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Abstract

The purpose of this study is to train spatiotemporal

3D convolutional neural networks (3D CNNs) that prop-

erly leverage temporal information to recognize actions.

Though 3D CNNs are an effective framework in action

recognition, some studies showed the biases of video

datasets for generic action recognition lead 3D CNNs to

recognize not dynamic motions but static cues, such as ob-

jects, scenes, and people. On the other hand, video datasets

for fine-grained action recognition, which classifies various

actions in a specific domain, are expected to have small bi-

ases compared with the datasets for generic action recogni-

tion. In this study, we examine the biases of various video

datasets, which include both generic and fine-grained ac-

tion recognition tasks, for training 3D CNNs. Based on

the results of experiments, the following conclusions could

be obtained: (i) The representation biases learned from

fine-grained action recognition datasets are smaller than

those of generic action recognition datasets. (ii) The models

pretrained on fine-grained action recognition datasets, of

which the biases are small, leverage temporal information

to recognize actions rather than static information. (iii) The

models that leverage temporal information achieve better

performance on fine-grained action recognition whereas the

performance of the models pretrained on biased datasets

is better on generic action recognition. We should eval-

uate models on both generic and fine-grained recognition

datasets to properly evaluate their performance.

1. Introduction

Spatiotemporal 3D convolutional neural networks (3D

CNNs) are an effective framework in action recognition.

The 3D convolutions can theoretically extract spatiotempo-

ral feature representations, which are important for action
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Figure 1: Overview of this study.

recognition, from raw videos. Various network architec-

tures of 3D CNNs have been proposed, such as C3D [19],

I3D [3], 3D ResNet [8], and SlowFast network [6].

Some studies showed video datasets for action recog-

nition have biases toward recognizing not dynamic mo-

tions but static cues, such as objects, scenes, and peo-

ple [4, 9, 12, 13]. Such datasets, called generic action

recognition datasets in this study, include various action

categories in various domains, and the domain difference

enables recognition of actions indirectly. For instance, a

dataset includes videos of tennis swing action only in a ten-

nis court, models trained on the dataset may recognize the

action based on the scene (tennis court). Using such biased

models leads to degenerate transferability and make incor-

rect recognition of novel actions in the same static cues.

Video datasets for fine-grained action recognition have

also been released [7, 12, 15, 17] besides those for generic

action recognition, such as Kinetics [10], UCF-101 [18],

and HMDB-51 [11]. Most fine-grained action recognition

datasets consist of videos in a specific domain. Because the

static cues, such as objects and scenes, in the same domain

are similar, it is difficult to recognize actions based on only

the static cues. Training models on fine-grained recogni-

tion datasets likely avoids the effect of biases. Though the

methods that mitigate the biases in action recognition are

proposed [4, 12, 13], these methods require additional train-

ing costs or decrease the number of training data. Therefore,

exploring video datasets with small biases would be a better

solution.



In this study, we examine training 3D CNNs on various

video datasets, which include both generic and fine-grained

action recognition tasks, in order to build the models that

properly leverage temporal information to recognize ac-

tions. We conducted various experiments to show (i) the dif-

ferences of the biases toward the static representations and

learned feature representations between generic and fine-

grained action recognition datasets, (ii) the differences of

transferability of models trained on generic and fine-grained

action recognition datasets. As shown in Figure 1, our ex-

perimental results indicate that the CNN trained on a fine-

grained action recognition datset leverages the temporal in-

formation in videos for action recognition. See Section 4 in

details of our experimental results.

2. Related Work

2.1. Representation Biases in Action Recognition

Studies have been conducted to analyse and to mitigate

representation biases. Huang et al. showed 3D CNNs did

not significantly focus on motion information in classifica-

tion of the videos of Kinetics by confirming performance

drop with and without motion information in videos. Li et

al. mitigated scene, object and people biases by resampling

the original video datasets [12, 13]. The resampling ap-

proach reduces not only representation biases but also the

number of training data, which is important for training 3D

CNNs. Choi et al. introduced the adversarial loss for scene

types to mitigate scene biases [4]. Their method needs ad-

ditional training costs for detecting humans and classifying

scenes. Unlike the abovementioned studies, we examine

various existing video datasets for training 3D CNNs with-

out representation biases.

2.2. Video Datasets

Video datasets for action recognition are mainly divided

into generic and fine-grained action recognition datasets.

Most of video datasets for action recognition provide the

generic action recognition task, which tries classifying var-

ious action categories in various domains. The granu-

larity of categories of generic action recognition is larger

than that of fine-grained action recogition, described later.

Such datasets include videos in a wide variety of domains,

such as daily activities, sports, and entertainments. Popu-

lar datasets for generic action recognition are Kinetics-400,

600, 700 [1, 2, 10], Moments in Time [16], ActivityNet [5],

UCF-101 [18], and HMDB-51 [11].

Fine-grained action recognition datasets have been re-

cently released. Such datasets provide the videos in a spe-

cific domain. Something-Something includes the videos

of fine-grained actions of human-object interactions [7].

Something-Something v2, which is the extended version

of Something-Something, includes a larger number of

videos [14]. Jester is a dataset for hand gesture recog-

nition [15]. Diving48 [12] and FineGym [17] are video

datasets in sports (gymnastics and diving).

We use the datasets for training 3D CNNs and compare

the biases of trained models.

3. Experimental configuration

3.1. Summary

In order to examine how we should use video datasets to

train action recognition models without the biases toward

static representations, we conducted the two experiments

described below. In Section 3.2, We explain the definition

of representation biases discussed in this study. The details

of the datasets are described in Section 3.3. Implementation

details are described in Section 3.4.

We first examined the biases of video datasets for both

generic and fine-grained action recognition tasks. Accord-

ing to previous works [4, 9, 12, 13], training 3D CNNs on

some generic action recognition datasets, such as Kinetics,

leads to biases toward the static representations. Here, we

examined the differences of the biases toward the static rep-

resentations between generic and fine-grained action recog-

nition datasets. We trained the same model on different

datasets in both generic and fine-grained recognition tasks,

and compared biases of them. See Section 4.1 for details.

We then conducted an experiment to explore transfer-

ability of the models trained on each dataset. We assume

that the models with the large biases toward the static rep-

resentations can work well on the datasets of generic action

recognition, which static cues are important to, but perform

poorly on the datasets for fine-grained action recognition,

which focuses on classifying dynamic motions. Therefore,

we finetuned the models on both generic and fine-grained

action recognition tasks, and compared performance of

them. See Section 4.2 for details.

3.2. Definition of representation bias

To evaluate the representation biases, we confirmed the

accuracies when we shuffled the input video frames during

testing. If the representation biases of trained models are

large, the models perform well even using the shuffled in-

put frames because the models ignore temporal dynamics.

On the other hand, the recognition performance of mod-

els without such biases significantly drop because the shuf-

fle of input frames destroy temporal information of videos.

Therefore, we define the representations biases of dataset

D as the log ratio between the accuracies on original and

shuffled inputs as

BD = log (A(D,φoriginal)/A(D,φshuffle)) , (1)

where A is accuracy using feature representation φ on

dataset D and φoriginal and φshuffle are feature representa-



tions of original and shuffled input frames, respectively.

3.3. Datasets

We use both generic and fine-grained action recognition

datasets in this study.

Generic action recognition datasets. We use Kinetics-

400 [10], Moments in Time [16], ActivityNet [5], UCF-

101 [18], and HMDB-51 [11]. The Kinetics dataset is

the most popular video dataset for training action recog-

nition models. Different versions of Kinetics exist, such

as Kinetics-400, -600, and -700, which are similar datasets

with different numbers of action classes. We use the small-

est Kinetics-400 in this study. Moments in Time is also a

large-scale video dataset, which includes 1,000,000 videos

from 339 action classes. ActivityNet (v1.3) provides sam-

ples from 200 human action classes with the total video

length is 849 hours, and with the total number of action in-

stances is 28,108. Unlike the other datasets, ActivityNet

consists of untrimmed videos, which include non-action

frames. We use ActivityNet as a trimmed video datset

in this study. UCF-101 and HMDB-51 are popular video

datasets as benchmark of action recognition. UCF-101

includes 13,320 action instances from 101 human action

classes, and HMDB-51 includes 6,766 videos from 51 hu-

man action classes. We use train/test split 1 of UCF-101

and HMDB-51 in this study.

Fine-grained action recognition datasets. We use

Something-Something v2 [14], Jester [15], Gym288 [17],

and Diving48 [12]. The four fine-grained datasets consist of

videos of different specific domains. Something-Something

v2 includes 220,847 videos that capture 174 fine-grained

action classes of human-object interaction scenarios. Jester

is a video dataset of hand gestures that includes 148,092

videos with 27 hand gesture classes. Gym288 is a configu-

ration of the FineGym dataset, which includes 288 gymnas-

tic action classes with 38,980 videos. Diving48 has been

built to produce a video datset with small biases, and pro-

vides samples from 48 diving actions with 18,404 videos.

3.4. Implementation

Training. We use 3D ResNet-50 [8] with 32 frames ×112×
112 pixels inputs. We use stochastic gradient descent with

momentum to train the model. Training samples are ran-

domly generated from videos in training data in order to

perform data augmentation. First, we select a temporal po-

sition in a video by uniform sampling in order to generate a

training sample. A 32-frame clip is then generated around

the selected temporal position. If the video is shorter than

32 frames, then we loop it as many times as necessary. Next,

we randomly select a spatial position and scale by uniform

sampling. The sample is cropped at the selected spatial po-

sitions with the selected scale and square aspect ratio. We

spatially resize the sample at 112 × 112 pixels so that the

Table 1: Training 3D ResNet-50 from scratch. Something

v2 indicates Something-Something v2. Larger Log ratio,

which is the log ratio between the accuracies on original

and shuffled inputs, indicates the smaller representation.

Dataset

Accuracy [%]

Log ratio
Original

inputs

Shuffled

inputs

Kinetics-400 64.3 32.7 0.68

Moments in Time 27.1 14.2 0.65

ActivityNet 33.4 29.6 0.12

UCF-101 45.3 32.0 0.35

HMDB-51 19.4 11.0 0.56

Something v2 44.3 2.3 2.95

Jester 92.0 20.1 1.52

Gym288 71.7 3.9 2.92

Diving48 15.1 4.2 1.29

size of training sample is the 3 channels × 16 frames × 112
pixels × 112 pixels. Each sample is horizontally flipped

with 50% probability. We also perform mean subtraction,

which means that we subtract the mean values of Kinetics-

400 from the sample for each color channel.

In our training, we use cross-entropy losses. The train-

ing parameters include a weight decay of 0.0001 and 0.9

for momentum. When training the networks, we start from

learning rate 0.03, and divide it by 10 at every 100 epochs.

The training continues until 250 epoch. We use 4 GPUs for

the all training, and a mini-batch size is 32 clips per GPU.

Inference. We adopt the sliding window manner to gener-

ate input clips, (i.e., each video is split into 32-frame clips

with 16-frame strides), input each clip into the trained mod-

els, and estimate the clip class scores, which are averaged

over all the clips of the video. The class that has the maxi-

mum score indicates the classified label.

4. Results and Discussion

4.1. Analyses of scratch training

We began by training 3D ResNet-50 on each dataset

from scratch. We conducted this experiment to confirm

the differences of representation biases learned from each

dataset. We used Kinetics-400, Moments in Time, Ac-

tivityNet, UCF-101, HMDB-51, Something-Something v2,

Jester, Diving48, and Gym288.

Table 1 shows accuracies on original and shuffled inputs

as well as the log ratios between the accuracies. As can be

seen in the table, the log ratios of generic action recognition
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(c) UCF-101.

Figure 2: Finetuning 3D ResNet-50 on Gym288, Diving48, and UCF-101. Blue and red colors indicate generic and fine-

grained action recognition datasets, respectively. K4, MiT, ActNet, UCF, HMDB, Some, Gym, and Diving means Kinetics-

400, Moments in Time, ActivityNet, UCF-101, HMDB-51, Something-Something v2, Gym288, and Diving48, respectively.

datasets (top rows) are small compared with the ratios of

fine-grained recognition datasets (bottom rows) though the

accuracies vary due to the difficulty of recognition on each

dataset. High accuracies on shuffled input frames mean that

the trained models ignore the motion information, i.e., the

trained models capture the biases toward the static cues.

These results indicate that the models trained on existing

generic action recognition datasets leverage the static cues

to recognize actions whereas the models trained on fine-

grained recognition datasets focus on the dynamic motions.

4.2. Analyses of finetuning

Here, we conducted experiments of finetuning the pre-

trained models to explore transferability of the models. We

assumed that the models with the large biases toward the

static cues can work well on the datasets of generic action

recognition, which the static cues are important to, but per-

form poorly on the datasets of fine-grained action recogni-

tion, which focuses on classifying dynamic motions.

Figure 2 shows the results of the models when finetuning

on Gym288, Diving48, and UCF-101, respectively. Here,

it can be seen that the accuracies of models pretrained on

ActivityNet, UCF-101, HMDB-51, and Diving48 are rela-

tively low due to the small number of pretraining data. We

can also see that the the models pretrained on Something-

Something v2 and Jester achieved better accuracies on

Gym288 and Diving48, which are fine-grained recogni-

tion datasets, compared with Kinetics-400 and Moments in

Time datasets, which are larger scale video datasets for the

generic action recognition task. Something-Something v2

and Jester are also fine-grained action recognition datasets

of different domains. These result indicate that represen-

tations with small biases are effective even though the rep-

resentations are learned from different domains, and that

the biases acquired from generic action recognition datasets

degenerate the transferability of feature representations to

fine-grained action recognition even though the representa-

tions are learned using larger datasets. In addition, we can

see that the Kinetics-400 and Moments in Time pretrained

models achieved higher accuracies on UCF-101 compared

with the accuracies of the models pretrained on Something-

Something v2 and Jester. This result indicates that the bi-

ased feature representations works better on generic action

recognition. If a model achieves good accuracy on generic

action recognition, the representation of model may be bi-

ased and transferability is low especially on fine-grained ac-

tion recognition datasets.

5. Conclusion

In this study, we examined training 3D CNNs on vari-

ous video datasets in order to build the models that prop-

erly leverage temporal information to recognize actions.

Based on the results of those experiments, the following

conclusions could be obtained: (i) The representation biases

learned from fine-grained action recognition datasets are

smaller than those from generic action recognition datasets.

(ii) The models pretrained on fine-grained action recogni-

tion datasets, of which the biases are small, leverage tempo-

ral information to recognize actions rather than static infor-

mation. (iii) The models that leverage temporal information

achieve better performance on fine-grained action recog-

nition whereas the performance of the models pretrained

on biased datasets is better on generic action recognition.

We should evaluate recognition models on both generic and

fine-grained recognition datasets to properly evaluate the

performance of models.
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