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Abstract

Action recognition models are increasingly deployed on devices whose compute budget is
far smaller than the one they were designed on. X3D [6] addresses this by expanding a
small 2D architecture one axis at a time, trading accuracy against cost explicitly. This
report summarises X3D and its realisation in PyTorchVideo [4], then asks how well its
Kinetics-400 representation transfers to isolated sign language recognition. We fine-tune
three Kinetics-400-pretrained variants on the AUTSL dataset [23] of 226 Turkish signs at
six freezing depths, from no frozen block, i.e. the whole network is trained, to five, i.e.
only the classifier head is trained. The “best” configuration, in terms of accuracy—trainable
parameters trade—off, X3D_M with two frozen blocks, reaches 82.28% top—1 on the test split
at 4.90 GFLOPs per clip. The implementation can be found in this repository and the data
is available in this link.

Contents
1 Introduction
2 Related work
3 X3D: A technical summary
3.1 X2D architecture . . . . . . . . . e
3.2 Expansion operations and mechanisms . . . . . .. .. L L o000
3.3 X3Dfamily . . . . ..
4 Experiments
4.1 Datasets . . . . . . e e e
4.2 Implementation details . . . . . . . . . . . ... e
4.3 Evaluation metrics . . . . . . . . ..
4.4 Mainresults . . . . . . oL
4.4.1 Learning behaviour on train/validation sets . . . . . ... ... ... ...
4.4.2 Final evaluation on test set . . . . . .. .. .. Lo L
4.4.3 Generalising toourdata . . . . . ... oL Lo
5 Conclusion and discussion

[S2RTSGTNGTN

© oo @


https://github.com/Trminh06-work/X3D_4_SignLang.git
https://www.kaggle.com/datasets/baominhtran06/sit332-autsl4x3d

1 Introduction

Action Recognition is a dynamic and leading research area in Computer Vision, primarily de-
veloping efficient models to detect and understand human actions from video data [10]. Its
development is closely tied with several real-world applications. In medical environment, the
number of patients usually outnumber the number of skilled staff. Therefore, medical robots
are essentially important to reduce the workload, and thus, they must be smoothly integrated
and capable of understanding the current states and work without explicit instructions from
staff [24]. Another application is early criminal activity recognition from surveillance cameras in
real-time manner [16], and other applications can be found in [10, 14]. Due to their prevalence
and significant impacts in real-world practices, various models have been proposed, e.g. X3D
[6], SlowFast [7], Two-streams CNN-based networks [22], and MViT [5, 15].

Nonetheless, there are non-negligible obstacles associated with Action Recognition applications,
and the above-mentioned models cannot overcome all of these. As surveyed in [10, 14], one
action is likely performed in various ways by different people, video quality is worsened in
outdoor recordings, insufficient annotated data, some actions cannot be well-interpreted and
many more. Importantly, Computer Vision applications are mostly deployed to edge devices
whose computing capacities are limited while demanding low latency and real-time inference
accuracy [13, 29]. Therefore, this report is interested in exploring a model, namely X3D [6],
originally implemented using PyTorchVideo [4], which offers competitive efficacy in terms of
floating point operations (FLOPs) and parameters while maintaining relatively good accuracy,
which is installable on edge devices.

Within the realm of action recognition, sign language recognition is particularly intersting due to
its practical significance. In daily life, hearing individuals communicate verbally both in—person
and online, while deaf people communicate by use of different sign languages, involving plenty
of facial expressions, hand and body gestures to express their thoughts. It has posed several
difficulties to bridge the communication gap between deaf and hearing people, or even between
deaf people using different system of sign languages, especially demanding as fast as we verbally
communicate in foreign languages. This topic has been extensively studied, as surveyed in [17].
Similar to real-time speech recognition and translation, the community aims to develop models
capable of recognising continuous sign language videos [27]. For sake of simplicity, we shall study
isolated sign language recognition tasks [19].

In this work, we are curious about the capacity of pretrained X3D, provided by PyTorchVideo,
can be fine—tuned to understand isolated sign language videos. Also, we are specifically interested
in the performance gap between fine—tuning the whole model and partly on the sign language
dataset. In brief, the contributions of this report are:

e A technical summary of X3D.

e Benchmark different fine-tuning approaches across different X3D variants on AUTSL dataset.
e A quantitative result on performance of X3D on isolated sign language recognition tasks.
e Evaluate AUTSL—trained X3D on our hand—crafted dataset.

The remainder of this report is structured as follows. In Sec. 2, related models are reviewed.
We concretely summarise the architecture and key contributions of X3D in Sec. 3. The
experimental setup is explicitly described in Sec. 4. Finally, in Sec. 5, we convey certain
remarking claims and discuss further on future developments of this work.



2 Related work

A comprehensive survey of proposed methods for different action recognition tasks can be found
in [10, 14] and a nicely concise history of development is included in [20]. Hence, we shall confine
ourselves to some recent relevant models herein.

SlowFast Networks [7]. This network adopts the Two—stream CNN-based framework [22] for
incorporation between spatial and temporal semantics of video data. It was originally inspired
by the biological studies in primate visual system, and prematurely mimicking the mechanisms
of Parvocellular and Magnocellular to develop the Slow-Fast pathways and lateral connections
between them. Evidently, different variants achieved, on Kinetic-400 [11]: 75.6% to 79.8% top-1
accuracy, 92.1% to 93.9% top—5 accuracy, on Kinetic—600 [1]: 78.8% to 81.8%, and on Charades
[21]: 39.0 to 45.2 mAP.

EfficientNet [26]. This model relies on the scalability philosophy of DL models, e.g. Residual
Networks [9], and platform—aware search of network architecture [25]. Then, by scaling the
ConvNets wisely across three dimensions, i.e. depth, width and resolution. Different model
variants achieved, on ImageNet dataset [18], 77.1% to 84.3% top—1 accuracy and 93.3% to
97.0% top-5 accuracy, with fewer learnable parameters, from 5.3M to 66M. The X3D model
was built upon the philosophy in this network type, but offers more computational advantages.

MVIT [5, 15]. This model was established by leveraging the multiscale feature hierarchies in
CNN-based models and the attention mechanism in Transformer—based models. By doing this,
the model can establish a pyramid of features similar to CNN while globalising the interactions
amongst the local regions thanks to self-attention. Therefore, it reduces the locality bias in
CNN-based models and simultaneously breaking the permutation invariance in ViT [2], which
is semantically wrong in the context of video understanding where temporal relationship must
be considered. As a result, it gained, on Kinetic—400 [11], 76.0% to 81.2% top—1 accuracy and
92.1% to 95.1% top—b accuracy, on Kinetic—600 [1], 82.1% to 83.8% top—1 accuracy and 95.7%
to 96.3% top—5 accuracy, and on Charades [21], 43.9 to 47.7 mAP.

MoViNets [13]. This model substantially reduces the peak memory usage and computa-
tional budget while performing competitively in the benchmark datasets above. The authors
utilise the neural architecture search to determine a good construction of 3D CNN architectures.
Then, they introduce stream buffer component to simultaneously reduce memory consumption
and maintain long-range temporal dependencies of sub—clips. Still, it loses some accuracy, by
roughly 1% in Kinetic-600 [1]. Thus, they recover the accuracy loss by leveraging the ensembling
philosophy [12], specifically, they train two model variants independently and combine them by
taking the arithmetic mean on the unweighted logits before their final softmax layer.

Indeed, some models, in the family of MoViNets, are better, in terms of GFLOPs and top-1
accuracy, than certain variants of X3D, as reported in Appendix C of [13]. Nonetheless, it
was originally implemented in TensorFlow, not PyTorchVideo, though there is an incomplete
unofficial implementation, can be found in this link. We shall confine ourselves to X3D due
to its complete availability and technical ease.


https://github.com/Atze00/MoViNet-pytorch.git

3 X3D: A technical summary

This model adopts the idea of extending 2D CNN models to 3D CNN models by considering
temporal axis in the data. More precisely, X3D generalises the compound model scaling
introduced in [26] to more axes and starts scaling from a different baseline 2D model, which
they called X2D. Moreover, they balance the computation and accuracy trade-offs by the proposal
of forward expansion and backward contraction. Interestingly, X3D was first implemented in
PySlowFast [3], and enhanced for adaptability to mobile devices in PyTorchVideo [4] thereafter.
Next, we concretely introduce the X2D backbone and notations used.

3.1 X2D architecture

Briefly, X2D is inspired by the ResNet [9] architecture and the Fast pathway in SlowFast networks
[7]. Because X2D does not consist of temporal axis, hence its temporal stride is set to 1. In
particular, the Table 1 presents the conceptual design of X2D if and only if v, = v = v =
Yw =Y = Y4 = 1. As reported, X2D has 20.67M FLOPS and 1.63M parameters. Interestingly,
comparing to the SlowFast networks [7], X2D can be viewed as the Slow pathway in the SlowFast
networks since it solely uses one single frame at once, while its width is much lighter and similar
to the Fast pathway.

As the output sizes column of Table 1 shows, X2D preserves the temporal resolution ~; at every
stage but the last while reducing the spatial one, which resembles the SlowFast pathways [7]
and thus retains all temporal signal across features per stage.

The difference between 2D and 3D CNNs are attributed to the number of dimensions of the
kernel block, particularly, for 2D CNNs, the kernel is a matrix, whereas for 3D CNNs, the kernel
is a 3D tensor. We shall denote the 3D kernel block with a spatiotemporal size of T' x S?, where
T is the temporal length/duration and S is the width and height.

3.2 Expansion operations and mechanisms

To extend a tiny spatial network X2D to a spatiotemporal network X3D, [6] recommends six
possible expansion operations, defined to scale four dimensions, i.e. temporal, spatial, width
and depth as follows.

o X-—Fast: expands «; by increasing the frame rate 1/~,.

o X-Temporal: expands 7; by increasing the frame rate 1/, and sampling longer subclips.
e X—Spatial: expands s by increasing the spatial sampling resolution of input frames.

e X—Depth: expands 4 by increasing the number of layers per residual block res;.

e X—Width: expands 7,, to uniformly increase the number of channels across all layers per
residual block res;.

« X—Bottleneck: expands the inner channel width, -, of first two layers in per residual
block res;.

These axes are illustrated in Figure 1.
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Figure 1: X3D networks progressively expand a 2D network across the following axes: temporal
duration -, frame rate ~., spatial resolution ~,, width ~,,, bottleneck width ~;, and depth ~4.
Redrawn after [6].

Having introduced possible scaling dimensions suggested in the paper, we show two key expan-
sion regimes underpinning their discovery of network architectures. It is noteworthy that, there
are different sizes of X3D depending how many times X2D is progressively scaled using the afore-
mentioned expansion operations. Remarkably, the computation/accuracy trade—off is controlled
by utilising a feature selection method, i.e. forward selection and backward elimination [8].

Forward expansion. At each iteration, the algorithm loops through all possibilities by chang-
ing a factor in I' £ {V+,7t, Vs Yw, Vb, Ya} and keeping others unchanged. Two important factors
driving the choice of scaling dimensions are. First, the goodness criterion function J(I"), which
is chosen to be the accuracy gained by expanding the current model by I', and thus, the higher
the better. Second, computing resources are of paramount importance, and hence, deserved to
be considered during the expansion. Let us denote C(I') be a complexity criterion function,
specifically FLOPs measurement in [6]. Ultimately, each iteration, the algorithm opts out the

best balance between accuracy and complexity. Formally, I' = argmax J(Z), where Z are
Z, C(2)=c
possibilities of varying I" and c¢ is the target complexity budget.

Remarkably, one may notice, there can be at most 26 ways to change, each of which exhausts
the computational capacity by varying ¢ € R. Therefore, they rely on the idea of coordinate
descent algorithms [28] and fixing the expansion rate at ¢ ~ 2. In order to ensure this expansion
rate, [6] provides details how much each scaling dimension can be expanded coordinate—wise.

Backward contraction. Simply speaking, this step is introduced to the algorithm to reduce
C(Z2) when its target complexity is surpassed in the prior forward expansion, so that C(Z) < ¢
is guaranteed at each iteration.



3.3 X3D family

stage filters output sizes T' x S?
data layer stride ~,, 12 Ty x (11275)?
convy 1x 32, 3x1, 24, 1y % (5675)? } blocks [0]
1 x 12, 249 Y
resy 3% 32, 24vpve | X Va 1y x (2875)? blocks[1]
1 x 12, 247,
1% 12, 48vp7e |
ress 3% 32, 48V Ve | X 274 1y x (1474)? blocks[2]
| 1x 1% 48y, |
[ 1% 12, 9671 Yas ]
resy 3% 3% 967V | X574 1y % (T7s)? blocks[3]
| 1x 12, 967,
1 x 12, 192947w
ress 3 x 32, 1927, X 34 1v; x (47,)? blocks [4]
1 x 12, 192+,
convs 1 x 12, 1927574 Ty x (47s)?
pools 1y; x (475)? Ix1x1 blocks [5]
feq 1 x 12, 2048 I1x1x1
fco 1 x 12, #classes 1x1x1

Table 1: X3D architecture [6]. The dimensions of kernels are denoted by {T' x S2 C} for
temporal, spatial, and channel sizes. Strides are denoted as {temporal stride, spatial stride?}.
This network is expanded using factors {7, V¢, Vs, Y, Vb, Ya} to form X3D. The braces on the
right give the corresponding entry of the blocks module list of the PyTorchVideo implemen-
tation [4], i.e. the stem blocks[0], the four residual stages blocks[1] to blocks[4], and the
head blocks[5]. The data layer is a sampling step so no trainable parameters required.

Concretely, X3D is a feature extractor of a video. Conceptually, this can be represented as in
Figure 2 below:

input feature extractor fg

|
[
video clip convy resy —ress convs, pools | | | fey, fep | dicti
rediction
To x S?x3 Iye x (5678)2 Iye X (4’75)2 1929 Y } ##classes | P
| |

Figure 2: X3D as a video feature extractor followed by a linear classifier. The shape below each
stage is its output size, following Table 1. In the input stage, Tp is the total frames in the raw
video input and 3 implies each video’s frame is in RGB color space.

The 2D CNN processes the whole image by learning local information stage by stage, until the
final blocks are sufficiently dense, and hence, a classifier, typically MLP, is used to yield final



prediction. The 3D CNN generalises this concept by considering multiple frames at once, thereby
allowing the model to understand the underlying temporal dependence inherently in video data,
and keeps other aspects of 2D CNN as is. Put simply, both 2D and 3D CNNs are simply feature
extractors, said differently, it learns to transform raw data into numerically meaningful vectors.

Due to limited computing resources, we shall skip the expansion of X2D to X3D, and directly lever-
age different variants of X3D models, supported by PyTorchVideo, to conduct the experiments
in the upcoming sections.



4 Experiments

4.1 Datasets

In short, their motivation for creation of the AUTSL dataset is to replicate the real-world sce-
narios when using sign languages. The dataset contains frequently used vocabularies in spoken
language, and keep the dataset balanced in terms of motion characteristics and time taken to
complete a word. Table 2 below shows an overview of the dataset.

Property Description
Number of signs 226
Number of signers 43
Total samples 38,336
Number of different backgrounds 20
Mean sample per sign 169.6
Modalities RGB, depth, skeleton
RGB and depth resolution 512 x 512
FPS 30

Table 2: Statistics of AUTSL dataset [23].

Regarding challenges, the videos span a wide variety of static and dynamic backgrounds, the
latter containing objects moving behind the signer. The authors further selected signs that are
very similar in motion and separated only by subtle gestures, included compound signs built
from simpler ones, and recruited signers of differing backgrounds, so that personal signing style
varies across the dataset.

In this experiment, we leverage the available AUTSL dataset given in Kaggle, accessible via this
link. This dataset only comprises of RGB-colored videos, for a comprehensive dataset of AUTSL,
including different video formats of the same data, refer to this link. Therefore, by utilisation
of Kaggle dataset, we limit ourselves to benchmark X3D performance on RGB—colored videos.
Lastly, the downloaded data was already partitioned, and thus, we shall not split the dataset by
our own.

Set Number of samples Percentage
Train 28,142 77.5%
Validation 4,418 12.2%
Test 3,742 10.3%
Total 36,302 100%

Table 3: Number of samples inspected directly from the dataset.

Apparently, Table 2 and Table 3 differ in the total number of samples, suggesting a data
shift between the Kaggle release and the original. We therefore re—inspect the dataset from its
filenames in Figure 3 and Figure 4, which still count every clip. Of these, 11 are truncated
and cannot be decoded, i.e. 10 in train and 1 in test, and are excluded from both training and
testing, leaving the 28,132 and 3,741 clips actually used.


https://www.kaggle.com/datasets/sttaseen/autsl
https://www.kaggle.com/datasets/sttaseen/autsl
https://cvml.ankara.edu.tr/datasets/

Clips per signer

3000 - -
B train
. val
2500 1 . test
2000 -
W
=
< 1500 -
1000 -
I ! ! ' I I !
12 4 5 6 7 101112131415161?lS19202122232425252?2329303132333435363?3839404142
signer
Figure 3: Inspection of number of clips produced by each signer.
all splits train val test 225
226 classes, 36,302 clips 226 classes, 28,142 clips 226 classes, 4,418 clips 226 classes, 3,742 clips

Class ID

Figure 4: Distribution of sign classes across the dataset splits. Every split covers all 226 classes.
All splits: 36,302 clips, with min 121, median 162, mean 160.6 and max 164 clips per class.
train: 28,142 clips (min 90, median 126, mean 124.5, max 127) validation: 4,418 clips (min
12, median 20, mean 19.5, max 20) test: 3,742 clips (min 10, median 17, mean 16.6, max 17).

Dataset building. According to the models’ sizes in this code, we adopt the clip geometry
summarised in Table 4.

Model size num_frames crop_size

X3D_XS 4 160
X3D_S 13 160
X3D_M 16 224

Table 4: Number of frames and crop size for each video.

AUTSL dataset must be built with the matching num_frames and crop_size, otherwise the
weights load but the model sees inputs it was never trained for.

4.2 Implementation details

In this experiment, we do not benchmark the model against other methods. Alternatively, we
benchmark different fine-tuning approaches of different models’ sizes.

In the original codebase, X3D was pretrained on Kinetics-400 dataset [11], and thus the final
softmax layer does not match the number of classes in AUTSL dataset. Therefore, we replace


https://github.com/facebookresearch/pytorchvideo/blob/f3142bb05cdb56af0704ab6f0adfb0c7bbafe4a0/pytorchvideo/models/x3d.py#L539

the final linear projection layer, to reduce the number of classes. Formally, let g(x) is the final
fully connected layer of pretrained X3D, given by:

g: RF - R (1)
We shall replace it by:

g : RF — R?26 (2)

The remaining settings are as follows.

e Data. The AUTSL train split, i.e. 28,142 — 10 = 28,132 clips over 226 classes, unless a
subset is configured.

e Preprocessing. Uniform temporal subsampling to the variant’s clip length, resizing to
its crop size, random horizontal flip, scaling to [0, 1] and per—channel normalisation with
mean 0.45 and standard deviation 0.225.

e Initialisation. Kinetics-400 weights for the backbone, and a freshly initialised linear
head.

e Optimisation. Cross—entropy loss with Adam. About fine-tuning different components,
frozen blocks are excluded from the optimiser and held in evaluation mode, so that their
BatchNorm running statistics do not drift.

« Hyperparameters. Epochs = 100, batch size = 16 and learning rate = 10~%.

o Hardware. AMD EPYC 7402P (24 cores - 48 threads), 256 GB DDR4 RAM and 4x
NVIDIA A100 (40GB HBM2 each).

4.3 FEvaluation metrics

Since X3D is designed around an accuracy—complexity trade-off rather than accuracy alone [6],
we report metrics along two axes, i.e. how well a model recognises signs, and how expensive it
is to store and to evaluate.

Top—k accuracy. Let the test split be D = {(V;, )}, where V;isaclipand y; € {1,...,C}
is its sign label, C' = 226 being the number of classes. For each clip the network, i.e. the

final softmax layer, produces a score vector z; = (21, ..., zc) € RY, and we write Ry (V;) C
{1,...,C} to denote the subset of k < C classes receiving the largest scores. The top—k accuracy:
1
topk = D 1 {y; € Ry(Vi)}, (3)
i=1

where 1{-} denotes the indicator function.

We evaluate k € {1,3,5}, and note that Ry C R3 C R5 = Top-1 < Top—3 < Top-5. Top-1
is the strict accuracy, i.e. the fraction of clips whose most probable class is correct, and is
the quantity of practical interest for a recognition system. Top—5 is the conventional companion
metric on Kinetics-400 [11] and ImageNet [18]. Top-3 is included to give balance between strict
metric top—1 and easy metric top—5. The margin between Top—1 and Top—3 therefore diagnoses
the nature of the residual errors, i.e. a small margin indicates genuine failures, whereas a large
one indicates near misses within a small group of mutually confusable signs.

10



Total and trainable parameters. Let 6 be the full set of parameters of a model and 6, C 6
the subset left unfrozen during training. We report the cardinalities |f| and |f;,|. Because
our experiments compare fine—tuning strategies rather than competing architectures, this pair
separates two costs that a single count would conflate. |6| governs the memory required to store
and deploy the network, whereas |0;;| governs the gradients and optimiser state held during
training, and thus the cost of adaptation.

GFLOPs. We quantify inference cost by the number of floating—point operations required for
one forward pass, expressed in units of 10°. Following the convention adopted in [6, 26], we
count multiply-adds and quote the cost of a single clip. Importantly, GFLOPs is an analytic
quantity, independent of hardware, and is therefore a fair proxy for arithmetic effort but not for
wall-clock latency.

4.4 Main results
4.4.1 Learning behaviour on train/validation sets

We train every combination of the three variants X3D_XS, X3D_S and X3D_M with 0 to 5 of the
six blocks held frozen. Figure 5 shows the two extremes of this sweep, and Table 5 collects
the best validation top—1 of every run.

loss accuracy loss accuracy

— train ods7 — train

— velidation 05 - 54~ — validation 1.0~ 0.899

5238
4840 0590

0192

a0 4953 44- 4480  00-

1 10 20 30 40 S0 60 70 80 90 100 1 10 20 30 40 50 60 70 8 90 100 1 10 20 30 40 50 60 70 80 90 100 1 10 20 30 40 50 60 70 80 90 100
epoch epoch epoch epoch

(a) X3D_XS, head only. (b) X3D_X8, full fine—tune.
loss accuracy loss accuracy
=1 trainy 0.653 54- train 0.988
el — validation  *7 " — validation ;o _
02- 4.627 o4
1 10 20 30 40 50 60 70 8 % 100 1 10 20 30 4 S0 s 70 8 % 100 1 10 20 30 40 50 6 70 80 SO 100 1 10 20 30 40 50 6 70 8 S0 100
(c) X3D_S, head only. (d) X3D_s, full fine—tune.
loss accuracy loss accuracy
— ! —
N 0.702 54 trainy 0.983
- 08+ 0852
22 5.0-
4.739 007 a9 4.448
(e) X3D_M, head only. (f) X3D_M, full fine—tune.

Figure 5: Per—epoch cross—entropy loss and top—1 accuracy on the train and validation splits,
for the two extreme fine—tuning depths of each variant. Freezing five blocks leaves only the
classifier trainable, whereas freezing none updates the whole network.
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Frozen X3D_XS X3D_S X3D_M

blocks train val train val train val

954 639 983 815 984 854
954 64.7 984 804 983 855
95.5 642 984 810 989 86.1
93.7 587 985 758 98.7 834
924 492 977 711 978 771
480 199 643 365 698 385

Gk W N~ O

Table 5: Top—1 accuracy (%) on the train and validation splits, for each variant and freezing
depth. The variants differ only in the clip they sample, i.e. X3D_XS takes 4 frames at 1602,
X3D_S 13 frames at 160? and X3D_M 16 frames at 2242. The best validation entry per variant is
bolded.

Underfitting. Training the classifier head only amount to underfitting, evidently 48.0%,
64.3% and 69.8% accuracy for X3D_XS, X3D_S and X3D_M, respectively. This is indicative of
the Kinetics-400 pretrained weights may not contribute vastly to models’ performance on
AUTSL, and mostly rely on the learning capacity of the classifier block.

Pretrained weights may not help. Looking at learning curves in Figure 5, at the first few
epochs, they accuracy is extremely low. Semantically, this is true, since Kinetics-400 and AUTSL
are constructed for two completely different tasks. Nonetheless, we cannot strongly claim that
this does not help, since the pretrained weights may yield a relatively good initial starting point
to optimise the models, in terms of local optimality and convergence speed. Further ablation
studies must be conducted to compare between train—from—scratch vs. train—from—pretrained.

Overfitting. Interestingly, enabling more blocks in the backbone model trainable flips the
situation. It immediately overfits to the training data for the first block adjacent to the classifier
head, evidently by the huge gap between train and validation accuracy. Nevertheless, the gap
is converging as we allows more parameters learnable, and astonishingly, such train—validation
gap is narrower in X3D_M than in X3D_XS.

Clip sampling outweighs adaptation depth. The ordering X3D_M > X3D_S > X3D_XS
holds at every freezing depth, and the margin is large. More specifically, on validation accuracy,
X3D_M with three blocks frozen (83.4%), fully fine-tuned “best” X3D_S (81.5%), and one block
frozen “best” X3D_XS (64.7%). From Table 6, three variants differ only in the clip drawn from
each video and the cropping size each frame. Therefore, the gain is attribute to temporal and
spatial sampling rather than to capacity, and it is traded off with GFLOPs.

Recommendation. From the above—mentioned results and analysis, we shall pick X3D_M with
2 frozen blocks as our “best” model, due to its performance competency and good trade—off with
trainable parameters.

12



4.4.2 Final evaluation on test set

Model Frozen Top—-1 Top—-3 Top—5 Params Trainable GFLOPs

(%) (%) (%) (M) (M)
X3D_XS 0 54.08 72.36 78.40 3.438 3.438 0.63
X3D_XS 1 56.91 74.58 80.78 3.438 3.437 0.63
X3D_XS 2 53.49 73.08 79.76 3.438 3.422 0.63
X3D_XS 3 49.67 69.31 76.90 3.438 3.348 0.63
X3D_XS 4 38.89 58.49 66.61 3.438 2.779 0.63
X3D_XS ) 14.68 26.01 31.36 3.438 1.432 0.63
X3D_S 0 75.67 89.74 93.42 3.438 3.438 2.03
X3D_S 1 76.56 89.76 93.26 3.438 3.437 2.03
X3D_S 2 75.67 89.60 93.50 3.438 3.422 2.03
X3D_S 3 69.85 85.89 90.35 3.438 3.348 2.03
X3D_S 4 63.46 81.05 86.93 3.438 2.779 2.03
X3D_S 5 29.35 43.89 50.12 3.438 1.432 2.03
X3D_M 0 82.38 93.50 95.94 3.438 3.438 4.90
X3D_M 1 80.83 92.70 95.64 3.438 3.437 4.90
X3D_M 2 82.28 94.49 96.52 3.438 3.422 4.90
X3D_M 3 eV 90.56 94.04 3.438 3.348 4.90
X3D_M 4 73.62 89.20 93.40 3.438 2.779 4.90
X3D_M 5 34.86 50.98 57.31 3.438 1.432 4.90

Table 6: Performance on the AUTSL test split (3,741 clips evaluated over 226 classes). The best
top—1 per variant is bolded.

Freezing depth. Training the whole network rather than the head alone adds 39.4, 46.3 and
47.5 top—1 points for X3D_XS, X3D_S and X3D_M, at 2.4x the trainable parameters. Interestingly,
by unfreezing only one block adjacent to the head block, i.e. ress, lifts X3D_M from 34.86%
to 73.62% for 1.35M extra trainable parameters, likewise for X3D_XS and X3D_S. Thereafter,
unfreezing other blocks gain more accuracy, though not a big jump as before.

Model size. Moving from X3D_XS to X3D_S costs 3.2x the GFLOPs and returns 19.7 top—1
points; the further step to X3D_M costs 2.4x again for only 5.8. The longer clip is therefore not
wasted on isolated signs, but its value saturates.

Error type. The top—1 to top—3 margin is widest for X3D_XS and narrowest for X3D_M. We
shall claim, though insignificantly, that the small variant’s errors are largely near misses among
confusable signs, whereas the residual errors of X3D_M are more often outright failures.

4.4.3 Generalising to our data

We separate this section from the testing above, since the test split still shares underlying
patterns with the train split, e.g. signer identity, background and experimental bias. To build
the dataset we watched the public clips, replicated their motions and annotated with the same
numeric id, as the model learnt indexed rather than text—based classes. Also, it poses more
challenges, as we cannot mimic the mouth movements that some signs involve, our lighting is
poor and introduces scattering, and AUTSL records the full body whereas we recorded only the
upper half.

Setup. We recorded ten clips on a laptop camera at 1620 x 1080, each imitating one AUTSL
sign and named after the test clip whose label it borrows. In other words, the footage itself is
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our own and only the labelling convention is shared. They were converted to mp4 and passed
through the pipeline of Sec. 4.2. We run the inference on this hand—crafted data using CPU
on MacBook M3 Pro.

Clip True class Predicted (top—1) Confidence Inference time (s)

0 161 161 1.000 0.369
1 T T 0.667 0.331
2 22 18 0.974 0.343
3 157 213 0.860 0.310
4 112 32 0.680 0.328
5 128 o4 0.703 0.313
6 14 14 1.000 0.316
7 5 5 1.000 0.340
8 23 23 0.987 0.332
9 155 155 0.999 0.404

Table 7: Predictions of X3D_M with two frozen blocks on ten self-recorded clips. Confidence is
the softmax probability of the predicted class.

Accuracy. As collected in Table 7, the model recognises six of the ten clips, i.e. 60% top—1,
60% top—3 and 70% top-5, yet incomparable with the test results in Table 6 due to insufficient
samples.

Confidence. The wrong predictions are as confident as the right ones, i.e. 0.68 to 0.97 against
0.67 to 1.00. Softmax confidence therefore offers no usable signal for rejecting an out—of—

distribution clip.

Latency. Inference took 0.310 to 0.404 seconds per clip, 0.339 on average, on a CPU alone.
It suggests the model is deployable for real-time inference.
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5 Conclusion and discussion

Conclusion. This report summarised X3D [6], the family of video networks obtained by ex-
panding a small 2D architecture one axis at a time, and examined how its PyTorchVideo im-
plementation [4] transfers to isolated sign language recognition on AUTSL [23]. Our best config-
uration, X3D_M with two frozen blocks, reaches 82.28% top—1, 94.49% top—3 and 96.52% top—5
on the AUTSL test split, at 4.90 GFLOPs per clip and 3.42M trainable parameters. Importantly,
the emprical results highlight that, it is unnecessary to retrain the whole backbone model.

Regarding fine-tuning approaches, considering each model size (XS, S, M), on test accuracy, full
fine—tuning is worth between 39.4 and 47.5 top—1 points over training only classifier head, but
the gain is unevenly distributed. Unfreezing one further block substantially improves model’s
prediction accuracy, and freezing the first one or two blocks costs nothing.

Regarding model sizes, considering each fine-tuning strategy, the larger variant repays its cost
only in part. On test accuracy, from X3D_XS to X3D_S returns 14.67 - 24.57 points for 3.2x the
GFLOPs, whereas from X3D_S to X3D_M returns 4.27 — 10.16 for a further 2.4x. Since all three
variants share one parameter count, this is the price of sampling a longer clip rather than of
a larger model, suggesting the models are capable of longer video contexts and supporting its
generalisation.

Limitations. First, due to resources availability, each configuration was trained once, i.e. no
confidence interval was conducted, and thus the reported result is unreliable in terms of seed
variance. Second, only the RGB modality was used, leaving the depth and skeleton streams
of AUTSL unexploited, which may improve models’ generalisation capacity. Third, GFLOPs
measures arithmetic rather than latency on an actual edge device, and hence we are unable to
claim its practical significance on IoT applications. Fourth, the model can only predicts 226
Turkish isolated signs, any thus, fails to predict out—of—distribution data, e.g. other signs in
Turkish language system and generalising to other sign language systems.

Future work. PyTorchVideo’s X3D is faster than the original implementation [6, 3], yet still
short of what edge deployment demands. PyTorchVideo also supports EfficientX3D for that
purpose, so future migration to this model may facilitate more inference speed. More impor-
tantly, as mentioned earlier, this is an isolated sign language dataset, and thus, inapplicable
to real-world demands for real-time translation and continuous video processing. Therefore,
this current work may be adopted as pretrained weights, due to its inherent semantic meaning,
unlike Kinetics-400 pretrained models.
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