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Abstract

Continuous Sign Language Recognition (CSLR) is fundamental to bridging the communication gap between hearing-
impaired individuals and the broader society. The primary challenge lies in effectively modeling the complex spatial-tem-
poral dynamic features in sign language videos. Current approaches typically employ independent processing strategies for
motion feature extraction and temporal modeling, which impedes the unified modeling of action continuity and semantic
integrity in sign language sequences. To address these limitations, we propose the Motion-Temporal Calibration Network
(MTCNet), a novel framework for continuous sign language recognition that integrates dynamic feature enhancement and
temporal calibration. The framework consists of two key innovative modules. First, the Cross-Frame Motion Refinement
(CFMR) module implements an inter-frame differential attention mechanism combined with residual learning strategies,
enabling precise motion feature modeling and effective enhancement of dynamic information between adjacent frames.
Second, the Temporal-Channel Adaptive Recalibration (TCAR) module utilizes adaptive convolution kernel design and
a dual-branch feature extraction architecture, facilitating joint optimization in both temporal and channel dimensions. In
experimental evaluations, our method demonstrates competitive performance on the widely-used PHOENIX-2014 and
PHOENIX-2014-T datasets, achieving results comparable to leading unimodal approaches. Moreover, it achieves state-
of-the-art performance on the Chinese Sign Language (CSL) dataset. Through comprehensive ablation studies and quan-
titative analysis, we validate the effectiveness of our proposed method in fine-grained dynamic feature modeling and
long-term dependency capture while maintaining computational efficiency.

Keywords Continuous sign language recognition - Dynamic feature enhancement - Spatial-temporal modeling - Deep
learning

Introduction

Sign language, as the primary means of communication for
the deaf community, plays a crucial role in facilitating the
social integration of deaf individuals. However, the special-
ized nature and high learning cost of sign language make it
difficult for most hearing people to master, severely hinder-
ing effective communication between the deaf community
and mainstream society [1]. Continuous Sign Language
Recognition (CSLR) technology offers a viable solution to
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features for classification, such as color-based hand segmen-
tation [8] and shape-based gesture feature extraction. The
advent of deep learning has led to significant performance
improvements, with CNN-based methods [9] and skeleton-
point-based methods [10] showing promising results. How-
ever, these approaches often assume pre-segmented input of
single sign language vocabulary, making them difficult to
apply in real-world continuous sign language communica-
tion scenarios [11, 12]. In contrast, CSLR presents a more
complex set of challenges. Firstly, sign language actions
exhibit high spatiotemporal correlations, requiring accu-
rate capture and understanding of features such as gestures,
facial expressions, and body postures in continuous video
sequences [13]. Secondly, sign language often involves
collaborative expressions, where certain semantic informa-
tion can only be accurately conveyed through a combina-
tion of multiple action components [14]. Furthermore, the
temporal dependencies between different sign language
actions are complex, with long-distance semantic associa-
tions [15]. These characteristics make CSLR an exception-
ally challenging sequence recognition task. Existing CSLR
approaches predominantly encounter two fundamental
limitations. First, in terms of dynamic feature extraction,
current methods [16] utilize shared 2D CNNs to process
individual frames independently, inherently constraining
their capacity to capture temporal dynamics in sign lan-
guage sequences. Although 3D CNNs [17] and their (2
+ 1)D variants [18] partially address this limitation, their
fixed receptive field architectures demonstrate insufficient
adaptability in modeling motion patterns across multiple
temporal scales [19]. Second, regarding long-term tempo-
ral modeling, existing approaches [20] typically optimize
temporal and channel-dimensional features separately, thus
limiting the model’s capability to comprehend long-range
dependencies in complex sign language sequences [21].
Specifically, certain semantic concepts require the analy-
sis of gestural evolution over extended temporal windows
for accurate interpretation, imposing rigorous demands on
temporal modeling capabilities. While Transformer archi-
tectures [22] and temporal convolutional networks [23]
have shown advancement in modeling long-term depen-
dencies, these approaches often treat all feature channels
uniformly, failing to adaptively emphasize channels that
are more informative for the current sign context. In CNN
feature representations, different channels encode varying
levels of discriminative information—some channels may
capture more task-relevant patterns while others contain
redundant or noisy activations. This channel heterogene-
ity is particularly pronounced in sign language recognition,
where the discriminative features vary significantly across
different gesture types: fine-grained finger movements
require different feature emphasis compared to broad arm
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motions. Traditional approaches apply identical process-
ing to all channels, missing the opportunity to dynamically
reweight channels based on their information content and
relevance to the current sign gesture [24]. To address these
challenges, we propose Motion-Temporal Calibration Net-
work (MTCNet), a comprehensive framework that unifies
dynamic feature enhancement with temporal-channel adap-
tive recalibration for continuous sign language recognition.
The key innovation lies in our joint modeling approach
that explicitly addresses the channel correlation limita-
tion identified above: while existing methods treat feature
channels uniformly, our framework recognizes that differ-
ent channels encode distinct semantic components in sign
language—hand morphology, motion trajectories, facial
expressions, and body postures—whose relative importance
varies dynamically across different signs. MTCNet achieves
this through two synergistic modules: Cross-Frame Motion
Refinement (CFMR) captures precise inter-frame correspon-
dences via feature-level attention mechanisms, while Tem-
poral-Channel Adaptive Recalibration (TCAR) employs
entropy-driven adaptive kernels to dynamically emphasize
semantically relevant channels while modeling multi-scale
temporal dependencies. This design enables the model to
adaptively correlate, for instance, hand shape channels with
motion trajectory channels to distinguish between similar
gestures that differ in execution dynamics. We summarize
our main contributions as follows:

e < A calibration-driven paradigm that bridges motion
correspondence and temporal-channel semantics, pro-
viding a principled alternative to uniform channel treat-
ment and complementing Transformer-based global
modeling.

e + A Cross-Frame Motion Refinement module that es-
timates feature-level displacement via inter-frame dif-
ferential attention and residual enhancement, enabling
fine-grained motion correspondence without optical
flow.

e -+ A Temporal-Channel Adaptive Recalibration module
that employs adaptive kernels guided by entropy and
temporal variation, together with a dual-branch weight-
ing scheme, to explicitly model channel semantics and
temporal dependencies across multiple scales.

e + A comprehensive empirical study on PHOE-
NIX-2014/2014-T and CSL, with ablations showing
complementary gains from CFMR and TCAR and state-
of-the-art performance on CSL under RGB-only input.
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Related work
Continuous sign language recognition

Continuous Sign Language Recognition (CSLR), a chal-
lenging sequence recognition task, has undergone sig-
nificant development from traditional approaches to deep
learning-based methods. Early studies primarily employed
Gaussian Mixture Model-Hidden Markov Model (GMM-
HMM) approaches incorporating hand-crafted visual fea-
tures [25]. However, these manual features demonstrated
limited robustness and precluded end-to-end optimization
within the recognition system.

To leverage the powerful feature extraction capabilities
of deep learning, researchers developed hybrid architec-
tures that integrated deep neural networks with HMM [26].
Although these approaches utilized deep networks for visual
feature extraction and HMM for sequence dependency
modeling, they were constrained by complex training proce-
dures requiring frequent prior probability estimation. Subse-
quently, CTC-based methods [27-29] attracted considerable
research interest due to their end-to-end training advantages.
Notable contributions include CMA [27], which leveraged
pseudo video-text pairs through cross-modal enhancement
strategies and VAC [30], which introduced visual alignment
constraints to enhance feature extractor expressiveness.
Nevertheless, these methods exhibited limitations in fine-
grained motion feature processing and long-term sequence
modeling. Contemporary approaches can be categorized
into unimodal [31] and multimodal [32] frameworks based
on their input modality requirements. Multimodal methods
[33] achieve enhanced feature representations by integrating
multiple modalities, including RGB video, depth informa-
tion, and skeletal data. For instance, STMC [34] and C2SLR
[35] demonstrated substantial performance improvements
through the incorporation of RGB video and human key-
point information. However, multimodal approaches typi-
cally necessitate additional feature extraction modules
and sophisticated fusion strategies, resulting in increased
computational overhead and deployment complexity. In
contrast, our proposed inter-frame attention-based method
operates independently of external cues [34, 36]. Through
end-to-end training, our model adaptively extracts motion
features from video sequences, enabling automatic capture
of hand motion trajectories and facial dynamics without
additional computational burden.

Extracting motion features
Motion feature extraction is fundamental to sign language

recognition. Traditional approaches primarily employed
optical flow [37] for explicit motion modeling; however,

these methods exhibit substantial computational overhead
and sensitivity to noise. The development of deep learning
has facilitated the emergence of 3D CNN-based approaches
[38], which implicitly learn spatiotemporal representa-
tions through temporal dimension receptive field extension.
Nevertheless, these approaches typically incur significant
computational costs, and their rigid convolutional struc-
tures demonstrate limited adaptability to the rapid motion
patterns inherent in sign language. To enhance feature
extraction efficiency, attention-based methodologies have
emerged as promising alternatives. The Non-local [39]
mechanism enriches spatiotemporal feature representations
through global pixel-level correlations, although its dense
attention computations present challenges for processing
extended sequences. Wang et al. [40] introduced explicit
temporal information extraction through inter-frame fea-
ture map matching and subsequent fusion with appearance
cues. MotionSqueeze [41] implements efficient motion fea-
ture extraction through internal learning mechanisms, cir-
cumventing external optical flow computation; however, its
feature decomposition strategy exhibits insufficient adapt-
ability to complex sign language gestures. Recent advances
include STM [42], which employs spatiotemporal-motion
attention modules for joint optimization of spatial, tem-
poral, and motion features, demonstrating the potential
of attention mechanisms in dynamic feature modeling.
Despite these advancements, existing approaches exhibit
notable limitations for sign language recognition. TEA’s
[43] motion excitation relies on channel-wise transforma-
tions and direct feature subtraction, focusing primarily on
enhancing motion-sensitive channels rather than model-
ing precise spatial correspondences. This approach, while
effective for general action recognition, lacks the spatial
precision required for fine-grained gesture analysis in sign
language. Similarly, ACTION-Net’s [44] motion excitation
compresses spatial information through average pooling,
losing critical details for sign language interpretation. Both
methods employ fixed enhancement strategies that cannot
adaptively respond to varying motion magnitudes and pre-
dominantly focus on either channel-level motion sensitivity
or global patterns, inadequately modeling the precise spatial
correspondences essential for hand shape transitions and
motion trajectories. Furthermore, a critical distinction lies
in their motion representation mechanisms: TEA’s approach
lacks explicit spatial correspondence modeling between
frames, while ACTION-Net’s parallel processing architec-
ture fails to capture the sequential nature of sign language
gestures. These limitations become particularly evident
when processing rapid hand movements and subtle finger
articulations that characterize meaningful linguistic ele-
ments in sign language.
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To address these limitations, we propose the Cross-
Frame Motion Refinement (CFMR) module, which imple-
ments precise feature-level motion correspondence through
an attention-based displacement calculation mechanism.
Unlike previous approaches, CFMR operates on feature-
level normalized coordinate systems rather than raw pixel
positions, achieving resolution invariance while focusing
on semantic motion relationships. Our module incorporates
an adaptive enhancement strategy that dynamically adjusts
based on calculated motion magnitudes, enabling nuanced
representation of diverse motion patterns. This combina-
tion of precise spatial correspondence modeling, adaptive
enhancement, and feature-level processing establishes a
robust foundation for capturing the rapid and fine-grained
hand gestures that carry critical linguistic information in
sign language.

Spatiotemporal modeling methods

Spatiotemporal modeling constitutes a critical challenge in
sign language recognition, emphasizing the effective capture
of temporal dependencies and spatial semantic information
within sign language sequences. Although BiLSTM [45]
achieves comprehensive contextual understanding through
bidirectional information flow, its sequential processing
paradigm inherently constrains parallel computation capa-
bilities and exhibits vulnerability to the vanishing gradient
problem in processing extended sequences. While VSL [34]
facilitates the modeling of global spatiotemporal dependen-
cies through self-attention mechanisms, its computational
complexity exhibits quadratic scaling with sequence length,
thereby introducing significant efficiency constraints. TDN
[46] implements a two-level differential modeling paradigm
for capturing long-term structured motion features, whereas
VideoSwin [47] effectively integrate spatial and temporal
information in video data by extending the Swin Trans-
former’s [48] spatial locality inductive bias to the spatio-
temporal domain. MeMViT [24] enhances the processing
of long-term contextual information through memory-aug-
mented mechanisms, while V4D [49] employs 4D convolu-
tion operations to capture long-range spatiotemporal feature
evolution while maintaining the robust representation capa-
bilities of 3D convolutions. TCN [50] achieves long-term
dependency modeling through the implementation of
dilated convolutions and residual connections, with Video-
Swin further extending this framework to enable multi-scale
spatiotemporal feature learning.

In contrast to existing approaches, our method employs
adaptive convolution to modulate feature weights across
both temporal and channel dimensions, thereby effectively
capturing salient action representations in sign language
sequences.
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Method
Overall

This paper presents MTCNet, a novel end-to-end frame-
work for continuous sign language recognition that effec-
tively models motion dynamics and long-term temporal
dependencies in sign language sequences. Given a video
sequence comprising T consecutive frames, the input is for-
mulated as: X = {x(t)| t=1.2,..,T}x®) ¢ RIHXW,
where each frame x(*) denotes an RGB image with spatial
dimensions H x W. MTCNet learns a nonlinear mapping
function: F : RT*3xHXW _y RN 6 transform the video
sequence X into the target sign language word sequence:
Y={yW|i=12,.,N},y®) €V, where V denotes
the sign language vocabulary and N represents the target
sequence length.

As depicted in Fig. 1, MTCNet employs ResNet [51]
as the backbone architecture for hierarchical visual feature
extraction, wherein CFMR and TCAR modules are inte-
grated between hierarchical layers to optimize feature rep-
resentations. The extracted features are processed through
a dual-stream temporal modeling framework, where short-
term temporal patterns are captured via 1D CNN architec-
ture, while long-term dependencies are modeled through
Transformer-based multi-head attention mechanisms.
Importantly, the TCAR module and Transformer serve com-
plementary rather than redundant functions: TCAR oper-
ates at the feature recalibration level, performing adaptive
weight adjustment across channel and temporal dimensions
within individual ResNet layers to enhance the quality of
hierarchical feature representations, while the Transformer
operates at the sequence modeling level, establishing global
semantic dependencies across the entire temporal sequence
using the enhanced features. This hierarchical design
ensures that the Transformer receives optimally calibrated
hierarchical features rather than raw CNN outputs, leading
to more effective sequence-level dependency modeling than
either component could achieve independently.

Following the dual-stream temporal modeling frame-
work, MTCNet employs Connectionist Temporal Classifi-
cation (CTC) decoding to transform frame-level predictions
into coherent sign language glosses. As illustrated in the
CTC beam search process, the decoder maintains multiple
hypothetical paths simultaneously, where each path repre-
sents a potential sequence of sign language tokens including
blank symbols for temporal alignment. At each time step t,
the decoder expands existing beam paths by calculating the
cumulative probability of appending each vocabulary token,
effectively modeling the non-monotonic alignment between
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Architecture of MTCNet
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Fig. 1 Architecture of MTCNet. The framework consists of a feature
extractor, short-term and long-term temporal modeling components,
and an alignment module. The feature extractor enhances hierarchical
features via CFMR and TCAR modules between ResNet layers. The

dense video frames and sparse sign language glosses inher-
ent in continuous sign language sequences.

The beam search mechanism with beam width K=3 dem-
onstrates the decoder’s capacity to handle the temporal vari-
ability characteristic of sign language expressions, where
individual signs may span variable frame durations and
exhibit natural coarticulation effects. As shown in Fig. 2,
the beam width K=3 serves as an illustrative example,
with the optimal value being determined empirically based
on the complexity of the target dataset and computational
constraints. The blank token insertion strategy addresses the
fundamental challenge of CTC-based sequence modeling in
sign language recognition: accommodating the temporal mis-
alignment between frame-level feature representations and
word-level semantic boundaries. This decoding paradigm
proves particularly effective for continuous sign language
recognition, as it inherently accounts for the variable-length
nature of sign language gestures while maintaining compu-
tational efficiency through dynamic programming. The final
sequence selection based on cumulative probability ensures
optimal global alignment between the enhanced spatiotem-
poral features extracted by CFMR and TCAR modules and

temporal modeling incorporates 1D convolution for local temporal
patterns and a Transformer for global semantic dependencies. Finally,
the CTC decoder maps the frame-level predictions to sign language
glosses

the target sign language vocabulary, thereby completing the
end-to-end recognition pipeline.

Cross-frame motion refinement module

Sign language recognition, as a challenging spatial-temporal
sequence understanding problem, necessitates accurate cap-
ture of continuous motion dynamics. This paper introduces
an inter-frame attention-based feature enhancement para-
digm that enhances the representation of continuous sign
gestures through explicit modeling of temporal dynamic
correlations. As illustrated in Fig. 3, for consecutive frames
t and t+1, we employ attention mechanisms to compute
cross-frame similarity matrices and leverage the resulting
weights for motion displacement estimation. The methodol-
ogy is formulated as follows:

Initially, the module extracts query features Q and key
features K from frames t and t+ 1, respectively. This archi-
tecture enables temporal feature correlation modeling. For
spatial position (i, j), the query feature Q is formulated as:

Qij = Ai ;Wo )]
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Fig. 2 Illustration of CTC beam search decoding process in MTCNet

where Ai ; denotes the feature at position (i, j) in frame t,

and W, represents the query feature mapping matrix. Simi-
larly, the key feature K is extracted from frame t+1:

K; ;= A Wi ()

where Aﬁ;l denotes the feature at position (i, j) in frame t+1,
and W represents the key feature mapping matrix. This for-
mulation enables cross-temporal spatial information extrac-
tion and establishes inter-frame feature correspondences.
The attention weights are subsequently computed to
quantify spatial correlations between frames t and t+ 1. Spe-
cifically, the weight matrix S "+ is derived through the

scaled dot-product attention:

— 3)

Sy = softmax

@ Springer
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where d denotes the feature dimension, and the softmax
operation normalizes attention weights to [0,1]. This weight
matrix Sfjt“ encodes pixel-level semantic correla-

tions between frames, enabling adaptive focus on motion-
salient regions and facilitating subsequent motion feature
enhancement.

In the inter-frame attention mechanism, motion dis-
placement computation serves as an integral component
for modeling sign language continuity. The generation of
motion displacement enables quantitative characterization
of pixel-wise movements between frames t and t+ 1, provid-
ing precise motion dynamics for the model. Specifically, we
compute inter-frame motion displacement estimates using
attention-weighted methods based on the attention weight
matrix S "' and coordinate map B'*! of frame t+1.

It is important to note that the coordinate maps B’
and B**! are not based on raw pixel positions but are
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Fig.3 Illustration of the CFMR module. The proposed module initially
extracts query (Q) and key (K) vectors from adjacent frames and com-
putes an attention weight matrix for motion displacement estimation.
Furthermore, through an adaptive enhancement strategy coupled with

normalized feature-level positional encodings that repre-
sent the relative spatial locations within the feature maps.
These coordinate maps are identical for both frames t and
t+1, with values ranging from (0,1) at the top-left corner to
(1,0) at the bottom-right corner, creating a normalized coor-
dinate system across the feature space. This normalization
ensures that the motion modeling is resolution-invariant and
focuses on semantic relationships rather than absolute pixel
displacements.

Through weighted aggregation of coordinate informa-
tion from adjacent pixel positions, we derive a comprehen-
sive coordinate estimate B; ; that encodes multi-directional
motion patterns:

4)

L qt=t+l | pttl
B;; = va B

This operation effectively utilizes attention weights of
neighboring pixels to determine the potential position of the
current pixel in frame t+ 1, thus modeling the pixel’s tempo-
ral trajectory. The inter-frame motion displacement vector
Mf;’t“ is then computed as the differential between the

weighted coordinates B; ; and the original coordinates B?
of frame t:

t—t+1 __ t
M; 7 =B;;— B

)

Here, M} ;"
frames t and t+1. This displacement vector characterizes
motion dynamics in gesture sequences, facilitating the cap-

ture of inter-frame temporal information. In the context of

denotes the pixel-wise displacement between

3 v
QO
= O;; n
vt SN Sigmod
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-5 Ki,/' ’ Y
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Q 4 :
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residual connections, the module achieves precise motion information
capture and feature enhancement. ® denotes matrix multiplication
operation, while © represents element-wise subtraction operation

sign language recognition, such displacement information
constitutes the fundamental representation of action fea-
tures, explicitly encoding the continuity and directionality
of sign language movements.

Akey advantage of our approach is that the motion model-
ing occurs at the feature level rather than the raw pixel level.
Since the CFMR module is integrated between hierarchical
layers of the backbone network, it operates on high-level
semantic feature maps that have already undergone multiple
layers of convolutional processing. This design allows the
module to capture semantic motion patterns (such as hand
shape transitions and meaningful gestures) rather than being
susceptible to low-level noise or background movements.
The attention mechanism further enhances this capability by
focusing on semantically relevant regions while suppressing
irrelevant background information.

Following the computation of motion displacement vec-
tors, we implement normalization and adaptive enhance-
ment strategies to ensure robust integration of motion
information across varying motion magnitudes. Given the
inherent amplitude variations in sign language gestures,
motion displacement normalization is essential. We derive
an adaptive motion enhancement weight «; ; by mapping
displacement Mf,j_-’t“through a sigmoid function to the

interval (0,1):
aij =0 (M7

(6)

The proposed weighting mechanism not only regulates
the magnitude of motion features but also constrains them

@ Springer
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within a reasonable range, ensuring computational stability
across varying motion amplitudes. The normalized weight
coefficient «; ; serves as a motion enhancement factor.
Through element-wise multiplication with the current frame
features A} ;, we obtain the modulated representation. Sub-
sequently, a residual connection is employed to combine
this with the original frame features Aﬁ’ ;» yielding the final

. *
motion-enhanced features A7 :
gt t
Aij=Aijtoig Ay (7

This formulation implements adaptive motion enhance-
ment, emphasizing salient motion patterns while preserving
the stability of background regions. The residual connection
ensures that both static contextual information and dynamic
motion features are preserved, which is crucial for sign lan-
guage recognition where both the posture and its changes
carry semantic meaning.

Temporal-channel adaptive recalibration

While temporal attention mechanisms effectively capture
local variations between adjacent frames in continuous sign
language recognition, they exhibit substantial limitations
in modeling complex gestural transitions and long-range
dependencies. To address this limitation, we propose the
TCAR module, illustrated in Fig. 4, which enhances the
model’s spatial-temporal representation capacity through
adaptive feature weighting across temporal and channel
dimensions.

Given the input video features X €
where B, C, T denote the batch size, number of channels, and
temporal length respectively, and H, W represent the spa-
tial dimensions, we first apply global spatial average pool-
ing to obtain a compact temporal-channel representation:

BXxCXTxHxXW
R ,

Xpool S RBXCXTaX'pool(Ba C, T) =

! XH:iX(BCTHW) ®
H-W &~

w=1

This dimensionality reduction strategy preserves essential
global contextual information while significantly reducing
computational overhead. To address the fundamental chal-
lenge of capturing multi-scale features in the complex fea-
ture space of sign language recognition, we introduce an
adaptive convolution kernel enhancement mechanism. This
approach jointly models channel and temporal dimensions
through:

X&(B,C,T) =

ConvlD (Xpoo (B, :,T) ; kernel _size = ki) ©
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XH(B,C,T)

= ConvlD(Xpooi(B, C,:); kernel _size = k) (19)
where X/, and X/, denote the features enhanced by adap-
tive 1D convolution operations along channel and tempo-
ral dimensions, respectively. The adaptive kernel design
addresses the fundamental challenge that fixed receptive
fields cannot adequately capture the multi-scale temporal
dynamics and channel-wise semantic correlations inherent
in sign language sequences.

The logarithmic scaling factors «c-log, (C') and
at -log, (T') establish dimension-aware base receptive
fields that grow sub-linearly with feature dimensions,
ensuring computational tractability while providing suf-
ficient coverage for inter-channel and inter-temporal cor-
relations. The complexity-adaptive terms 1 + B¢ - Sc and
14 St - St enable content-dependent kernel modulation,
allowing expansion for semantically rich regions with high
information entropy or rapid temporal variations, and con-
traction for simpler patterns. The learnable bias terms Bc
and Bt provide dataset-specific calibration to prevent kernel
saturation and ensure odd-integer constraints for symmetric
convolution operations. This formulation theoretically guar-
antees that kernel sizes adapt proportionally to both intrinsic
feature complexity and semantic content density:

ko =
|ac -logy(C) - (1 + Se- Sc) + Belodd (1
he= 12
lat -log,(T) - (1 + Bt - St) + Bt|odd (12)

where ac, at are learnable base scaling factors, Sc, Ot are
learnable dynamic adjustment weights, and Bc, Bt are
learnable bias terms. |-|odd denotes the operation of obtain-
ing the nearest odd integer.

The key innovation in our adaptive kernel design lies in
the introduction of sign language-specific dynamic indica-
tors Sc and St, which quantify the complexity and variation
characteristics unique to sign language actions:

o H(X ool)

o= (Gater) "
B | Xy — Xoa|| F

St=o ( X F ) (14

where St represents the temporal action variation rate cal-
culated using the Frobenius norm (J|-|| F) to measure the
relative change between adjacent frames, normalized by
the sigmoid function o(+). Sc quantifies the channel com-
plexity using Shannon entropy H () of the pooled features,
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Fig. 4 Illustration of the TCAR
module. The module implements
a dual-stream architecture that
performs parallel feature recali-
bration along both temporal and
channel dimensions. Multi-scale
feature extraction is achieved
through adaptive kernels, while
dynamic weights are gener-
ated via a self-gating mecha-
nism integrated with softmax
normalization

N

P

Y:[B,C,T,H, W]

Rescle
\

Sigmoid

Softmax
Sigmoid

- -

s

----------------------- - - -

iDConv [T [ [}

Spatial Average Pooling

A Channel-Adaptive Convolution
Temporal-Adaptive Convolution

@ Element-wise multiplication

@ Element-wise addition

X:[B,C, T,H W]

normalized by the theoretical maximum entropy log, (C').  channels, with higher entropy indicating greater variability
Here, X .0, represents dimensionality-reduced features that ~ in channel activations. By normalizing against log, (C), we
preserve essential global contextual information while miti-  obtain a scale-invariant measure bounded between 0 and

gating computational complexity. The Shannon entropy 1, enabling consistent complexity assessment across net-
effectively captures the information distribution across  work architectures with varying channel dimensions. This
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information-theoretic approach provides a principled met-
ric for quantifying channel-wise feature complexity that
directly reflects the intrinsic characteristics of sign language
gestures, where certain channels capture critical morpho-
logical features while others encode more contextual infor-
mation. This design enables the convolution kernels to
dynamically expand when capturing complex hand gestures
or rapid motion transitions, and contract when processing
simpler or more static sign components, thereby optimizing
the receptive field according to the semantic density of the
current sign language element. The differential treatment of
channels based on information content further facilitates the
extraction of linguistically relevant features while suppress-
ing redundant or noise-dominated channels, addressing
the unique challenges of sign language recognition where
semantic information is unevenly distributed across feature
channels.

This logarithmic adaptive design with sign language-
specific modulation dynamically adjusts convolution kernel
sizes according to both feature dimensions and semantic
characteristics, ensuring an adequate receptive field while
maintaining computational efficiency. The design prevents
over-modeling of non-informative channels, establishing
both theoretical and methodological foundations for analyz-
ing temporal dynamic features. Sign language recognition
inherently involves temporal evolution where instantaneous
features encode semantic flow of continuous actions. Our
architecture captures both short-term dynamics and global
dependencies across temporal and channel dimensions.

To enhance feature representation capacity, we integrate
a self-gating mechanism. The gating weights are computed
by applying the sigmoid function to the input features, fol-
lowed by element-wise multiplication:

Xsigp =0 (X;)Gxivxsigc:‘j (X;)QXL (15)
The temporal features X;4, and channel features X, are
enhanced through an adaptive self-gating mechanism, where
o(-) denotes the sigmoid activation function and ® repre-
sents the Hadamard product. This self-gating mechanism
selectively emphasizes salient features while attenuating
redundant information, establishing an adaptive foundation
for feature weighting. To ensure robust feature representa-
tion while maintaining adaptive capabilities, we implement
a “preserve-enhance-balance” concatenation strategy. This
mechanism maintains information integrity by preserving
original pooled features alongside their adaptively pro-
cessed counterparts, creating an expanded feature space that
accommodates both baseline representations and enhanced
dynamics. Specifically, for each processing branch (tempo-
ral and channel), the self-gated features are concatenated
with the original pooled features along their respective
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dimensions, enabling the model to dynamically balance
between conservative feature retention and aggressive fea-
ture enhancement based on the semantic complexity of the
current sign language content. This concatenation strategy
ensures joint participation of original and dynamically mod-
ulated features in the subsequent weighting process:

X cat, = Concat (X poot, X sig,, dim =T) (16)
X cat, = Concat (X poot, X sig., dim = C) (17)

where X.qt, and X q:, denote the concatenated features
along temporal and channel dimensions, respectively. The
concatenated features are then transformed through a soft-
max operation to generate normalized weight matrices:

Wy = Softmax (Xeat,,dim =T), 8
W, = Softmazx (Xcqt,,dim = C) (18)

where W, and W represent the normalized weight matri-
ces for temporal and channel dimensions. This normaliza-
tion ensures unit sum constraints across each temporal step
and channel, facilitating dynamic feature balancing. The
final feature fusion integrates information from both dimen-
sions through weighted combination:

Xfuse (Wt [:7:>:T} ®Xpool+Wt [:7:7T :]QXsig,,)

.
T+ (Wel: €y © Xpoor + We [, C 1 © Xuig) (19)

Xtusea denotes the fused feature representation incorpo-
rating both temporal and channel-wise information. The
module performs element-wise multiplication between the
fused features and the original input for adaptive feature
recalibration:

Y=X ©) Xfused (20)

where Y € REXCOXTXHXW: represents the enhanced fea-
ture output. The module factorizes temporal and channel
modeling into independent subtasks, employing lightweight
1D convolutions for feature enhancement while integrat-
ing the results at the spatial resolution level to capture fine-
grained motion dynamics. In conjunction with inter-frame
attention mechanisms, the module optimizes global repre-
sentations across temporal and channel dimensions beyond
local dynamic modeling, enabling more precise comprehen-
sion of action-specific semantic transitions.
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Experiments
Datasets

The PHOENIX-2014 [25] dataset, established for continu-
ous sign language recognition research, comprises weather
forecast videos featuring nine professional sign language
interpreters using German Sign Language. The dataset
contains 6,841 annotated sentences with a vocabulary size
of 1,081, with 5,672 training, 540 validation, and 629 test
samples, respectively.

As an extension, PHOENIX-2014-T [52], introduced in
2018, serves as a comprehensive German Sign Language
corpus oriented towards weather broadcasts. This dataset
supports dual objectives: sign language translation and rec-
ognition tasks. The corpus encompasses 2,887 sentences
with a vocabulary of 1,066 signs, with 7,096 training, 519
validation, and 642 test samples, respectively.

The CSL dataset [53], developed by the University of Sci-
ence and Technology of China, employs Microsoft Kinect
cameras for data acquisition. This benchmark dataset com-
prises 100 systematically designed sign language sentences
encompassing daily communications, with a vocabulary of
178 Chinese lexical items. The collection features 25,000
high-quality video sequences captured from 50 native sign-
ers, recorded at a resolution of 1280 x 720 pixels and a
frame rate of 30 frames per second. The dataset follows a
standard partition protocol with an 8:2 ratio for training and
testing splits.

Evaluation metric

Word Error Rate (WER) serves as a standard evaluation
metric for quantifying the performance of sign language
recognition systems. The metric is computed by measuring
the minimum edit distance between the predicted sequence
and the ground truth sign language sequence. Specifically,
WER is defined as the ratio between the total number of
edit operations (comprising insertions, deletions, and sub-
stitutions) and the total number of words in the reference
sequence. The performance of the recognition system
exhibits an inverse relationship with WER, where lower
values indicate superior recognition accuracy.

Table 1 Ablation studies of CFMR and TCAR modules on PHOENIX-
2014-T dataset

CFMR TCAR Dev(%) Test(%)
x x 21.2 22.9
v x 20.1 215
x V 19.7 21.1
v \ 19.0 20.2

Training details

During preprocessing, all input sequences are resized to a
fixed size of 256 x 256, followed by random cropping to
224 x 224 during training. The data augmentation pipeline
consists of random horizontal flipping (p=0.5) and temporal
scaling augmentation (p=0.2) to enhance model generaliza-
tion. For inference, center cropping (224 x 224) is applied
to ensure consistent predictions. The backbone architecture
comprises ResNetl8 for visual feature extraction and a
4-layer Transformer with multi-head attention for tempo-
ral modeling, where d model=786 and d ff=1536. The
sequence decoder implements CTC-based BeamSearch.
Following VAC [30], we optimize the model using a combi-
nation of Visual Encoding Loss and Visual Alignment Loss,
weighted at 1.0 and 25.0 respectively. The optimization pro-
tocol employs AdamW [54] with a two-phase learning rate
schedule: a linear warm-up phase for the first 3 epochs (1e-5
to 1e-4), followed by cosine annealing [55] over 50 epochs,
decaying to 1e-6. The learning rate remains constant for the
remaining epochs, with training conducted for a total of 80
epochs. This scheduling strategy demonstrates improved
convergence stability and model performance.

Ablation experiments

To systematically validate the effectiveness of our pro-
posed modules, we conduct extensive ablation studies on
the PHOENIX-2014-T dataset. Specifically, we investigate:
the contribution of CFMR and TCAR modules to model
performance; the optimal placement of CFMR and TCAR
modules within the ResNet backbone; and the sensitivity of
model performance to various convolution kernel sizes in
the TCAR module.

Table 1 presents the ablation study results for the CFMR
and TCAR modules in sign language recognition, evaluated
using WER. The baseline model, without CFMR and TCAR
modules, yields WERs of 21.2% and 22.9% on the devel-
opment and test sets, respectively. Upon incorporating the
CFMR module, the WERs decrease to 20.1% and 21.5% on
the respective sets, indicating enhanced capability in spe-
cific feature capture. Similarly, the independent integration
of the TCAR module reduces WERs to 19.7% and 21.1%
on the development and test sets, validating its efficacy in
temporal and channel-wise dynamic feature modeling.

The joint implementation of CFMR and TCAR modules
yields optimal performance, achieving WERs of 19.0% and
20.2% on the development and test sets, respectively. These
results suggest complementary functionality between the
modules, where CFMR facilitates more effective informa-
tion modeling during feature fusion, while TCAR enhances
spatiotemporal feature representation through dynamic
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convolution. The experimental results substantiate both the
individual effectiveness of CFMR and TCAR modules and
their synergistic benefits when combined, highlighting their
crucial role in improving model performance.

To systematically evaluate the effectiveness of the CFMR
module across different network hierarchies, we conducted
comprehensive ablation studies, with results presented
in Table 2. In single-level deployment experiments, the
CFMR module achieved optimal performance when posi-
tioned at Layer2 (Dev/Test WER: 20.3%/21.7%), suggest-
ing that mid-level features encompass rich spatial-temporal
information conducive to inter-frame attention modeling.
Conversely, Layerl deployment exhibited suboptimal per-
formance (Dev/Test WER: 20.7%/22.3%), attributable to the
predominance of local texture information at lower levels,
which limits global motion pattern capture. Layer3 imple-
mentation yielded intermediate results (Dev/Test WER:
20.4%/21.9%), indicating that high-level semantic features
contribute moderately to inter-frame motion modeling.

In dual-level configurations, the Layer2+Layer3 com-
bination demonstrated superior performance (Dev/Test
WER: 20.1%/21.7%), validating the efficacy of lever-
aging both mid and high-level features for hierarchical
spatial-temporal information capture in sign language
recognition. While deploying CFMR modules across all
levels achieved marginally better results (Dev/Test WER:
20.1%/21.5%), the performance gain relative to the optimal
dual-layer configuration was modest despite a substantial
increase in model parameters. These findings indicate that
the Layer2+Layer3 configuration offers an optimal trade-
off between performance and computational efficiency for
practical applications. Our ablation analysis demonstrates
favorable computational cost-benefit relationships. The
optimal Layer2 +Layer3 configuration adds 1.93 M param-
eters (7.2% increase) while achieving 1.2% WER improve-
ment, yielding high efficiency. Importantly, full deployment
requires additional 0.9 M parameters but provides only
marginal 0.2% further improvement, confirming optimal
efficiency at the dual-layer configuration and validating our
architectural design’s computational effectiveness.

Table 3 presents the ablation study on the positioning
of TCAR modules across different stages. Experimental
results demonstrate that deploying the TCAR module after
Layer?2 yields optimal single-layer performance (Test WER
21.6%), suggesting that mid-level features with adequate
feature dimensionality and spatial-temporal representa-
tions are more conducive to channel-temporal joint mod-
eling. The relatively inferior performance at Layerl (Test
WER 21.9%) and Layer3 (Test WER 21.7%) can be attrib-
uted to their inherent limitations: Layerl’s channel dimen-
sion remains insufficient for complex spatial-temporal
feature modeling, while Layer3, despite its rich channel
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Table 2 Multi-level ablation studies of CFMR module on PHOENIX-
2014-T dataset

Configuration Params(M) Dev(%) Test(%)
Baseline 26.884 21.2 229
Layerl 27.784 20.7 223
Layer2 27.817 20.3 21.7
Layer3 27.882 20.4 21.9
Layerl +2 28.716 20.3 21.8
Layer2+3 28.815 20.1 21.7
Layer1+3 28.782 20.5 22.7
All Layers 29.714 20.1 21.5

Table 3 Ablation study on TCAR module positioning using the PHOE-
NIX-2014-T dataset

Layerl Layer2 Layer3 Dev(%) Test(%)
x x x 212 22.9
v x x 20.8 21.9
x \ x 20.0 21.6
x x w/ 20.1 21.7
x \ V 19.7 21.1

Table 4 Analysis of Temporal and channel-wise Convolution kernel
configurations in TCAR module on PHOENIX-2014-T dataset

Temporal dimension  Channel dimension ~ Dev(%) Test(%)
1x1 1x1 21.8 22.9
1x1 3x3 21.3 224
1x1 5x5 21.0 22.1
1x1 Adaptive kernel 20.2 21.4
3x3 1x1 21.2 223
5x5 1x1 20.8 21.9
Adaptive kernel 1x1 20.0 21.4
Adaptive kernel Adaptive kernel 19.7 21.1

representation, exhibits constrained capacity in capturing
fine-grained temporal dynamics due to reduced spatial reso-
lution. Moreover, concurrent deployment of TCAR modules
at both Layer2 and Layer3 leads to substantial performance
improvement (Test WER 21.1%). This dual-layer configu-
ration leverages the complementary characteristics of both
positions: the Layer2 TCAR facilitates preliminary spatial-
temporal modeling while preserving spatial fidelity, whereas
the Layer3 TCAR synthesizes and refines these features at a
higher semantic level, thereby synergistically enhancing the
model’s capacity to comprehend sign language sequences
across multiple levels of abstraction.

In our ablation studies on the TCAR module, we con-
ducted a systematic investigation of how kernel configura-
tions in both temporal and channel dimensions affect model
performance. The results, presented in Table 4, reveal con-
sistent patterns. With the temporal dimension fixed at 1 x 1
convolution kernels, expanding the kernel size in the chan-
nel dimension (1 x 1 -3 x3—5 x5) yields consistent perfor-
mance gains, reducing the Test WER from 22.9% to 22.1%.
This improvement suggests that expanded receptive fields
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enhance the capture of inter-channel correlations. The intro-
duction of adaptive kernels further reduces the Test WER to
21.4%, demonstrating the efficacy of dynamic channel-wise
receptive field adjustment.

Analogously, with channel dimensions constrained to
1 x 1, increasing the temporal kernel size (1 X 1 -3 X 3—5x5)
results in improved performance, with Test WER decreasing
to 21.9%. This observation confirms that expanded tempo-
ral receptive fields enhance sequence dependency model-
ing. The implementation of adaptive kernels in the temporal
dimension leads to a substantial reduction in Test WER to
21.4%, indicating that dynamic temporal receptive fields
enable more precise multi-scale temporal pattern capture.

Notably, the simultaneous application of adaptive kernels
in both temporal and channel dimensions yields optimal
performance (Dev/Test WER: 19.7%/21.1%). This result
demonstrates a significant synergistic effect in bi-dimen-
sional dynamic feature modeling: temporal adaptive kernels
modulate receptive fields according to sign language motion
duration, while channel-wise adaptive kernels dynamically
optimize feature combination strategies based on semantic
complexity. This dual-dimensional adaptive mechanism
facilitates flexible feature extraction across various seman-
tic levels and temporal scales, ultimately achieving superior
sign language recognition performance.

The baseline model for continuous sign language recog-
nition exhibits a deletion-dominant error profile, with dele-
tion errors comprising 54.3% of all recognition failures,
representing the most critical failure mode since deletion
errors constitute complete information loss and are inher-
ently unrecoverable. Figure 5 presents a comprehensive
error distribution analysis that elucidates the mechanisms
underlying our modules’ performance improvements on the
PHOENIX-2014-T dataset.

The CFMR module’s cross-frame attention mechanism,
through motion displacement estimation and pixel-level

Fig.5 WER decomposition A
analysis on PHOENIX-2014 and 100

temporal correlation modeling, redistributes the error com-
position by reducing deletion error dominance from 54.3%
to 48.1% of total errors. This systematic error redistribu-
tion provides quantitative validation of our motion mod-
eling effectiveness. The 6.2% reduction in deletion errors
directly quantifies the CFMR module’s improved motion
correspondence accuracy, as deletion errors predominantly
occur when attention mechanisms fail to establish reliable
inter-frame correspondences during rapid hand movements.
The preserved error total with redistributed composition
demonstrates that our inter-frame attention mechanism suc-
cessfully maintains temporal continuity without introducing
correspondence failures—if incorrect motion correspon-
dences were frequent, we would observe increased rather
than decreased deletion errors. This error pattern evidence
serves as implicit motion consistency validation, indicating
that the CFMR module’s attention weights establish seman-
tically meaningful correspondences that preserve gesture
tracking integrity. This redistribution reflects the module’s
effectiveness in preserving gesture continuity through
enhanced inter-frame feature correspondence. The TCAR
module demonstrates superior restructuring capability, fur-
ther reducing deletion error proportion to 44.2% through
its adaptive convolution kernel design that enables multi-
scale temporal dependency modeling via dynamic receptive
field adjustment. Most significantly, the joint deployment
achieves a synergistic error distribution transformation,
fundamentally restructuring the error profile from deletion-
dominant (54.3%) to substitution-dominant (55.2%). This
represents a qualitative improvement in error characteris-
tics, as the proportion reflects the most severe error type
(deletion) decreases to 38.5%, while substitution errors,
which preserve structural integrity and remain correctable
through post-processing, become predominant. The modest
increase in insertion error proportion (from 4.6% to 6.3%)
enhanced feature sensitivity but constitutes an acceptable
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Table 5 Comparison of RGB-only and multi-modal approaches on the PHOENIX-2014 and PHOENIX-2014-T datasets

Method Backbone Pre Phoenix-2014 Dev(%) Test(%) Phoenix-2014-T Dev(%)
Test(%)

RGB-based
CNN-HMM [1] GoogLeNet v 31.6 32.5 - -
SFL [56] ResNet \/ 26.2 26.8 25.1 26.1
Joint-SLRT [57] Transformer X - - 24.6 24.5
FCN [58] CNN x 23.7 23.9 233 25.1
SignBT [59] CNN \ - - 22.7 239
MMTLB [60] S3D \ - - 21.9 22.5
LCSA[61] VGG \ 21.4 219 - -
CMA [27] GoogLeNet S 213 219 - -
VAC [30] ResNet \/ 21.2 22.3 - -
SKMD [62] ResNet J 20.8 21.0 20.8 22.4
SSSLR [63] ResNet \ 20.9 20.8 20.5 22.3
TLP [64] ResNet \ 19.7 20.8 19.4 21.2
SEN [65] ResNet ¢ 19.5 21.0 193 20.7
MSCA-Net [66] ResNet \/ 19.1 20.0 19.2 20.5
CorrNet [31] ResNet \/ 18.8 19.4 18.9 20.5
CVT-SLR [32] ResNet \ 19.8 20.1 19.4 20.3
STNet [67] ResNet \ 19.2 19.3 19.2 19.8
MTCNet(Ours) ResNet \/ 19.0 19.7 19.0 20.2

Additional Modalities
EfficientConSignformer [68] S3D \ 20.1 19.9 19.5 19.7
C2SLR [35] ResNet \/ 20.5 20.4 20.2 20.4
STMC [34] VGG \ 21.1 20.7 19.6 21.0
TwoStreamSLR [36] S3D \/ 18.4 18.8 17.7 19.3
ConSignformer [69] S3D \ 18.5 18.5 17.9 18.5
SignVTCL [70] S3D \ 17.3 17.6 16.9 17.9

Table 6 Performance comparison with existing sign Language recog-
nition methods on CSL dataset

Method WER(%)
LS-HAN [53] 17.3
SubUnet [71] 11.0
SF-Net [72] 3.8
FCN [58] 3.0
CRKD [73] 2.6
STMC [34] 2.1
VAC [30] 1.6
C2SLR [35] 0.9
CorrNet [31] 0.8
AdaptSign [74] 0.7
MSTNet [75] 0.7
C2SLR+SRM [76] 0.68
MTCNet(Ours) 0.5

trade-off given the dramatic reduction in the most critical
error category. This error distribution transformation dem-
onstrates that our modules effectively address the primary
failure mode in continuous sign language recognition by
converting irrecoverable information loss into correctable
misclassifications.
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Comparison with state-of-the-art methods

To comprehensively evaluate the effectiveness of our
proposed approach, we conduct extensive comparisons
between MTCNet and state-of-the-art sign language recog-
nition methods. Table 5 presents comparative results on the
PHOENIX-2014 and PHOENIX-2014-T datasets, encom-
passing both RGB-based and multi-modal approaches,
while Table 6 demonstrates the comparative evaluation on
the CSL dataset.

The proposed MTCNet achieves highly competitive
results on the challenging PHOENIX-2014-T dataset, deliv-
ering strong performance with WERs of 19.0% and 20.2%
on the Dev and Test sets respectively. These results signifi-
cantly outperform numerous established methods including
SSSLR (Dev/Test WER: 20.5%/22.3%), and TLP (Dev/
Test WER: 19.4%/21.2%), while closely rivaling the cur-
rent leading RGB-only approaches such as STNet (Dev/
Test WER: 19.2%/19.8%). Moreover, MTCNet directly
addresses the challenging characteristics of the PHOENIX
dataset, including inter-signer variability and background
noise, through its CFMR module that dynamically tracks
hand movements via inter-frame attention weights, making
it particularly robust to signer-dependent variations.
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Fig. 6 Visualization of attention regions using Grad-CAM in MTCNet

When compared with recent temporal modeling frame-
works like MSCA-Net (Dev/Test WER: 19.2/20.5%) and
SEN (Dev/Test WER: 19.3/20.7%), our method demon-
strates superior performance through the TCAR module’s
adaptive kernel design, which effectively captures multi-
scale temporal dependencies critical for modeling the
complex temporal dynamics in sign language. Figure 6
presents the visualization analysis of MTCNet. The atten-
tion heatmaps illustrate the model’s focus on hand regions
during continuous sign language sequence processing,
where regions in red correspond to higher attention weights.
Through the collaborative mechanism of CFMR and TCAR
modules, the model exhibits robust capability in localiz-
ing and tracking critical regions of sign language gestures,
thus validating its effectiveness in fine-grained dynamic
feature extraction. Although multi-modal approaches such
as SignVTCL achieve superior performance (Dev/Test
WER:16.9%/17.9%), they typically require additional com-
putational modules for keypoint detection or feature extrac-
tion, leading to increased computational complexity and
deployment challenges. In contrast, our method, utilizing
solely RGB input while incorporating the proposed CFMR
and TCAR modules, achieves comparable performance to

Table 7 Computational efficiency comparison with efficient consign-
former

Metric Efficient ConSignformer MTCNet
Parameters 120 29.71
Inference Time (seconds) 0.16 0.04
Time for MHA (microseconds) 560 257
Gflops >300 183

multi-modal approaches, thereby demonstrating enhanced
practical utility.

Our computational efficiency evaluation demonstrates
MTCNet’s significant advantages compared to Efficient
ConSignformer across multiple performance metrics. As
shown in Table 7, MTCNet achieves approximately 75%
parameter reduction with only 29.91 M parameters versus
Efficient ConSignformer’s 120 M. This substantial differ-
ence stems primarily from our unimodal architecture that
eliminates the need for separate modality-specific encod-
ers and fusion networks. The efficiency extends to infer-
ence speed, where MTCNet (0.04s) operates four times
faster than Efficient ConSignformer (0.16s), enabling more
responsive real-time applications. Our streamlined attention
mechanism further reduces multi-head attention computa-
tion time by 54% (257us vs. 560us). Most notably, MTCNet
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Fig. 7 Evolution of training and

Train and Test Loss

test loss on the CSL dataset. The
train loss trajectory is shown in
blue, while the test loss is shown
in the orange curve. Both metrics
show consistent convergence
behavior throughout the training
process
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requires only 183 GFLOPs of computation, approximately
39% lower than our conservative estimate of Efficient Con-
Signformer’s computational requirements (>300 GFLOPs,
based on architectural complexity analysis). We note that
most existing works in sign language recognition literature
do not explicitly report GFLOPs metrics, necessitating our
careful estimation based on model architecture. These met-
rics quantitatively validate our claim that MTCNet achieves
superior computational efficiency while maintaining com-
petitive recognition accuracy, as evidenced by comparable
WER scores on PHOENIX-2014-T dataset (MTCNet: Test
20.2%, Efficient ConSignformer: Test 19.7%), making it
particularly suitable for deployment in resource-constrained
environments.

Onthe CSLdataset, MTCNetachievesa WER 0f0.5%, sur-
passing the previous state-of-the-art method C2SLR +SRM
(0.68%) as shown in Table 6. Figure 7 depicts the evolution
of training and testing losses over epochs, which reveals a
consistent downward trend. The convergence behavior indi-
cates the model’s successful acquisition of discriminative
feature representations and robust generalization capabili-
ties on the test set. These results further validate the cross-
dataset generalization efficacy of our proposed inter-frame
dynamic feature enhancement and temporal channel adap-
tive recalibration strategies. Notably, MTCNet maintains
reliable recognition performance on the CSL dataset, which
encompasses diverse daily-life scenarios and complex sign
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language expressions, thus demonstrating its significant
potential for real-world applications.

The substantial performance variation between PHOE-
NIX-2014-T (20.2% WER) and CSL (0.5% WER) reflects
fundamental dataset characteristics rather than architectural
limitations. PHOENIX-2014-T exhibits inherently higher
recognition complexity due to its larger vocabulary (1,066
vs. 178 signs), natural broadcast conditions with variable
lighting and backgrounds, and inter-signer stylistic varia-
tions among professional interpreters. Conversely, CSL’s
controlled laboratory environment, standardized gesture
execution, and carefully curated vocabulary contribute to its
lower baseline difficulty. Crucially, our proposed modules
demonstrate consistent positive contributions across both
datasets, validating their generalization capabilities. MTC-
Net achieves substantial WER reduction from 22.9% to
20.2% on PHOENIX-2014-T and establishes state-of-the-
art performance on CSL with 0.5% WER. These consistent
improvements across datasets with vastly different com-
plexity profiles demonstrate that our architectural innova-
tions capture fundamental spatiotemporal dynamics of sign
language rather than dataset-specific patterns. The inter-
frame attention mechanism in CFMR and adaptive kernel
design in TCAR address universal challenges in continu-
ous sign language recognition—motion continuity model-
ing and multi-scale temporal dependency capture—thereby
ensuring robust generalization across diverse signing condi-
tions and vocabulary complexities.
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Conclusion

This paper presents a novel continuous sign language recog-
nition framework that leverages the CFMR module and the
TCAR module for precise sign language action modeling.
The CFMR module incorporates an inter-frame differential
attention mechanism to explicitly capture motion trajectories
within sign language sequences, while preserving contex-
tual information through residual connections. Additionally,
the TCAR module implements adaptive convolution kernels
with a dual-branch architecture, enabling dynamic feature
selection across temporal and channel dimensions, thereby
substantially enhancing the model’s capacity for long-term
dependency modeling. Comprehensive experimental evalu-
ations demonstrate the framework’s competitive perfor-
mance across PHOENIX-2014-T, PHOENIX-2014-T, and
CSL datasets. Visualization studies validate the effective-
ness of the proposed modules in accurately localizing hand
regions and tracking their motion trajectories. The proposed
end-to-end framework exhibits significant advantages in
both computational efficiency and recognition accuracy
compared to existing approaches based on spatiotemporal
modeling or multimodal fusion. Future directions include
investigating contrastive learning-based feature representa-
tions, reducing annotation dependencies, and developing
end-to-end real-time sign language recognition systems for
mobile device deployment.
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