in range(num_segments):
segment_clips = clips[s_idx]
num_views = len(segment_clips)

for v_idx in range(num_views):
clip = segment_clips[v_idx] # [B, 3, 16,
256, 2561
feats = self.encoder(clip) # dict of multi
-scale features
# Spatial pooling -> [B, C_stage, T]

# Concatenate all clips along sequence
if len(all_tokens) == 1:
seq = all_tokens[0] # [B, L, C]

= i neon clges
;?2_ i;lf.,spatlal,pool(feats[ 27 & 1 seq = torch.cat(all_tokens, dim=1) # [B,
s3 = self._spatial_pool(feats["s3"]) # [B, total L, C]
1024, 4]
z ; DD # Add CLS
732; SZ§F.,spatlal,pool(Feats[ s4"1) # [B, cls_tok = self.cls_token.expand(B, 1, self.embed_dim

).to(device=device, dtype=seq.dtype)
seq = torch.cat([cls_tok, seql, dim=1) # [B, 1 + L,

# Transpose to [B, T, C_stagel] ]

s2 = s2.transpose(1, 2).contiguous()
s3 = s3.transpose(l, 2).contiguous()

s4 = s4.transpose(l, 2).contiguous() & Glebal fsicn

fused = self.global_transformer(seq) # [B, 1 + L, C

# Project to embed_dim ]

t2 = self.stage2_proj(s2) # [B, 4, C]
t3 = self.stage3_proj(s3) # [B, 4, C]
t4 = self.staged4_proj(s4) # [B, 4, C]

# Pool: combine CLS with mean of non-CLS

cls_feat = fused[:, 0]

mean_feat = fused[:, 1:].mean(dim=1) if fused.shape
[1]1 > 1 else cls_feat

# Motion: gating on/ T=4, replicated across feat = self.final_norm(@.5 * (cls_feat + mean_feat))

scales

gate = self.motion_gate(clip, T_out=t2.shape
011 # [B, 41

gate = gate.unsqueeze(-1) # [B, 4, 1]

logits = self.classifier(feat) # [B, num_classes]
return logits

t2 = t2 * gate
t3 = t3 * gate
t4 = t4 * gate

# Positional encodings
clip_idx = None
if clip_indices is not None:

assert len(clip_indices) == num_segments
clip_idx = clip_indices[s_idx] # [B,
16]

time_pe = self._compute_time_pos(B, t2.shape
[1], device, clip_idx) # [B, 4, C]
seg_pe = self._segment_pos(B, t2.shape[1],

s_idx, device) # [B, 4, C]
view_pe = self._view_pos(B, t2.shape[1],
v_idx, device) # [B, 4, C]
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