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Abstract

Continuous Sign Language Recognition aims
to predict gloss sequences from unsegmented
sign language videos. Existing methods typi-
cally rely on Connectionist Temporal Classifi-
cation (CTC) loss for implicit alignment, which
is the most dominant loss function for cur-
rent sequence alignment tasks but causes low-
entropy alignment and weak visual-semantic
correspondence learning. To address this is-
sue, we propose an explicit temporal-semantic
supervision framework that provides dense sig-
nals beyond CTC. Specifically, we design the
Gloss-Temporal Module (GTM) to construct
sustained gloss-to-frame interval supervision
by using an LLM to integrate three types of in-
formation from RGB videos. We further intro-
duce a joint optimization method with frame-
level and sequence-level objectives, coupled
with a curriculum learning strategy, enabling
a transition from local to global alignment
and improving the model’s learning of visual-
semantic features. The results show that dense
temporal supervision substantially alleviates
alignment collapse and enables even simple
RGB-only baseline models to achieve competi-
tive performance among state-of-the-art meth-
ods without extra cues, while the recognizer
converges significantly faster.

1 Introduction

Unlike Isolated Sign Language Recognition (Hu
et al., 2021a,b; Sarhan and Frintrop, 2023), Con-
tinuous Sign Language Recognition (CSLR) deals
with natural expressions, including abundant co-
articulations and non-manual cues such as facial
expressions and body posture (Dreuw et al., 2007;
Ong and Ranganath, 2005). The core challenge lies
in temporal alignment, where the correspondence
between videos and glosses is unknown.

However, existing CSLR methods often over-
look the alignment between motion segments and
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Figure 1: Example of supervised intervals generated by
self-distillation. The top shows the complete movement
for gloss "Britain", while the bottom shows the complete
movement for gloss "English". "British–" is the shared-
prefix for these two glosses in Chinese Sign Language.

gloss labels. Instead, they typically rely solely on
CTC loss (Graves et al., 2006), which is designed
for sequence-level modeling (with formula in Ap-
pendix A), lacking explicit supervision to inform
the model which motion features correspond to
specific glosses and which correspond merely to
transitional movements between glosses.

Using only CTC loss to update the parameters
of the entire model is insufficient to fully train the
feature extractor. As a result, alignment predictions
often present a spike phenomenon. That is, the
final predictions typically consist of a small number
of non-blank key frames and a large number of
high-confidence blank frames. This also explains
the source of errors in self-distillation methods in
most cases, as illustrated in Figure 1, where the
supervised intervals correspond to the same visual
features despite representing different glosses.

From an information-theoretic perspective, the
high uncertainty over the latent alignment variables
is forcibly minimized, resulting in a low-entropy
degenerate distribution that collapses to the "safest"
class. In this situation, a large portion of visual-
semantic information is lost. Our empirical analy-
sis shows that on the PHOENIX14-T dataset (Cam-
goz et al., 2018), the average logarithmic proba-
bility of predicting blank is 18.2 higher than that
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of predicting non-blank labels. On the CSL-Daily
dataset (Zhou et al., 2021), this gap reaches 20.7.

Inspired by Chain-of-Thought (Wei et al., 2022),
we argue that providing neural networks with in-
termediate supervision is analogous to equipping
the model with a learnable reasoning chain. Hav-
ing the model identify individual glosses before
outputting the final sequence also mirrors how hu-
mans recognize continuous sign language. Thus,
we shift the focus to supervision design and pro-
pose the Gloss-Temporal Module (GTM) to con-
struct sustained gloss-to-frame interval supervision
signals. GTM is an information integration module
that combines anchor estimation to obtain reliable
positioning points, temporal variation signals to
capture video structure, frame-level descriptions to
inject semantic information gain, and leverages an
LLM for structured reasoning. Building upon this,
we further propose a dual-objective optimization
framework that jointly optimizes frame-level and
sequence-level objectives under a curriculum learn-
ing strategy. This strategy gradually expands the
temporal receptive field, enabling a smooth transi-
tion from local discrimination to global alignment,
ultimately restoring the entropy from a degenerate
distribution to a more informative one. Our main
contributions are summarized below:

• We rethink CTC alignment and reconstruct
the paradigm to generate more sufficient and
denser gloss-to-frame intervals as references
for distribution calibration via KL divergence.

• We use window-based differences for bound-
ary capture, frame descriptions as reasoning
cues, and an LLM as the inference operator.

• We design a joint optimization method that
combines frame-level and sequence-level ob-
jectives and introduce a curriculum learning
strategy to improve stability and capability.

• The proposed method achieves competitive
performance on two benchmark datasets only
relying on RGB inputs and does not increase
trainable parameters of the baseline recogni-
tion model, while demonstrating advantages
in convergence speed and interpretability.

2 Related Work

Early approaches typically relied on handcrafted
features (Gao et al., 2004) or HMM-based systems
(Koller et al., 2017). More recently, CNNs and
RNNs have brought significant progress to CSLR
(Pu et al., 2019; Cheng et al., 2020; Niu and Mak,

2020; Min et al., 2021). These methods generally
learn visual representations from videos and then
model temporal dependencies, typically trained
with CTC loss for sequence prediction.

However, these methods are limited by weak
feature extraction, poor motion continuity mod-
eling, and insufficient use of video information,
ultimately resulting in inadequate supervision.

2.1 Visual Representation Learning
CTC loss encourages the model to implicitly align
visual features with corresponding glosses during
training, but it fails to accurately capture the precise
temporal boundaries of each gloss. To address the
issue of "CTC-dominated training with insufficient
supervision for feature extractors", VAC (Min et al.,
2021) distills long-term contextual knowledge back
into the feature extractor. Similar approaches in-
clude self-mutual distillation (Hao et al., 2021) and
pseudo-labeling methods (Cheng et al., 2020).

However, the teacher model itself may be inac-
curate, causing the visual branch to inherit such
erroneous biases, as illustrated in Figure 1.

2.2 Temporal Modeling
Sign language actions may consist of a sequence
of continuous movements. In continuous sign lan-
guage videos, there also exist transitional and pause
motions. CorrNet (Hu et al., 2023a) models motion
trajectories by computing pixel-wise correlations
between adjacent frames using dot-product oper-
ations. SignGraph (Gan et al., 2024) constructs
sparse temporal graphs across adjacent frames, en-
abling graph convolution to capture cross-frame
changes. In the broader field of video understand-
ing, recent works have explored multi-scale tempo-
ral modeling (Hu et al., 2022; Dai et al., 2022; Li
et al., 2026; Zhang et al., 2026), where 1D CNNs
with different kernel sizes are employed to capture
motion patterns across varying temporal ranges.

However, these methods do not explicitly pro-
vide intermediate supervision to indicate which
features correspond to specific glosses or not.

2.3 Information Augmentation
To enable models to better learn discriminative fea-
tures, existing works have explored incorporating
extra cues such as skeleton (Gan et al., 2021; Zuo
and Mak, 2022), depth images (Tang et al., 2022),
and local areas (Cihan Camgoz et al., 2017; Cam-
goz et al., 2020). Other approaches focus on lever-
aging more training data through techniques such

13238



Figure 2: Examples of description outputs generated by
Qwen3-VL-8B (Bai et al., 2025). (a) Video-level de-
scription. (b) Frame-level descriptions, where green in-
dicates relatively redundant or highly consistent content,
red denotes hand-related information, purple represents
motion states, blue corresponds to facial and body cues,
and yellow highlights speculative descriptions.

as back-translation (Zhou et al., 2021), cross-modal
augmentation (Pu et al., 2020), contrastive learning
(Gan et al., 2023), or pretraining on other datasets
(Chen et al., 2022; Liang et al., 2024).

However, these methods require either increased
model complexity or additional data. Moreover,
for frames with severe motion blur or inherent data
quality issues, extracting reliable hand skeletons is
challenging (see Appendix B for examples).

In the related task of Continuous Sign Language
Translation, an increasing number of works have
begun to leverage Multimodal Large Language
Models (MLLMs) (Gong et al., 2024; Wong et al.,
2024; Hwang et al., 2025), including enhancing
visual representations by concatenating feature vec-
tors derived from frame-level textual descriptions
(Kim et al., 2025). As illustrated in Figure 2,
MLLMs-generated frame-level descriptions pro-
vide richer details than video-level, but often pro-
duce similar texts for semantically distinct yet vi-
sually similar signs (e.g., "okay", "grad", "three").
Additionally, these descriptions may include highly
redundant content (e.g., "facing forward").

3 Method

3.1 Overall Architecture
As shown in the blue-based workflow on the right
side of Figure 3, the CSLR baseline model consists
of a feature extractor (2D CNN+1D CNN), a BiL-
STM and a classifier. Given a sign language video
with T input frames denoted as X = {xt}Tt=1 ∈
RT×3×H0×W0 , the model aims to translate the in-
put video into a gloss sequence Y = {yi}Ni=1,
where N denotes the length of the label sequence.
The 2D CNN first encodes the input into frame-
level features F = {ft}Tt=1 ∈ RT×d. The 1D CNN
and BiLSTM then perform short- and long-term
temporal modeling based on these features. Finally,

the classifier predicts the probability p(Y | X) of
the target gloss sequence using CTC loss.

The proposed GTM constructs prompts from
positioning points, video structures, and semantic
guidance, and leverages an online LLM to integrate
these clues. Using the structured GTM outputs,
we introduce Cross-Entropy loss as intermediate
supervision in a dual-objective framework with a
shared classifier, which strengthens feature extrac-
tion for individual glosses without extra parameters.
Besides, GTM is applied only once during prepro-
cessing, while the recognition model is trained and
evaluated end-to-end using RGB inputs only.

3.2 Positioning Points
In CSLR, given an input sequence X and a label
sequence Y , the true frame-level alignment path
π is the latent variable to be inferred. Since CTC-
based alignment does not significantly deviate from
the correct temporal regions, we incorporate it as
a preliminary component of the GTM and reinter-
pret it as a low-entropy yet high-confidence anchor
estimator. Specifically, we first train the baseline
model to fit on the training set and then apply "S3

dynamic programming" (with state transition in
Appendix C) to enforce alignment with the ground-
truth gloss sequence, selecting the most probable
path among all valid candidates:

arg max
π∈B−1(Y )

log p(π | X) (1)

This path provides a set of high-confidence dis-
crete alignment points along the temporal axis, so
the goal here is not full alignment but a set of posi-
tioning points. This "anchor+uncertainty" represen-
tation transforms the original unstructured align-
ment problem into a segmented search problem
with locally deterministic regions, thereby reduc-
ing the risk of errors in subsequent inference.

3.3 Video Structures
We further introduce temporal variation modeling
to capture the boundaries between latent semantic
units. For an input video, each frame xt is mapped
to a feature vector ft. We compute the first-order
temporal difference between adjacent frames:

vt = ft+1 − ft, t = 1, . . . , T − 1 (2)

Since the movement of a gloss is a pattern of
changes, different semantic units cannot be distin-
guished based solely on differences between ad-
jacent frames. Therefore, we consider defining a
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Figure 3: Overall flowchart. Yellow part: proposed method, and dashed arrows indicate gradient backpropagation.

symmetric temporal window of size w. For each
time step t, we compute the average of the differ-
ence vectors within the left and right windows:

vleft
t =
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w

t−1∑

i=t−w

vi, v
right
t =

1

w

t+w−1∑

i=t

vi (3)

The change score is defined as:

dt =
∥∥∥vright

t − vleft
t

∥∥∥
2

(4)

This score essentially measures the degree of mo-
tion variation before and after the current time step.
High-score points correspond to potential semantic
boundaries, while low-score regions indicate stable
segments. Finally, we select the Top-K highest-
scoring points from all time steps and impose a
minimum interval constraint to avoid redundant
detections. Thus, this section introduces a label-
independent structural prior derived from the video,
which complements the label-driven signal of CTC.

3.4 Semantic Guidance
The first two steps provide anchor constraints and
structural boundaries. However, both types of in-
formation are based on low-order statistical signals.
By leveraging Prompt A in Figure 4 together with

an MLLM, we obtain frame-level descriptions as
illustrated in Figure 2(b). These descriptions con-
tain information about motion states and grounded
inferences, which are difficult to obtain from visual
feature extractors. Therefore, we formulate the fi-
nal alignment as a structured prediction problem
that integrates multi-source information: it mea-
sures the consistency between segmentation and
anchor points, evaluates the alignment with tempo-
ral change boundaries, and assesses the coherence
of the descriptions within each segment. The third
term involves high-level semantic content included
in very long (about 8000 words per video) and par-
tially inconsistent textual sequences that cannot be
accurately modeled by simple heuristics. Rather
than regarding it as a feature, what we aim to ex-
tract from it are the expressions of actions and the
coherence. Thus, we leverage an LLM as a power-
ful approximate inference operator:

S∗ ≈ FLLM(Y,A,B,D) (5)

where A, B, D denote the set of anchors, bound-
aries, and descriptions. The LLM acts as a global
reasoner by using information in the input video
X . We adopt DeepSeek-V3 (Liu et al., 2025a),
and utilize Prompt B in Figure 4 to integrate multi-
source information and infer segmentation. During

Figure 4: A: Frame-level description prompt, colors corresponding to the meanings in Figure 2. B: Final reasoning
prompt, different colors represent different info types and brown indicates precautions to take during reasoning.
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our observations of the reasoning chain, we find
the LLM tends to over-focus on assigning precise
boundaries to individual frames, which may lead
to discarding entire segments. Thus, we include an
instruction that discourages over-precise alignment.
Meanwhile, we observe that, apart from highly im-
ageable words like "I", most actions do not match
the actions in the LLM’s knowledge base (an exam-
ple is provided in Appendix D). This suggests that
the gain is better explained by constrained integra-
tion of the provided clues, rather than by dataset
memorization. To mitigate the impact of stochas-
ticity in LLM output, we perform multiple inde-
pendent runs on the same input and aggregate the
results.

3.5 Curriculum Learning
With the above paradigm, we ultimately derive
training-effective gloss-to-frame interval signals
(several examples are provided in Appendix E).
GTM can be further understood as an information
augmentation and distribution calibration module:

DKL(qt ∥ pt) =
∑

z

qt(z) log
qt(z)

pt(z)
(6)

where pt(z) denotes the predicted distribution over
gloss label z at time step t, while qt(z) represents
the explicit supervision provided by GTM. By mini-
mizing the KL divergence, the model is encouraged
to form a more reasonable probability distribution
rather than collapsing to the "safest" label.

CE is equivalent to the sum of KL divergence
and the entropy of the target distribution:

LCE(qt, pt) = DKL(qt ∥ pt) +H(qt) (7)

Thus, minimizing CE is equivalent to minimiz-
ing the KL divergence. In this way, we transfer
the core idea of Chain-of-Thought to the align-
ment problem in CSLR. Specifically, CE explic-
itly injects local alignment constraints, enabling
the model to strengthen visual–semantic correspon-
dence and ultimately realize entropy recovery.

CE performs local optimization by supervising
valuable temporal intervals, while CSLR essen-
tially relies on holistic sequence modeling. To re-
solve the conflict between local optimization and
sequence learning, we design a curriculum-based
weighting scheme. This strategy constructs a learn-
ing paradigm that progresses from easy to hard.
The overall objective function is defined as:

L = λCELCE + λCTCLCTC (8)

We formulate the training process as a progres-
sive optimization procedure from low to high en-
tropy, ensuring that appropriate supervision signals
are provided at different training stages. In the
early stage, we assign a higher weight to λCE, con-
straining the model within a locally stable solution
space and preventing the collapse caused by CTC.
As training proceeds, we gradually adjust the loss
weights via linear interpolation, enabling a smooth
transition from frame-level to sequence-level dom-
inance. In the later stage, the model has acquired
a certain level of alignment capability and can ef-
fectively leverage sequence-level supervision to
further improve overall recognition performance.
Meanwhile, a small weight on CE is retained to
preserve local discriminative constraints.

4 Experiments

4.1 Datasets
We conduct experiments on two public datasets:

PHOENIX14-T. This German Sign Language
dataset is an extension of PHOENIX14 (Koller
et al., 2015). It contains 1,085 glosses from 9 sign-
ers. The training, validation and test sets include
7,096, 519, and 642 samples, respectively. Data are
collected from a weather forecast broadcast.

CSL-Daily. This Chinese Sign Language dataset
contains 2,000 glosses from 10 signers. The train-
ing, validation and test sets consist of 18,401, 1,077,
and 1,176 samples, respectively. Data are collected
in a lab environment.

4.2 Evaluation Metric
We adopt Word Error Rate (WER) as the evaluation
metric for CSLR. It is defined as the minimum
number of substitutions (sub), insertions (ins), and
deletions (del) required to transform the predicted
sequence into the reference sequence (ref):

WER =
#sub +#ins + #del

#ref
(9)

4.3 Experimental Setting
We follow the same settings as prior SOTA meth-
ods (Min et al., 2021; Hu et al., 2023a) to construct
our CSLR baseline model and data preprocessing
pipeline. Detailed configurations are given in Ap-
pendix F. All of our experiments are conducted on
a single NVIDIA GeForce RTX 4090 GPU.

Window size. We set w for the "video struc-
ture" as the total number of frames divided by
the number of glosses plus 3. We then select the
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top (#glosses+3) positions as candidate boundary
points. Considering the temporal downsampling
factor of 4 introduced by the 1D CNN, we enforce
a minimum temporal interval of 4 frames.

Loss weights. We conduct experiments on
PHOENIX14-T, initializing the weighting ratio be-
tween CE and CTC as 4:1. As shown in Table 1,
neither assigning a consistently dominant role to
the CE loss nor to the CTC loss yields optimal
performance. The proposed curriculum learning
strategy outperforms fixed-weight schemes.

We observe that by the 7th epoch, the mean CE
loss decreases from 17.80 at the first epoch to 1.96.
This indicates that the model has learned discrim-
inative visual features for classification. Accord-
ingly, from epoch 8 to 20, we linearly decrease
λCE from 1 to 0.20 and increase λCTC from 0.25
to 1. Meanwhile, the CTC loss decreases from 40.6
at the first epoch to 7.16 at the 10th, and eventually
falls below 1. This trend confirms that the proposed
weighting schedule works as expected, shifting op-
timization from CE-dominated local supervision to
CTC-dominated sequence learning.

LLM output variability. We obtain three in-
dependent LLM outputs whose segment count
matches the input glosses. We average the start/end
boundaries of each segment, yielding an average
boundary standard deviation of 3.82 frames, below
the temporal downsampling factor of 4 and thus
within the recognizer’s temporal resolution. Larger
deviations occur mainly at the ending boundaries
of long-duration glosses, followed by their starting
boundaries, which often correspond to motion con-
tinuations, holdings, or transitions. Averaging the
three outputs further smooths these uncertainties.

4.4 Performance Comparison
Table 2 presents a comparison between our method
and other state-of-the-art (SOTA) approaches. En-
tries marked with "*" indicate that these methods
utilize additional cues such as facial or hand fea-
tures. Our goal is not to set a marginal new SOTA
improvement by heavy architecture design, but to
validate the effectiveness of correcting CTC align-

Configurations Dev (%) Test (%)

λCE = 1, λCTC = 0.25 21.4 22.2
λCE = 0.25, λCTC = 1 21.0 21.6
Ours 19.7 20.7

Table 1: Performance comparison of different weighting
strategies on PHOENIX14-T.

ment and demonstrate that alignment supervision it-
self is the bottleneck. Our method achieves a WER
of 19.7 and 20.7 on the validation and test sets of
PHOENIX14-T, as well as 30.8 and 29.6 on the val-
idation and test sets of CSL-Daily. Some methods
with lower WERs, such as S2Net and CAP-SLR,
exploit additional cues beyond RGB inputs, while
SignGraph adopts a graph-based architecture with
more trainable parameters. Under the same ResNet-
18 backbone, our approach uses RGB inputs only
and introduces no additional trainable parameters
to the baseline recognizer. By leveraging dense
temporal supervision signals with a simple CE loss,
our method substantially closes the gap between a
simple CTC baseline and stronger systems. This
comparison supports our main claim that improv-
ing temporal supervision alone can significantly al-
leviate the limitations of CTC-only training, rather
than claiming an architecture-level SOTA.

4.5 Ablation Study

Table 3 reports ablation results on PHOENIX14-
T. When semantic guidance is removed, interval
boundaries are obtained by simply extending each
anchor to its nearest left and right action change
points. All GTM components contribute to the fi-
nal performance. Notably, boundary-based anchor
extension reduces WER by 2.8% over baseline,
which demonstrates that reasonably extending the
supervision intervals itself consistently improves
WER, while GTM further reduces WER by 2.3%.

We also try SoftCE for local supervision, where
the target probability of each gloss is defined by
its frame proportion within the current temporal
convolution window. SoftCE yields 20.7%/21.5%
WER on the validation/test sets, worse than hard
CE, likely because assigning probability mass to
neighboring glosses or blanks dilutes the corrective
signal for dense visual-semantic supervision.

Besides, Focal-CTC(Feng et al., 2019) using γ
= 0.5 and α = 1.0 achieves 23.4%/24.4% Dev/Test
WER on PHOENIX14-T with higher runtime.

To show that GTM is not tied to specific MLLMs

Figure 5: Validation WER curves over epochs during
training. (a) PHOENIX14-T. (b) CSL-Daily.
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Model Trainable Parameters
(− indicates not open-sourced) Backbone PHOENIX14-T CSL-Daily

Dev (%) Test (%) Dev (%) Test (%)

CoSign∗ (Jiao et al., 2023) − GCN 19.5 20.1 28.1 27.2
S2Net∗ (Yang et al., 2025) − GCN 17.2 18.9 25.8 24.5
CAP-SLR∗ (Wei et al., 2025) − ResNet34 17.0 18.8 26.7 26.6

SEN (Hu et al., 2023b) 34,513,232 ResNet18 19.3 20.7 31.1 30.7
CTCA (Guo et al., 2023) − ResNet18 19.3 20.3 31.3 29.4
CorrNet (Hu et al., 2023a) 33,370,146 ResNet18 18.9 20.5 30.6 30.1
SignGraph (Gan et al., 2024) 36,631,733 GCN 18.3 20.0 27.3 26.4
STAgg (Hu et al., 2024) − ResNet34 19.0 20.4 30.6 30.1
VCL (Liu et al., 2025b) 67,692,400 ResNet18 18.6 20.2 28.6 28.2

Baseline 32,974,672 ResNet18 24.5 25.8 37.5 36.8
GTM + Baseline 32,974,672 ResNet18 19.7±0.2 20.7±0.2 30.8±0.1 29.6±0.2

Table 2: Comparison with state-of-the-art methods. ∗ indicates methods that utilize additional cues.

Positioning Structure Semantic Dev (%) Test (%)

× × ✓ 22.9 23.9
✓ ✓ × 21.9 23.0
✓ × ✓ 20.3 21.2
✓ ✓ ✓ 19.7 20.7

Table 3: Ablation study results on PHOENIX14-T.

Figure 6: Frame-level probability of being predicted as
blank for an example video.

or LLMs, we further test InternVL3.5-8B (Wang
et al., 2025) and Qwen3.5-plus (Team, 2026) on
PHOENIX14-T, as shown in Table 4. It turns out
that GTM is robust across different combinations.

To demonstrate that GTM is not tied to any
specific backbone architecture, we evaluate it on
four distinct backbones: ResNet18, a traditional
CNN-based backbone; MobileNetV3-Small, an ef-
ficient CNN-based backbone (Howard et al., 2019);
DeiT-Tiny, a lightweight ViT-based backbone (Tou-
vron et al., 2021); and EdgeNeXt-XX-Small, a
lightweight CNN–Transformer hybrid backbone
(Maaz et al., 2023). The results reported in Table 5
confirm that GTM consistently achieves effective
performance across all backbone variants.

We conduct the full ablation suite mainly on
PHOENIX14-T. Nevertheless, other experimental
results on CSL-Daily show consistent improve-
ments, suggesting that the proposed supervision

MLLM LLM Dev (%) Test (%)

InternVL3.5-8B Qwen3.5-plus 20.1 21.1
Qwen3-VL-8B Qwen3.5-plus 20.0 21.0
InternVL3.5-8B DeepSeek-V3 19.8 20.8
Qwen3-VL-8B DeepSeek-V3 19.7 20.7

Table 4: Performance comparison of different MLLM
and LLM combinations on PHOENIX14-T.

Backbone Dev (%) Test (%)

Baseline GTM Baseline GTM

ResNet18 24.5 19.7 25.8 20.7
MobileNetV3-S 27.7 20.3 29.1 21.6
DeiT-Tiny 26.0 19.3 26.7 20.3
EdgeNeXt-XX-S 25.4 19.9 26.2 21.5

Table 5: Performance comparison of different back-
bones on PHOENIX14-T.

paradigm generalizes beyond a single benchmark.

4.6 Effectiveness Analysis

Figure 5 shows the validation WER curves over
epochs. With our method, the validation WER
converges faster, allowing the model to reach the
baseline performance with fewer training epochs.

In addition, on PHOENIX14-T, the average pro-
portion of frames predicted as "blank" on the valida-
tion set decreases from 0.69 for the baseline to 0.65
with GTM, while the average frame-level posterior
entropy increases from 0.16 to 0.19. On CSL-Daily,
the blank-frame proportion decreases from 0.76 to
0.72, and the average frame-level posterior entropy
increases from 0.18 to 0.22. Overall, GTM reduces
the blank-frame proportion by 5.8% and 5.3% on
the two datasets, while increasing the posterior en-
tropy by 18.8% and 22.2%. These results indicate
that GTM alleviates blank-dominated posterior con-
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Figure 7: Qualitative comparison of gloss-to-frame seg-
mentations produced by different methods.

centration and encourages more informative frame-
level predictions, reducing the model’s reliance on
sparse CTC spike frames. Together with a decrease
in WER, these findings support the increase in the
model’s effective information acquisition. Figure 6
provides a line chart of the blank prediction prob-
ability for each frame in an example video. For
this sample, the average probability of predicting
a frame as "blank" is 79.7% for baseline, whereas
our method reduces it to 70.2%.

4.7 Visual Analysis

Segmentation quality. Figure 7 provides an in-
tuitive comparison of different methods. The top
row shows the manually annotated result, followed
by the results of CTC-only (self-distillation), lo-
cal 8B-MLLM-only, local MLLM with frame-level
descriptions combined with an online LLM, top-k
window differencing frames, and GTM. As illus-
trated, self-distillation yields sparse supervisory
frames, although mostly lie within the correct tem-
poral regions. The segments obtained by the local
MLLM alone are largely inaccurate. When com-
bining MLLM with an LLM, the LLM tends to
rationalize errors in the descriptions, leading to
misalignment. In this case, the latter part of "col-
lections" is described as "hands moving upward
in the front", which is incorrectly assigned to the
segment "house". However, this approach provides
longer supervision ranges. The windowed differ-
ence method can reasonably capture the temporal
structure. By combining the strengths of CTC-only,
MLLM+LLM, and temporal structure, GTM pro-
duces more training-effective interval supervision.

Human evaluation of interval quality. Since
precise temporal boundary annotations are not
available in the datasets, we conduct a blind hu-
man rating as a complementary evaluation. Seven
undergraduate annotators from different majors
are asked to score the interval quality of three
anonymized methods from 0 to 100: CTC only, ex-
tending CTC spikes to the nearest video-structure

Annotator CTC Only Structure Extension GTM

A1 80 80 90
A2 65 75 80
A3 70 80 90
A4 75 80 85
A5 75 70 90
A6 70 80 90
A7 60 80 90

Average 70.7 77.9 87.9

Table 6: Blind human rating of interval quality. Struc-
ture Extension denotes extending CTC spikes to the
nearest video-structure points.

Figure 8: Windowed difference scores for each frame
in an example video.

points, and GTM. The rating considers action conti-
nuity, boundary reasonableness, and interval cover-
age. As shown in Table 6, GTM obtains the highest
average score of 87.9, outperforming Structure Ex-
tension and CTC Only by 10.0 and 17.2 points. The
annotators generally observe that GTM produces
more coherent boundaries and more complete ac-
tion intervals, while Structure Extension may still
place boundaries inside high-motion phases or
leave some actions uncovered, and CTC Only is
often located in the correct region but too sparse
to provide effective dense supervision. The de-
tailed reasons for the scores are provided in Ap-
pendix G. This evaluation further supports the qual-
ity of GTM-generated interval supervision.

Windowed difference scores for each frame
in an example video. Based on manual annotation,
the four temporal boundaries should lie within the
ranges of frames 31–33, 39–44, 58–61, and 70–73.
As illustrated in Figure 8, among the top-8 frames
with the highest difference scores, frames 35, 45,
58, and 70 are included. This observation indicates
that the proposed windowed difference scoring pro-
vides reliable temporal structure cues. A format-
adjusted version of the LLM reasoning process for
this example is provided in Appendix H.

Grad-CAM (Selvaraju et al., 2017) visualiza-
tions of the feature extractor. It can be observed
from Figure 9 that, after incorporating GTM and
CE, the model focuses more on fine-grained re-
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Figure 9: Grad-CAM visualizations. Left: baseline.
Right: GTM + Baseline.

gions, such as the hands and face, rather than coarse
central areas of the image. This suggests that GTM
provides more informative supervision signals.

4.8 Error Analysis

Compared with the baseline, GTM reduces dele-
tions and insertions on CSL-Daily by 9 cases
(0.94%) and 25 cases (13.37%). On PHOENIX14-
T, GTM slightly increases deletions by 6 cases
(1.25%), but reduces insertions by 39 cases
(27.08%). We further analyze the recognition re-
sults of our method on the test set and summarize
four typical error causes: recognition errors due to
similar actions, gloss deletion errors due to similar
actions, gloss insertion errors due to action combi-
nation, and other recognition errors. Examples on
CSL-Daily are shown in Figure 10. To make the
analysis more systematic, we randomly sample 100
test-set prediction results and manually assign each
case to its dominant error category. The proportions
of the four categories are 45%, 20%, 15%, and 20%.
The "other" category mainly consists of general
misrecognition and missed-recognition cases that
do not clearly fall into the previous three categories.
These results indicate that action similarity remains
the dominant source of residual errors, while GTM
mainly reduces insertion errors and alleviates over-
segmentation caused by CTC spike-like predictions.
We also find four types of original dataset anno-
tation issues, especially in CSL-Daily, including
extra glosses, missing glosses, order swapping, and
complete mismatch.

In the first example of Figure 10, "small" lasts
for about 12 frames but is unrecognized, while
"noneed" and "no" represent recognition errors.
The substitution of "directly" for "always" is a typi-
cal case of recognition errors due to similar actions,
as shown in Figure 11(a). In the second exam-
ple, missing "country" and "few" are typical gloss

Figure 10: Examples of errors.

Figure 11: Examples of error causes.

deletion errors due to similar actions. The model
recognizes both segments as the same gloss and the
CTC decoder combines them together, resulting in
gloss deletion. A visualization of the "more+few"
example is shown in Figure 11(b). In the third ex-
ample, spurious "bad" is a typical gloss insertion
error due to action combination. The latter part of
the action "punishment" coincides with "bad". This
might be due to the long-tail distribution, which
makes some stubborn biases difficult to correct.

5 Conclusions

In this work, we verify that replacing CTC spike-
based supervision with dense temporal supervi-
sion effectively alleviates the low-entropy align-
ment collapse. Specifically, we propose GTM to
construct gloss-to-frame interval annotations via
multi-source integration and LLM-driven reason-
ing, which act as structured reasoning chains to
calibrate alignment distributions toward more in-
formative patterns. To strengthen visual-semantic
correspondence, we introduce a dual-objective op-
timization framework, where frame-level supervi-
sion improves local discrimination and sequence-
level CTC preserves global alignment ability, opti-
mized via curriculum learning strategy for a smooth
transition from local to holistic learning. Beyond
performance improvements, we show that explicit
intermediate supervision can effectively compen-
sate for the limitations of purely data-driven im-
plicit alignment without extra parameters. This
suggests that improving supervision, rather than
model complexity, is a more effective direction for
advancing sequence alignment and may generalize
to lip reading and other sequence tasks.
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Limitations

Although the proposed framework can mitigate the
spike-dominated CTC behavior in CSLR, several
aspects can be further improved. First, GTM relies
on external LLMs for annotation, which may intro-
duce output variance and offline cost. The LLM
is used as a constrained reasoning operator rather
than a sign language recognizer, but our prelimi-
nary attempts with local Qwen3-8B-Instruct mod-
els found that smaller models may lack sufficient
context length for long frame-level descriptions
and reasoning ability over noisy multi-source clues.
Future work may reduce the cost through distil-
lation, key-frame descriptions, or algorithms for
integrating noisy multi-source information without
relying on large online LLMs. Second, even in
the baseline model without GTM and CE loss, the
WER on the training set can be reduced to nearly
zero, which is a significant gap compared with the
performance on the validation and test sets. Learn-
ing more generalizable features from limited data
remains an open challenge.
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A CTC Loss Formula

CTC loss is designed for end-to-end temporal clas-
sification tasks that process unsegmented sequen-
tial data. It defines a many-to-one mapping func-
tion to align paths to label sequences, which trans-
forms a path π into the final label sequence Y by
removing repeated labels and blank symbols. Us-
ing this function, CTC can supervise the model
parameters θ by summing the probabilities of all
possible paths:

LCTC = − log p(Y | X; θ)

= − log


 ∑

π∈B−1(Y )

p(π | X; θ)


 (10)

The conditional probability of a path is com-
puted under the conditional independence assump-
tion as:

p(π | X) =
T ′∏

t=1

p(πt | X; θ) (11)

B Problematic Frames in Data

Figure 12(a) exhibits a frame that should corre-
spond to part of the sign "high" in German Sign
Language, where the index finger points upward
with a rapid upward motion; however, severe mo-
tion blur caused by low sampling rate obscures
the movement. Figure 12(b) exhibits a frame with
inherent data quality issues, where the hand is oc-
cluded.

Figure 12: Examples of problematic frames in the
PHOENIX14-T dataset.

C Stay-Step-Skip Alignment

Algorithm 1 S3 Alignment

Require: Log probabilities log_probs ∈ RT×C ,
target sequence y1, . . . , yU , blank symbol

Ensure: Frame-level alignment Y with length T
1: Construct extended sequence ext with blanks

inserted
2: Initialize DP table and backpointers
3: for each time step t do
4: for each state s in ext do
5: Compute max probability from stay (s),

step (s− 1), skip (s− 2) transitions
6: end for
7: end for
8: Backtrack from optimal final state to obtain

alignment Y
9: return Y

D Comparison of action descriptions with
the LLM knowledge base

Gloss names are part of the available supervised
training labels. The role of the LLM is to integrate
gloss order, anchors, temporal structure, and frame
descriptions, not to recognize signs solely from
gloss names or knowledge base.

Figure 13 shows the PHOENIX14-T frames and
frame-level descriptions for "SAMSTAG" (Satur-
day) in German Sign Language, while Figure 14
shows the web version of DeepSeek’s typical de-
scription of this sign. In external knowledge bases,
"SAMSTAG" is a two-component action, whereas
in PHOENIX14-T it is a single-component move-
ment unrelated to either "week" or "6". This sug-
gests that GTM does not rely on the LLM’s proto-
typical sign knowledge, but grounds its decisions
in the provided clues.

Figure 13: The action of "SAMSTAG" in PHOENIX14-
T and the MLLM-generated frame-level descriptions.
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Figure 14: Description of the typical action for "SAM-
STAG" in the online LLM knowledge base.

E Final Annotated Data Samples

Annotations are formatted as "index]gloss(start
frame-end frame)". We annotate every training
sample in CSL-Daily and PHOENIX14-T, preserv-
ing the original number and order. Our data is
open-sourced at § GTM, all annotations should
be used only for research purposes, in compliance
with the original dataset access conditions.

• 1]you all(6–30) 2]hello(33–51)
• 1]appendix(6–38) 2]inflammation(42–74)

3]often(77–104) 4]temptation(107–139)
5]other(142–152) 6]what(155–164)
7]illness(166–177)

• 1]weather(4–30) 2]winter(31–56)
3]son(57–88) 4]study(89–112)
5]more(113–135) 6]wear(137–144)
7]clothes(144–185)

• 1]NORD(1–22) 2]WOLKE(29–46)
3]IX(53–72) 4]ZWISCHEN(73–82)
5]SCHOTTLAND(85–122)

• 1]WIE-AUSSEHEN(1–12)
2]IN-KOMMEND(13–23)
3]DONNERSTAG(69–75) 4]AUCH(77–88)
5]REGEN(89–95) 6]IX(96–104)
7]SONST(105–111) 8]SUEDOST(112–136)
9]AUCH(138–142) 10]SONNE(145–156)
11]DABEI(159–170)

• 1]NACHT(2–22) 2]NEBEL(40–56)
3]HOCH(57–67) 4]NEBEL(69–92)
5]REGION(93–127)

F Implement Detail

All models are used as intended.
CSLR baseline. We follow the same settings as

prior SOTA methods (Min et al., 2021; Hu et al.,
2023a). We adopt ResNet-18 (He et al., 2016) with
ImageNet (Deng et al., 2009) pretrained weights

as the 2D CNN backbone. The 1D CNN is con-
figured as a sequence of layers K5, P2, K5, P2,
where Kσ and Pσ denote a 1D convolution layer
and a pooling layer with kernel size σ. A two-layer
BiLSTM with 512 units per direction is employed,
followed by a fully connected layer with a 1024-
dimensional input. The model is trained for 50
epochs with an initial learning rate of 1 × 10−4,
which is decayed by a factor of 5 at epochs 20,
30, and 40. The batch size is set to 2. We use the
Adam optimizer (Kingma and Ba, 2017) with a
weight decay of 1 × 10−4. The PyTorch version
is 2.5.0+cu121. During inference, we employ the
widely used ctcdecoder1 and set the beam width of
beam search to 10, leaving other settings as default.

Data preprocessing. All input frames are first
resized to 256 × 256, then random cropping to
224× 224. During training, we apply random hori-
zontal flipping with a probability of 50% and tem-
poral scaling with a ratio of 20%. During inference,
only a center crop of size 224× 224 is used.

MLLM and LLM inference. We set the temper-
ature to 0.3 and topp to 0.95. We call the MLLM
once per frame and each LLM inference costs ap-
proximately 14k tokens per training example. For
the LLM reasoning results, the proportion of single-
sampling cases in which the number of generated
segments is inconsistent with the number of glosses
is about 10%. An LLM retry is triggered when the
output cannot be parsed into the required JSON
format or when the number of generated segments
is inconsistent with the input gloss sequence. We
allow at most nine retries for each training example;
cases that still fail after these retries are manually
inspected to determine the intervals. Since posi-
tioning points themselves are obtained from a base-
line with a downsampling factor of 4 and do not
overlap, and the intervals between time boundaries
are larger than 4 frames, we did not observe any
cases in which the LLM reasoning results produced
"overly short intervals" or "overlapping intervals".

Runtime cost on a single RTX 4090. For CSL-
Daily, generating frame-level descriptions takes
approximately 40 days, LLM-based integration
and reasoning takes approximately 20 days, train-
ing one recognition epoch takes about 30 minutes,
and running inference on the test set once takes
about 20 minutes. For PHOENIX14-T, generating
frame-level descriptions takes approximately 25
days, LLM-based integration and reasoning takes

1https://github.com/parlance/ctcdecode
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approximately 10 days, training one recognition
epoch takes about 10 minutes, and running infer-
ence on the test set once takes about 10 minutes.
Although the annotation stage is time-consuming,
it is performed offline only once. The actual train-
ing and inference of the recognition model remain
lightweight compared with SOTA models.

G Blind human rating of interval quality

The following are the specific scoring reasons pro-
vided by the 7 annotators. Among them, annotator
A4 did not provide any reasons.

GTM:
• A1: Mostly accurate, with only minor start

and end offsets within the same action.
• A2: Segment boundaries often align with ges-

ture changes, but unsure if they truly corre-
spond to gloss transitions (no sign language
knowledge).

• A3: Not familiar with sign language, but
boundaries show clearly better motion con-
tinuity than the other two.

• A5: The vast majority of deviations are very
small; overall continuity is significantly better
than the other two.

• A6: Intervals are longer than Group 3 and
clearly outperform it.

• A7: Clearly the best overall quality.
Structure Extension:
• A1: Some segmentations have large devia-

tions or missing/incorrect glosses.
• A2: Some actions fall outside intervals,

though most are acceptable.
• A3: Some gloss boundaries fall at action

peaks (rather than transitions).
• A5: 70% are good, but 30% have notable

omissions.
• A6: Appears as a simple but somewhat rigid

extension of Group 3.
• A7: Slightly worse than Group 1.
CTC Only:
• A1: Shorter intervals than Group 2, but overall

similar in quality.
• A2: Accurate where present, but contributes

little to final recognition.
• A3: Accurately placed but too peaky.
• A5: Accurate in placement, but intervals are

too short, losing completeness — penalized
for being "overly concise".

• A6: Baseline method.
• A7: Discontinuous; intervals are fragmented.

H LLM reasoning example

The following text is the thought process of the
online version of DeepSeek, with the input Prompt
B in Figure 4, which integrates positioning points,
video structural points, and frame-level descrip-
tions, to demonstrate the LLM’s reasoning pro-
cess. In this example, the LLM first uses the CTC-
derived anchors to localize each gloss, then uses
high-change frames only as structural references
rather than mandatory boundaries, and finally relies
on action continuity in the frame descriptions to
decide whether a change point is an internal motion
variation or a true gloss transition. For instance, it
keeps frame 52 as an internal change within the first
GRAD segment rather than switching immediately
to SIEBZEHN, and leaves short transition gaps
when the motion is ambiguous. This demonstrates
that the generated intervals come from constrained
temporal refinement instead of unconstrained sign
recognition.

"In this fine-grained segmentation, I started with
the coarse anchor points: MORGEN at frames 0-7,
SECHS at frames 32-39, the first GRAD at frames
44-47, SIEBZEHN at frames 64-71, and the sec-
ond GRAD at frames 76-79. I also received auxil-
iary reference information: the eight frame indices
with the largest motion-pattern changes, specifi-
cally frames 35, 41, 45, 52, 59, 63, 70, and 74,
which could serve as potential segmentation bound-
aries. However, the user explicitly noted that the
coarse anchor points may not be completely accu-
rate, the actions may not be the most prototypical
realizations, and the frame descriptions may also
be imperfect. Therefore, I placed greater emphasis
on analyzing the motion continuity reflected in the
frame descriptions, using the auxiliary boundary
frames only as references. Analyzing the frame
descriptions: from frame 1 to frame 31, the right
hand gradually rises from the chest to the face, with
the index finger eventually pointing to or touch-
ing the cheek and temple area, while the left hand
never appears. This is a highly coherent motion
sequence. The coarse anchor placed MORGEN
at frames 0-7 is clearly too short, and the earliest
auxiliary boundary frame at 35 occurs well after
this motion ends, so I determined that MORGEN
should cover frames 1 through 31. Next, frames 33
to 39 show a clear thumbs-up handshape with the
thumb extended and the other four fingers curled,
and the left hand begins to appear, which perfectly
matches SECHS. The coarse anchor for SECHS is
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precisely frames 32-39, while auxiliary boundary
frame 35 falls inside this interval, which may be
a misjudgment, so SECHS remains as frames 33-
39. Then I addressed the first GRAD. The coarse
anchor placed it at frames 44-47, but careful ob-
servation of frame descriptions reveals that from
frame 41 onward, both hands appear simultane-
ously and open with palms facing forward or out-
ward, performing an outward movement. Frame
45 is exactly one of the auxiliary boundary frames,
indicating a significant motion-pattern change at
this point, but this change is an internal peak within
the GRAD action rather than a transition to another
gloss. The difficulty arises in subsequent frames:
from frame 49 onward, the hands gradually shift
from an "opening outward" motion to a "moving
inward toward each other" motion. Frame 52 is
another auxiliary boundary frame, indicating an-
other major motion-pattern change. At this point,
I encountered a critical uncertainty—does frame
50 belong to the first GRAD or to SIEBZEHN?
If I strictly analyze frame by frame, frame 49 still
shows the right hand with palm forward, frame
51 shows no motion blur and the right hand still
has palm forward, so the posture remains close to
GRAD. Although frame 52 is a potential bound-
ary, the handshape has not yet fully transitioned
into the typical SIEBZEHN configuration of palms
facing each other with reciprocal back-and-forth
movement. The user explicitly stated that there is
no need to pursue excessive precision down to a
specific frame and that judgments should be based
on motion continuity, and also emphasized that one
gloss action may consist of several changing sub-
parts. Therefore, instead of fixating on the exact
frame within the transition zone, I made a holistic
judgment based on motion continuity: from frame
41 to frame 60, the overall dominant feature is both
hands open with palms outward or forward, and it
is only after frame 60 that the motion clearly enters
the reciprocal phase characteristic of SIEBZEHN.
Even though the auxiliary boundary frames point to
frame 52 as a change point, this change is merely an
internal directional adjustment within the GRAD
action rather than a signal to switch to the next
gloss. Thus, I assigned frame 50 to GRAD and
extended the first GRAD interval from the coarse
anchor of frames 44-47 to frames 41 through 60,
leaving frames 61 to 63 as an unassigned transition
region. Next, I processed SIEBZEHN. The coarse
anchor placed it at frames 64-71, and the frame de-
scriptions show that during this period both hands

have palms facing each other, fingers curled, mov-
ing back and forth. Frames 63 and 70 are both
auxiliary boundary frames—frame 63 marks the
formal entry from the transition into SIEBZEHN,
and frame 70 is an internal motion change point
within SIEBZEHN. Although this is not a typical
action for SIEBZEHN, based on motion continu-
ity, the SIEBZEHN interval aligns well with the
anchor, so I kept it as frames 64-71. Finally, I
processed the second GRAD. The coarse anchor
placed it at frames 76-79, but frame descriptions
show that from frame 73 onward, the hands are
already in a posture with the right hand near the
chin and the left hand extended outward. Frame
74 is an auxiliary boundary frame, indicating a
clear motion-pattern change at this point, which
marks the beginning of the second GRAD. This
posture continues until frame 80, after which the
motion begins to dissipate, so I extended the second
GRAD from frame 73 to frame 80. All intervals
are non-overlapping and strictly follow the order
of the gloss sequence, yielding the final result: 1]
MORGEN(1-31), 2] SECHS(33-39), 3] GRAD(41-
60), 4] SIEBZEHN(64-71), 5] GRAD(73-80)."
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