
JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 1

Label-Guided Knowledge Distillation for 3D-CNNs in Action

Recognition
Yanjiang Shi, Peng Zhao Member, IEEE, Nan Qi, Guiqin Wang,

Abstract—As a key model compression technique, knowledge
distillation aims to transfer knowledge from a high-capacity
teacher model to a lightweight student model for enhancing
the latter’s performance. In this work, we reviewed the fea-
ture knowledge distillation for 3D-CNNs and observed that
most feature distillation methods in video analysis are simple
adaptations of those used in image analysis, often neglecting
the differences of video features in the temporal dimension.
To address this issue, we proposed Label-Guided Knowledge
Distillation (LGKD) to guide the distillation of student model
features using ground truth labels. Our method entails two
components: sample-wise distillation and class-wise distillation,
enabling the student model to learn feature representation of
the teacher model at two levels. Sample-wise distillation utilizes
label information and the teacher’s probability distribution to
guide the learning of features that significantly impact temporal
accuracy while mitigating noise. Meanwhile, class-wise feature
distillation employs a prototype network to further capture
the relational knowledge among samples within the same cate-
gory, enhancing the student’s ability to learn higher-dimensional
semantic information and improving model generalization. To
demonstrate the effectiveness and superiority of our method,
we conducted comprehensive experiments on two benchmark
action recognition datasets, UCF101 and HMDB51, achieving
competitive results.

Index Terms—Knowledge Distillation, Model Compression,
Prototype Network

I. INTRODUCTION

IN recent years, deep learning has been increasingly applied
to video understanding. As a fundamental task in this

field, action recognition has garnered significant attention
from both academia and industry. Deep learning models for
video analysis can be broadly categorized into two architec-
tures: 3D convolutional neural networks (3D-CNNs) and video
transformers [1]. While 3D-CNNs have evolved considerably,
achieving higher accuracy through increased model depth, this
also results in a greater number of parameters and higher com-
putational complexity. Consequently, deploying these high-
precision models on resource-constrained devices remains
challenging. Knowledge distillation (KD), a key model com-
pression technique, addresses this issue by transferring knowl-
edge from a high-accuracy, computationally intensive teacher
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model to a lightweight, lower-accuracy student model, thereby
improving the latter’s performance. As a result, knowledge
distillation for 3D-CNNs continues to be a valuable research
direction.

Feature-based knowledge distillation has gained prominence
recently as an effective approach due to the rich learnable
information contained in feature maps [3], [4], [6]. This
method enables the student model to learn the teacher model’s
ability to capture data representations by mimicking its feature
map distribution. Current research on feature-based knowledge
distillation primarily focuses on the image domain, particularly
on model compression for 2D-CNNs. In contrast, knowledge
distillation for 3D-CNNs remains relatively underexplored,
with recent studies shifting toward cross-modal knowledge dis-
tillation. This approach utilizes feature maps as intermediaries
to transfer knowledge from the optical flow branch to the RGB
branch, making it applicable only to teacher-student networks
designed for multi-modal data.

In the standard distillation paradigm, where knowledge
is transferred from a larger teacher model to a smaller
student model, existing methods largely adapt feature-based
knowledge distillation techniques developed for 2D-CNNs.
However, unlike static images, video data include a temporal
dimension, which affects model inference in tasks such as
action recognition. The importance of different frames within
a video varies; for instance, in the action “cliff diving,”
preparatory movements, takeoff, and descent contribute dif-
ferently to classification. This variation, as observed in [5],
suggests that labeled video frames can be categorized based
on their significance for classification versus regression. The
accuracy of features extracted from the latter has a greater
impact on the final classification outcome. Despite this, con-
ventional feature-based knowledge distillation methods treat
all features extracted by the teacher model equally, potentially
introducing noise during knowledge transfer. Motivated by this
phenomenon, we aim to investigate how adjusting distillation
loss weights based on the importance of video frame features
can enhance knowledge distillation.

To address the aforementioned problem, we began with a
simple validation experiment by incorporating label informa-
tion into the distillation process. Unlike conventional methods
that use label information solely to calculate the classification
loss of the student model, we conduct knowledge distillation
only on samples where the teacher model makes correct
predictions. Specifically, ground truth labels are used to select
the samples for distillation, with results presented in Table I.
It can be observed that simply introducing label information
enhances the effectiveness of both response-based and feature-
based knowledge distillation. Notably, by leveraging ground
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truth labels and distilling only on correctly classified samples,
accuracy improves by approximately 0.4% in both distillation
methods. This observation motivates us to further utilize
label information to help the student model differentiate the
importance of various frame features.

TABLE I
THE VALIDATION RESULTS ON THE UCF101 DATASET.

Method Top-1(%) Top-5(%)

Baseline Student 63.36 82.08
Logits-based KD 67.20 85.44

Logits-based KD w/o Wrong Prediction 67.57 86.18
Feature-based KD 67.72 86.47

Feature-based KD w/o Wrong Prediction 68.20 86.60

Motivated by this observation, we propose Label-Guided
Knowledge Distillation(LGKD), a method tailored for action
recognition tasks. As illustrated in Fig. 1, LGKD performs fea-
ture distillation at both the sample and class levels, leveraging
label information to fully extract learnable information from
the teacher’s features. Specifically, in sample-wise feature
distillation, based on traditional feature distillation, we use
label information to extract the probability distribution of the
ground truth category inferred by the teacher model along
the temporal dimension. This distribution serves as the basis
for calculating importance scores of frame features, which are
then used to assign corresponding weights to the feature loss.
Additionally, to prevent the student model from overfitting
the teacher’s features during the sample-wise distillation, we
introduce class-wise distillation loss. Considering samples
within the same category have similarities, aligning features at
the category level can guide the student model to capture high-
order semantic information, making the feature representations
of each category more compact while improving the general-
ization of the student model [36]. To achieve this, we propose
a prototype network that transfers relational knowledge within
each category. By filtering samples correctly classified by the
teacher using ground truth labels, we generate action category
feature prototypes—or category feature centers—to guide the
student model. Additionally, we introduce a weight adjustment
module in sample-wise feature distillation to dynamically
adjust temporal loss weights for each teacher-student feature
pair. In class-wise feature distillation, the prototype network
generates prototype features for each action category, further
enhancing knowledge transfer.

To the best of our knowledge, we are the first to consider
temporal weighting in feature distillation and introduce label
information to the distillation for video understanding tasks.
Our main contributions are summarized as follows:

• To extract frame features that are more critical for clas-
sification during knowledge distillation, we propose a
sample-wise knowledge distillation approach and design
a weight adjustment module. This module leverages label
information and the teacher’s probability distribution to
guide the student model in learning features that are
more important for classification accuracy in the temporal
dimension.

Fig. 1. Label-guided knowledge distillation method. Compared to traditional
feature distillation, sample-wise distillation leverages label information and
the teacher’s probability distribution to explore the temporal importance
differences in teacher features. Meanwhile, class-wise distillation, rather
than distilling knowledge independently for each sample, leverages label
information to generate class prototypes that represent high-level semantic
features.

• We propose a class-wise knowledge distillation method
based on a prototype network to mitigate feature diver-
gence caused by sample-wise distillation. By leveraging
label information to filter the features of samples correctly
inferred by the teacher. This approach aligns features at
the category level, facilitates the transfer of relational
knowledge among samples within the same category, and
enables the student model to learn higher-order semantic
information from the teacher model.

• We conduct extensive experiments on two widely used
action recognition datasets, UCF101 and HMDB51. The
experiment results demonstrate that our method signifi-
cantly improves the feature representation capability of
the student model, thereby surpassing the performance
of other compared methods. Furthermore, we additional
explore experiments to validate the effectiveness of our
approach and its generalization capability across different
teacher-student model pairs.

II. RELATED WORKS

A. Action Recognition

As a fundamental task in video understanding, action recog-
nition has recently transitioned from purely 3D-CNN-based
models to Transformer-based models [7]. However, the latter
still require 3D-CNNs to extract accurate features [8]. The
feature extraction networks of existing 3D-CNN architectures
can be divided into fully 3D-CNNs [9]–[12] and partially 3D-
NNs [13]–[15]. Fully 3D-CNNs treat video as a sequence
of continuous frames and use 3D convolutional kernels to
extract representation, with typical models like I3D [9], R-
C3D [10]. Partially 3D-CNNs replace 3D convolutional layers
with 2D convolutional layers to reduce computation costs and
parameter requirements, i.e., Top-I3D, Bottom-I3D, and S3D
[15]. However, while reducing resource demands, these partial
3D-CNNs also suffer from a noticeable decline in accuracy,
necessitating further exploration to narrow the gap between
fully 3D-CNNs and partially 3D-CNNs.
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B. Knowledge Distillation

Knowledge distillation was first proposed by Hinton et al..
As a branch of model compression technology, its purpose
is to transfer the knowledge contained in the heavyweight,
high-precision teacher model to the lightweight, low-precision
student model to improve the student’s accuracy [16]. Based
on the form of the knowledge, knowledge distillation can be
mainly categorized into response-based knowledge distillation,
feature-based knowledge distillation, and api-based knowledge
distillation [17]. Api-based knowledge distillation has emerged
with the development of Large Language Models(LLMs),
where the LLM acts as a black-box teacher to guide the
student model. However, this method is only applicable to
the teacher-student pairs which both of them are LLM [18],
[19]. Response-based knowledge distillation involves having
the student model mimic the probability distribution outputted
by the teacher to learn the ”dark knowledge” contained in
soft labels [16], [20], [21]. In recent years, feature-based
knowledge distillation has become the mainstream research
direction due to its inclusion of more learnable information
[6]. It uses feature maps as the medium of knowledge, en-
abling the student model to learn the teacher model’s feature
extraction capabilities by mimicking the distribution of the
teacher model’s feature maps.

In the research of feature distillation for convolutional
neural networks, most current work still focuses on image data
[10], [23], [24]. In the field of video analysis, the mainstream
research method is cross-modal knowledge distillation [25]–
[28]. These methods treat the model branch that processes
optical flow data as the teacher, aiming to transfer its feature
extraction capabilities to the model branch that handles RGB
data, thereby improving the accuracy of the unimodal model.
Moreover, most feature distillation methods aimed at model
compression simply adapt 2D-CNN distillation techniques,
neglecting the differences in the importance of features across
the temporal dimension [29].

C. Prototype Network

Prototype network was first applied to few-shot classifica-
tion [30], where it computes the distance between new samples
and every class prototype in a learnable metric space for
classification. Due to its simplicity and strong generalization
capability, the prototype network has been extended to various
tasks, such as transfer learning [31] and zero-shot learning
[32]. ProDA [31] introduces the concept of prototype network
into pseudo-label denoising. PSKD [32] utilizes prototype
network to refine the teacher’s probability distribution through
a correlation matrix in zero-shot learning tasks. In the field
of knowledge distillation, ProKD [33] proposes a contrastive
learning-based prototype alignment method to enhance the stu-
dent model’s ability to acquire specific language knowledge in
zero-resource named entity recognition task. In our work, we
utilize the prototype network to extract relational knowledge
among samples within each action category, guiding the stu-
dent model to learn the teacher model’s feature representation
capabilities.

III. METHODOLOGY

In this section, we first review the basic concepts of feature
knowledge distillation and then introduce our label-guided
knowledge distillation.

A. Vanilla Feature Knowledge Distillation

As a key method in model compression technology, knowl-
edge distillation has been widely applied to many visual tasks.
As a branch of knowledge distillation, feature knowledge dis-
tillation has increasingly become the mainstream method due
to its excellent accuracy improvement. The primary objective
of feature knowledge distillation is to transfer the knowledge
contained in the heavyweight, high-precision teacher model to
the lightweight, low-precision student model via feature maps
[34].

Formally, let T and S represent the teacher and student mod-
els, respectively. When video data i is sent to the models, they
generate feature maps FT and FS , where F ∈ RT×C×H×W .
Here, T ,C,H and W represent the temporal, channel, and spa-
tial dimensions, respectively. In traditional feature knowledge
distillation, the distillation loss is composed of the L2 distance
between the feature maps produced by the teacher and student
models:

Lvanilla feature KD =

N∑
n=1

∥f(FT
i,n)− f(FS

i,n)∥22, (1)

where f (·) is a projection function that aligns the feature maps
of the teacher and student models to the same dimension, N
represents the number of frames contained in the video. This
constraint encourages the student model to mimic the feature
map distribution of the teacher model, thereby capturing the
teacher model’s feature extraction capability. However, vanilla
feature distillation method originally designed for image data
applies equal weight to all feature maps during distillation.
When transferred to video data domain that includes temporal
dimension, it overlooks the fact that different video frame
features may have different importance to the inference result.

B. Label-guided Knowledge Distillation

To address the aforementioned problem, we introduce label
information into traditional feature distillation to assist the
student model in better learning the teacher model’s feature
representation. The proposed distillation framework is illus-
trated in Fig. 2 and it consists of two main submodules:
sample-wise knowledge distillation and class-wise knowledge
distillation. In sample-wise knowledge distillation, the loss be-
tween teacher and student feature maps is weighted according
to importance scores and then used as the final distillation
loss. In class-wise knowledge distillation, the student model’s
sample features are aligned with the corresponding category
feature prototypes computed by the teacher model in the
feature space.
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Fig. 2. We propose a label-guided feature knowledge distillation framework. Our approach primarily consists of two submodules: a weight adjustment module
for sample-wise distillation and a prototype network module for class-wise distillation.

1) Sample-wise Knowledge Distillation: In video under-
standing tasks, video data is represented as a set of stacked
feature maps [35]. In sample-wise knowledge distillation,
we introduce a weight adjustment module to calculate the
importance score of each feature map using the ground truth
labels and the probability distribution produced by the teacher.
This importance score is then used to adjust the weights of the
loss between each pair of teacher and student feature maps,
which serves as the final distillation loss for the student model.

Formally, let qTi ∈ RN×Class×1 represents the prediction
result of the teacher model before Softmax function. For the
video features FT

i extracted by the teacher, the corresponding
feature map importance score (i.e., weight) is calculated as
follows:

weight scorei = θ(qTi,GT ), (2)

qTi,GT = qTi ×GT, (3)

where, qTi,GT ∈ RN×1 represents the probability distribution of
the teacher’s inference results qTi corresponding to the ground
truth label GT . The function θ(·) is a normalization and post-
processing function. In our implementation, we explore two
different methods for normalization and post-processing: direct
normalization and masked normalization.

a) Direct Normalization: In direct normalization, the
importance score of the feature is calculated based on the
distribution of the ground truth class over the temporal dimen-
sion of the teacher’s inference results. After normalization, the
result is used as the importance score of the feature:

θ(qTi,GT ) = Softmax(qTi,GT ). (4)

Here, the Softmax function normalizes the importance scores
to [0,1], allowing for subsequent processing.

b) Masked Normalization: During direct normalization,
the differences in the inference results across different time are
reduced after normalization. Since direct normalization does
not specifically account for negative values, we use masking
mechanism to suppress low-importance features and highlight
high-importance features. Specifically, we mask out negative
results and only use positive results as valid importance scores
for the subsequent distillation loss computation:

θ(qTi,GT ) = Softmax(mask(qTi,GT )) ◦ I(qTi,GT > 0), (5)

where ◦ is element-wise multiplication, I(·) is the indicator
function, the masking function mask(·) is defined as:

mask(x) = {max(xn, 0)}Nn=1. (6)

The final sample-wise distillation loss introduces the feature
importance scores as weights based on vanilla feature distil-
lation loss, which is defined as:

LSample−wise =

N∑
n=1

weight scorei,n×∥f(FT
i,n)−f(FS

i,n)∥22,

(7)
where f(·) is the project function.

2) Class-wise Knowledge Distillation: In addition to con-
ducting one-to-one distillation of teacher-student features for
the same sample through sample-wise knowledge distillation,
there is also relational knowledge among features of different
instances within the same category that the student model
can learn [36]. Features of samples within the same category
contain high similarity, while features of samples from differ-
ent categories show low similarity. For example, consider a
collection of videos labeled as ”cliff diving” and ”cycling”.
The features extracted by an excellent teacher model should
form two compact feature clusters in the feature space, corre-
sponding to two types of video samples. Aligning the features
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of student and teacher models at the category level can help the
student model mimic high-level semantic information of the
teacher model, making the feature representation of samples
within the same category more compact, ultimately improving
the effectiveness of knowledge distillation [37].

In this paper, we propose a class-wise knowledge distillation
approach based on a prototype network. We generate cor-
responding feature prototypes by selecting samples correctly
inferred by the teacher model according to the ground truth
labels. Formally, for an action category c, its corresponding
prototype prototypec is calculated as follows:

prototypec =
1

I
×

I∑
i=1

FT
i , (8)

where I is the number of samples in the training set with
ground truth label c, and FT

i represents the feature of sample i
extracted by the teacher model. The final class-wise distillation
loss is defined as:

LClass−wise =

C∑
c=1

I∑
i=1

∥prototypec − f(FS
c,i)∥22, (9)

where C represents the number of categories, I is the number
of samples in each category, f(·) is the projection function,
and FS

c,i denotes the features of sample i with ground truth
label c calculated by the student model.

During training, it is impossible to obtain the features of
all samples from the same category simultaneously due to
memory constraints. Therefore, when calculating the category
prototype, we update the prototype using a moving average
method [38] within each batch of samples. Specifically, in each
batch, we update the prototype for each category according to
the following approach:

prototypec =
(prototypec × proto cntc +

∑n
i=1 F

T
c,i)

proto cntc + n
,

(10)
proto cntc = proto cntc + n, (11)

where proto cntc is the number of samples with label c that
have already been computed, n is the number of samples with
label c in the current batch, and FT

c,i represents the features
of the i-th sample extracted by the teacher model with label
c. Additionally, since the teacher model does not compute
the prototype features at the beginning of the training, we
adopt a warm-up strategy for class-wise knowledge distillation.
Specifically, during the first few training epochs, referred to
the warm-up period, the teacher model updates the prototype
features for each category while computing sample features,
but does not perform class-wise knowledge distillation. After
the warm-up period, as the prototype features are stable, at
which point the teacher model stops updating the prototype
features and the framework begins the class-wise knowledge
distillation.

Class-wise knowledge distillation not only explicitly guides
the student model to learn the relationships among sample
features within the same category, but also effectively mit-
igates the impact of a small number of poorly extracted
features by the teacher model. Specifically, when calculating

the category prototypes, we use only the sample features
correctly inferred by the teacher model. This approach avoids
the negative impact of the teacher model’s limitations on
knowledge distillation. Additionally, the prototype calculation
extracts consistent features inherent to samples within the
same category, reducing the impact of the noise in individual
samples, which has a regularization effect and ultimately
improves the generalization ability of the student model [37].

C. Training and Inference

During the training process, we adopt an offline knowl-
edge distillation approach. The teacher model’s parameters
are frozen after pretraining and finetuning on the training
set, with only the student model’s parameters being updated.
Additionally, the two proposed distillation loss functions can
be used either independently or in conjunction with the task-
related loss function, which for action recognition tasks is the
cross-entropy function. The overall training loss function can
be expressed as:

L = CE(ỹ, y)+α×LSample−wise+β×LClass−wise, (12)

where CE(·) denotes the cross-entropy loss function, ỹ is the
predicted label by the student model, y is the corresponding
ground truth label, and α and β are hyperparameters that
balance the distillation losses. During inference, we only use
the student model to predict the category label.

IV. EXPERIMENTS

In this section, we first analyze the effects of two weight
adjustment module implementations. We then present the main
experimental results of our proposed method, followed by
ablation experiments of each module, generalization experi-
ments, and hyperparameters sensitivity experiments.

A. Experiment Setup

Datasets. To validate the effectiveness of our framework,
we conduct experiments on the mainstream action recognition
datasets UCF101 [39] and HMDB51 [40].

• UCF101 consists of 13,320 real action videos across 101
action categories. It has three official data split, each
dividing the data into training and testing sets with an
approximately 7:3 ratio.

• HMDB51 contains 6,849 videos, mostly sourced from
movies, and includes 51 action categories, with each
category having at least 101 video clips. It also has
three official training/testing split with a 7:3 ratio. In our
experiments, we selected the first split scheme for each
dataset.

Evaluation Metrics. We follow standard evaluation pro-
tocol and use recognition accuracy as the metric for model
evaluation. Specifically, we use Top-1 accuracy and Top-5
accuracy as evaluation metrics for the action recognition task.

Implementation Details. We use the TV-L1 algorithm [41]
to extract all optical flow frames for each video, with each
video set to 64 frames in length. The frame size is scaled
to 256 for UCF101 and 240 for HMDB51. During training,
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we applied data augmentation techniques including multi-scale
cropping and random horizontal flipping. During inference, we
only use center cropping.

We initialize the I3D model parameters with weights pre-
trained on ImageNet [42] and finetune the model for 20 epochs
on the UCF101 and HMDB51 datasets to serve as the teacher
model. The Top-I3D model is trained from scratch on the
action recognition datasets until convergence, serving as the
baseline student model.

For the baseline network on the UCF101 dataset, we use
the SGD optimizer with a learning rate of 10−3, momentum
of 0.9, and weight decay of 5× 10−4. The batch size is set to
12. For the HMDB51 dataset, the same SGD optimizer settings
are used. For both datasets, we train the model on RGB and
optical flow data for both 200 epochs. During testing, the batch
size is set to 1, and the final result is obtained by averaging
the predictions from the RGB and optical flow branches.

During knowledge distillation, the teacher model’s param-
eters are frozen, and only the student model’s parameters are
updated. Since category prototypes are not available at the
beginning of training, we adopt warm-up strategy to compute
teacher prototypes, i.e., during the initial warm-up epochs,
only the teacher model computes the category prototypes with-
out performing class-wise distillation based on the prototype
network. In our experiments, the warm-up period is set to 1
epoch. Note that the proposed weight adjustment module and
prototype network module are used only during training, and
the student model does not increase any additional parameters
or computation cost during the testing phase.

B. Sample-wise Distillation weight adjustment module
We start by evaluating the effectiveness of the feature weight

adjustment module. Specifically, we propose two implementa-
tion approaches for the feature weight adjustment module. The
propose of this module is to use the teacher’s inference results
to represent the temporal distribution of video frame features,
exploiting the variation in importance along the temporal
dimension.

In our implementation, we find that directly using the
outputs from the teacher’s logits layer achieves good results.
Our two approaches show different ways to use the ground
truth labels and handle negative values.

Approach 1 uses the ground truth labels to select the
distribution of the correct class in the teacher’s output along
the temporal dimension. After normalization and scaling, the
distribution is used as the importance score for the feature
maps:

weight scorei = Softmax(qTi ×GT i), (13)

where qTi represents the probability distribution of the i-th
sample generated by the teacher model, GT i is the ground
truth label for the i-th sample.

Approach 2 uses a masking mechanism to conceal results
from the teacher that are negative, and only the results greater
than zero are considered as valid importance scores for sub-
sequent distillation loss calculation:

weight scorei = Softmax(mask(qTi ×GT i))◦I(qTi,GT > 0),
(14)

where mask(·) is the masking function, ◦ is element-wise
multiplication, I(·) is the indicator function.

Additionally, for comparison, we aggregate the teacher’s
output results along the category dimension and serves as the
importance score after normalization and scaling:

weight scorei = Softmax(fsum(qTi )), (15)

where fsum(·) is the aggregate function. The reason for this
approach is that the aggregated results represent the likelihood
of an action occurring at a given moment, a higher score indi-
cates a higher likelihood that the feature contains information
about the corresponding action. Note that this method does
not use label information.

TABLE II
COMPARISON OF DIFFERENT IMPLEMENTATION METHODS FOR THE

WEIGHT ADJUSTMENT MODULE.

Method Top-1(%) Top-5(%)

Student baseline 63.36 82.08
Student+FeatDistill 69.92 87.81

Student+reweight(Approach 1) 70.45 87.74
Student+mask(Approach 2) 70.24 87.71
Student+sum(comparison) 70.26 87.55

We conduct experiments on the UCF101 dataset for the
two proposed approaches and the comparison method. We
also include the accuracy of the vanilla feature distillation for
comparison. The results are shown in Table II. For fairness,
we use the same parameter setting for all implementations.

It can be discovered that all three approaches achieve an
accuracy improvement of nearly 7% compared to the baseline
student model (63.36%) and exceeded the vanilla feature
distillation(69.92%). Approach 1, which provides the highest
accuracy improvement, reaches a final accuracy of 70.45%.
Approach 2 with masking mechanism and the method using
probability aggregation followed in performance. Comparing
approach 1 with approach 2, we conclude that directly dis-
carding feature segments with negative scores during knowl-
edge distillation is too aggressive. This approach also loses
beneficial knowledge contained in background segments while
suppressing irrelevant noise, which leads to the student model
failing to capture the complete semantic features of the action.

Comparing approach 1 with the probability aggregation
method, we find that incorporating label information is crucial
for approach 1’s superior performance. Label information
indicates the ground truth category, and adjusting features
based on the correct class probability distribution is more
targeted and reliable than simply aggregating probabilities
across all action categories. It also highlights the importance
of using ground truth information to guide feature distillation.
Therefore, in subsequent experiments, we adopt approach 1 to
adjust video feature weight.

C. Main Results

To validate the effectiveness of our proposed method, we
compared it with other knowledge distillation methods on the
action recognition task. We used the I3D [9] model as the
teacher model and the Top-I3D [15] model as the student
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TABLE III
VALIDATION ACCURACY AND COMPUTATION COST ON UCF101 AND HMDB51. WE SET I3D AS THE TEACHER MODEL, TOP-I3D AS THE STUDENT

MODEL. FOR FAIR COMPARISON, WE KEEP THE SAME TRAINING CONFIGURATION FOR ALL METHODS.

Model Knowledge UCF101 HMDB51 FLOPS(G) Params(M)
Top-1(%) Top-5(%) Top-1(%) Top-5(%)

Teacher - 90.35 98.76 69.02 88.76 111.3 12.7
Student - 63.36 82.08 52.35 74.97 45.5 10.5
KD [16] Logits 67.20 85.44 53.00 75.16 45.5 10.5

CTKD [20] Logits 67.63 88.37 52.65 75.01 45.5 10.5
LSKD [21] Logits 68.33 86.36 53.20 75.10 45.5 10.5

Feature KD [6] Feature 69.92 87.81 53.14 75.27 45.5 10.5
FN [22] Feature 70.95 88.54 53.25 75.34 45.5 10.5

MGD [23] Feature 71.43 89.39 54.15 76.07 45.5 10.5
SimKD [24] Feature 72.01 89.60 53.67 75.95 45.5 10.5

AT [43] Attention 71.27 88.57 52.93 75.14 47.4 37.8
CTKD [44] Logits+Feature 71.77 89.14 53.91 75.87 45.5 10.5

Ours Feature 73.51 90.30 54.77 76.41 45.5 10.5

model. The Top-I3D model is derived from the I3D model
by replacing some shallow 3D convolutional blocks with 2D
convolutional blocks to reduce the model’s parameters and
computational resource requirements.

As shown in Table III, our method achieves superior im-
provements in student model accuracy compared to existing
knowledge distillation methods on both datasets. Specifically,
on the UCF101 dataset, our method improves the Top-1
accuracy of the student model by 10.15% and the Top-5
accuracy by 8.22%, without introducing additional parameters
or computational cost. Compared to our baseline algorithm,
i.e., the vanilla feature distillation, our approach provides an
additional 3.43% and 2.20% improvement in Top-1 and Top-
5 accuracy, respectively. On the more challenging HMDB51
dataset, we also obtain similar results, with our method
improving Top-1 and Top-5 accuracy by 2.42% and 1.44%,
respectively.

For fairness, we applied other knowledge distillation meth-
ods to the same teacher-student model pair. Given that feature-
based knowledge contains more learnable information, our
method easily outperforms recent state-of-the-art logits-based
knowledge distillation methods. Compared to other recent
feature-based knowledge distillation methods, such as MGD
[23] method using a masking-recovery training paradigm and
SimKD [24] using feature alignment and teacher classifier
reuse strategy, our method also demonstrates superiority.

We believe the improvement of our method comes from two
aspects. On the one hand, the sample-wise feature distillation
using the feature weight adjustment module leverages the
teacher’s inference results and label information as guidance.
This approach allows the student model to focus on learning
features based on their contribution to the correct inference
result, rather than blindly learning all features extracted by the
teacher. On the second hand, the class-wise feature distillation
based on the prototype network further aligns the teacher and
student models’ category feature representations, enhancing
the student model’s ability to extract high-level semantic
information.

In addition to accuracy improvements, the student model
shows a significant reduction in computational and parameter
costs compared to the teacher model. Specifically, the student

model’s computational cost is reduced by 59.1%, and the
parameters is reduced by 17.3%. Combined with our proposed
method, this lightweight resource usage makes it feasible to
deploy video analysis models on resource-constrained edge
devices.

D. Ablation Study

To thoroughly investigate the validity of our proposed
method, we systematically analyze the effects of each sub-
module and the generalization of the method across different
backbone networks in this section.

TABLE IV
THE IMPACT OF EACH SUBMODULE ON MODEL ACCURACY IMPROVEMENT

ON THE UCF101 DATASET.

baseline LSample−wise LClass−wise Top-1(%) Top-5(%)

✓ 63.36 82.08
✓ ✓ 72.64 89.53
✓ ✓ 70.47 88.11
✓ ✓ ✓ 73.51 90.30

1) Contribution of Each Submodule: We first explore the
impact of each submodule on the overall performance. We start
with the baseline model, which is the student model trained
solely with the classification loss. We then introduce sample-
wise feature distillation and class-wise feature distillation sep-
arately. The former means the student model assigns different
loss weights to different feature maps based on their impor-
tance, while the latter implies the student model’s loss function
includes the cross-entropy between the student’s inference
and ground truth label, and the distance between the feature
produced by the student and the teacher’s prototype feature.
Finally, we incorporate both the sample-wise distillation with
feature weight adjustment and the class-wise distillation with
prototype network.

Table IV summarizes the ablation results for these four
settings on the UCF101 dataset. It can be observed that both
proposed distillation methods independently improve the accu-
racy of the student model, and introducing two submodules to-
gether further enhances the model’s performance. Specifically,
compared to the baseline model, introducing sample-wise
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distillation improves the student model’s accuracy by 9.28%,
indicating that our module, by adjusting feature map weights,
helps the student model focus more on the teacher’s features
that contain richer action information, thereby improving the
knowledge distillation effect. Similarly, introducing class-wise
feature distillation improves the student model’s accuracy by
7.11% compared to the baseline, showing that class-wise
distillation also enables the student model to learn the teacher
model’s feature extraction capability. Finally, combining both
sample-wise and class-wise distillation methods further en-
hances the student model’s performance, with Top-1 accuracy
increasing by 10.15% and Top-5 accuracy increasing by 8.22%
compared to the baseline, achieving a final Top-1 accuracy of
73.51% and Top-5 accuracy of 90.30%.

TABLE V
COMPARISON BETWEEN THE EFFECTS OF SAMPLE-WISE KNOWLEDGE

DISTILLATION AND TRADITIONAL FEATURE DISTILLATION ON THE
UCF101 DATASET.

baseline Feature Dist. Sample-wise Dist. Top-1(%) Top-5(%)

✓ 63.36 82.08
✓ ✓ 69.92 87.81
✓ ✓ 72.64 89.53

2) Effectiveness of Weight Adjustment Module: Our pro-
posed weight adjustment module for sample-wise distillation
is an improvement over vanilla feature distillation methods. To
demonstrate that the effectiveness of the weight adjustment
module is not solely due to vanilla feature distillation, we
compare the results of sample-wise distillation with those of
vanilla feature distillation. Experiments are conducted on the
UCF101 dataset, and the results are shown in Table V.

As observed, our proposed sample-wise distillation method
surpasses vanilla feature distillation method by nearly 2.72%
in Top-1 accuracy. This indicates that the accuracy improve-
ment provided by our sample-wise distillation method is not
only due to vanilla feature distillation but also due to its ability
to selectively focus on frames that are more critical for correct
inference.

E. Generalization of Our Method

To demonstrate the generalization of our proposed method,
we select a series of variant I3D models [15] as student
models. Specifically, in addition to the Top-I3D model, we
also chose Bottom-I3D and I2D models for experiments. The
results are shown in Table VI.

TABLE VI
THE IMPROVEMENT OF OUR PROPOSED METHOD ON DIFFERENT STUDENT

MODELS ON THE UCF101 DATASET.

Model Top-1(%) Top-5(%)

Top-I3D 63.36 82.08
Top-I3D+Ours 73.51 90.30

Bottom-I3D 53.64 72.69
Bottom-I3D+Ours 57.73 76.87

I2D 56.07 77.24
I2D+Ours 64.98 83.27

As observed, for Top-I3D model, our method improve Top-
1 and Top-5 accuracy by 10.15% and 8.22%, respectively,
achieving final accuracies of 73.51% and 90.30%. For Bottom-
I3D model, which is derived by replacing deep 3D con-
volutional layers with 2D convolutional layers, our method
improve Top-1 and Top-5 accuracy by 4.09% and 4.18%,
respectively, reaching final accuracies of 57.73% and 76.87%.
Lastly, for I2D model, which is composed entirely of 2D
convolutional layers, our method improve Top-1 and Top-5
accuracy by 8.91% and 6.03%, respectively, achieving final
accuracy of 64.98% and 83.27%.

These results demonstrate that our knowledge distillation
method is effective even when transferring knowledge from
a pure 3D network teacher to a pure 2D network student,
proving the method’s effectiveness across different network
architectures.

F. Hyperparameter Sensitivity Study
In our method, the hyperparameters α and β serve as the

weights for the loss functions in sample-wise distillation and
class-wise distillation, respectively. Table VII and Table VIII
show the impact of these hyperparameters on the method’s
performance improvement on the UCF101 dataset when set to
different values. Notably, since the method showed the most
significant improvement when α = 4, we retained α = 4 in
the sensitivity experiments for β.

TABLE VII
SENSITIVITY EXPERIMENT OF THE HYPERPARAMETER α ON THE UCF101

DATASET

Parameter 1 2 4 8

Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

α 70.92 88.50 71.56 88.98 72.64 89.53 72.32 89.85

TABLE VIII
SENSITIVITY EXPERIMENT OF THE HYPERPARAMETER β ON THE UCF101

DATASET

Parameter 1 2 4 8

Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

β 73.38 90.06 73.51 90.30 73.35 90.01 72.91 89.88

As shown in tables, regardless of the values of α and
β, the model’s accuracy always improves compared to the
baseline accuracy. Specifically, when α = 4 and β = 2, the
method achieves the most significant accuracy improvement,
reaching a Top-1 accuracy of 73.51% and a Top-5 accuracy of
90.30%. Therefore, we keep these hyperparameters throughout
the experiments.

This sensitivity analysis confirms that our method is robust
across different hyperparameter settings, with the chosen val-
ues of α = 4 and β = 2 providing the optimal balance for
performance improvement.

V. CONCLUSION

In this paper, we propose Label-Guided Knowledge Distil-
lation to explicitly exploit the temporal importance of teacher
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features. Our approach conducts knowledge distillation at
both the sample-wise and class-wise levels. By introducing
sample-wise knowledge distillation, the student model can
selectively learn teacher features, focusing more on those that
significantly impact classification results. By introducing class-
wise knowledge distillation, the student model can acquire
relational knowledge among samples within the same class,
mimicking the teacher’s ability to capture high-level seman-
tic information, thereby compacting feature representations
and improving model generalization. Experimental results
show that our method effectively enhances the capabilities of
lightweight 3D-CNN models, further exploring the trade-off
between resource efficiency and model accuracy. Additionally,
this paper provides insightful research into the full utilization
of label information in knowledge distillation. For future work,
we believe that exploring finer-grained label information to
guide feature distillation is a promising direction.
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