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Abstract

Sign languages are the primary means of communication for deaf
communities, but the development of effective automatic recogni-
tion systems remains a significant challenge. In this work, we focus
on the task of Isolated Sign Language Recognition (ISLR) using a
multimodal approach grounded in a Large Language Model (LLM)
architecture. We merge modalities, including visual characteris-
tics into the linguistic representation space of LLMs, and perform
ablation studies to evaluate the individual contributions of each
visual modality to the recognition performance. Experiments are
conducted on the AVASAG100 dataset, where our method achieves
a weighted F1-score (W-F1) of 70.36+3.00 and a macro F1-score (M-
F1) of 62.34+3.18 projecting landmarks extracted from the pose into
the LLM’s emebdding-space. These results underscore the value of
multimodal integration in ISLR and provide guidelines for future
research directions.
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1 Introduction

Advancements in the field of sign language recognition have fo-
cused mainly on two research directions, called Continuous Sign
Language Translation (CSLT) [1, 14] and Isolated Sign Language
Recognition (ISLR) [5, 24]. Unlike CSLT, which aims to translate
continuous video sequences, ISLR aims to accurately predict glosses
from independent or isolated video segments. The concept of gloss
refers to a written representation used to describe, document or
transcribe signs in a spoken language. It facilitates the linguistic
study of sign languages and supports their automatization. In ISLR,
glosses serve as the output classes predicted by trained classifiers.
The input data, however, can vary and may include features ex-
tracted from visual encoders, raw images, or landmarks coordinates.
In this work, we employ both landmark features and features ex-
tracted using Visual Transformers (ViT) to feed Multimodal Large
Language Models (MLLM) for performing ISLR. More specifically,
the main contributions of the article are as follows:

e We propose a set of state-of-the-art multimodal large lan-
guage models (MLLM) for recognizing 100 glosses in the
AVASAG [4] dataset. The model effectively integrates both
linguistic (textual annotations) and visual information (sign
language cues) enabling a unified representation that cap-
tures both spatial and temporal patterns. Additionally, by
leveraging the inherent capacity of Large Language Mod-
els (LLMs) to model long-term dependencies, our approach
advances the recognition of complex sign language gloss
structures.

e We conduct ablation studies to quantify the individual con-
tributions of different visual modalities, providing insights
into how each modality affects recognition performance.

e We evaluate the impact of different visual features by com-
paring landmark-based (MediaPipe) and image-based (Visual
Transformers, ViT) representations. These features are pro-
jected into the latent space of the Qwen3 model, translating
visual input into textual tokens. Furthermore, we investigate
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various data pre-processing strategies, including padding
and masking, to optimize model performance.

e We identify and analyze systematic misclassifications among
visually similar glosses, highlighting key challenges and ar-
eas for future improvement in ISLR.

The remainder of the paper is structured as follows. Section 2
reviews related work, covering ISRL and existing MLLM. Section
3 outlines the methodology, beginning with the description of the
dataset and the pre-processing steps, followed by details on the
extraction of landmarks and features and the proposed MLLM ap-
proach. Section 4 presents the experimental setup and key findings.
Finally, Section 6 concludes the paper with a summary of the main
findings and potential directions for future research.

2 Related Works

This section reviews the literature of the current developments in
ISLR and MLLM, emphasizing those approaches that employ LLMs
and pose landmarks extracted from videos.

2.1 Isolated Sign Language Recognition

From a technical standpoint, prior work in Isolated Sign Language
Recognition from video can be broadly categorized into two main
types based on the input features used: 1) RGB-based and 2) pose-
based approaches. RGB-based methods process entire video frames
and typically with convolutional neural networks (CNNs) to cap-
ture spatio-temporal patterns [2, 18]. Although these methods often
achieve high accuracy, they are computationally intensive. In con-
trast, pose-based approaches rely on structured and lightweight
representations, using key landmarks from the body and hands,
through specialized pose estimation frameworks.

In SignBERT [13], Hu et al. achieved state of the art in multiple
SLR benchmarks, treating each hand pose as a visual token and per-
forming one self-supervised masking pre-training stage as in BERT
[9], where the model must learn to reconstruct masked tokens.
In particular, they only used hand landmarks in their framework,
encoding spatial information using spectral-based graph convolu-
tional networks (GCN) [7] and positional embeddings to encode
temporal relationships.

Z.Lietal. [19] also proposed a landmarks-based approach which
employs three-layer GCN for each of their pose encoders, receiving
the landmarks of the face, hands, or body, respectively. In addition
to the landmark-based approach, they also incorporate RGB images
of the hands through an additional visual encoder. However, the
performance remained statistically comparable to the landmark-
only version, highlighting the effectiveness of using keypoints and
achieving state-of-the-art results across multiple datasets.

Additionally, other pose-based approaches employing variations
of transformer architectures have been successfully employed using
pose-landmarks for ISLR [5, 23, 24]. For example, the SPOTER archi-
tecture [5] implements a query-class at the input of the decoder to
reduce the temporal dimensionality of the embeddings obtained at
the output of the encoder. Similarly, the Interpretable Transformers
[24] version includes an additional weights layer at the input of the
encoder to weight the contribution of each landmark.
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2.2 Multimodal Large Language Models

The use of MLLMs in Sign Language has recently gained increasing
interest since it has been employed in Sign Language Translation
problems, achieving significant improvements with respect to other
traditional approaches [12, 13, 15, 21, 28].

Gong et al. [12] propose a vector-quantized (VQ) sign language
module to obtain a codebook of discrete token representations,
which are projected into the semantic space of a LLM to generate
the final translated sentence. This approach is based on the assump-
tion that spoken languages are inherently discrete. The model is
trained in an autoregressive manner, predicting the next token at
each iteration given the video sequence. The codebook produced
by the VQ module encodes signs and is aligned with the LLM’s
semantic understanding of textual words using the Maximum Mean
Difference (MMD) [27], which helps bridging the gap between the
distributions of visual and textual representations.

Kim et al. [15] conduct an analysis demonstrating that image-
based vision language models outperform video-based counterparts
in generating descriptions of sign articulation performed by signers
in a zero-shot setting. Moreover, they propose a pretraining stage in
which RGB images are combined with their corresponding textual
descriptions to obtain multimodal features. These features are then
aligned with the spoken content in the video, with the objective of
performing sign language translation. This alignment is performed
through contrastive learning in the same way as proposed by CLIP
[26].

In the SCOPE framework proposed by Liu et al. [21], they first
encode the landmark motion and align it with the semantic un-
derstanding of LLM to identify which glosses appear in a given
video performing sign language recognition. Afterwards, a LLM
is fine-tuned using Q-LoRA [8] given the glosses and some addi-
tional context related to the conversation generating the predicted
sentence.

The effectiveness of Sign Language Understanding (SLU) has
also proven successful through the architectures validated in the
Uni-Sign model [20]. In UniSign [19], mutiple pose-based special-
ized encoders are employed to extract a variety of features, which
are subsequently concatenated and processed by a Spatio-Temporal
Graph Convolutional Networks (ST-GCN) [29] to capture short-
term dependencies. These representations are then passed through
a temporal encoder that integrates the temporal dimension via
mean pooling, followed by the concatenation of the resulting fea-
tures. The concatenated features are projected into the dimensional
space of a pre-trained Large Language Model (LM) and fed into it,
enabling the fusion of both visual and linguistic modalities. By incor-
porating landmark features as input tokens, with prior alignment
between hand landmarks and their corresponding image features,
the model achieves state-of-the-art performance on well-known
ISLR benchmarks (e.g. WLSASL100, WLASL2000, etc.).

3 Methodology

This section outlines the methodology used to address the key
research questions of this study. We investigate:

(1) Can MLLMs effectively integrate visual and linguistic fea-
tures for ISLR on the AVASAG100 dataset?
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(2) How do different visual inputs—such as pose-based land-
marks and ViT-based image features—affect recognition per-
formance?

(3) What is the impact of pre-processing strategies like landmark
filtering or the usage of attention masks on gloss prediction
accuracy?

(4) What are the main sources of systematic errors, particularly
those related to visual similarity between glosses?

The subsections that follow describe the dataset, feature extrac-
tion methods, model architectures, and experimental setup used to
explore these questions.

3.1 Dataset

The dataset used in this work is AVASAG [4], which consists of a
collection of videos featuring sentences related to transportation
recorded and signed in German Sign Language (DGS), annotated
with glosses and their respective German translation. For our exper-
iments, we focused exclusively on the gloss annotations to perform
ISLR. As an initial pre-processing step, we extracted all annotated
glosses from the sentence-level annotations. In order to preserve
information about the transitions between glosses, each gloss was
segmented according to a convention in which the start time of
a gloss is defined as the end time of the preceding gloss, apply-
ing this rule recursively throughout each sentence sequence [16].
This segmentation approach, illustrated in Figure 1, uses the NOVA
platform! to ensure that temporal boundaries between glosses are
maintained for downstream analysis.

Figure 1: Sample of AVASAG with video annotated with DGS-
glosses and German text in NOVA [3].

Following this approach and the structure proposed in other
well-known sign language datasets, such as the WLASL dataset
[17], we generated a subset of the 100 most frequent glosses in our
dataset, which yielded a total set of 4,336 samples with a frequency
of gloss repetitions ranging from 470, for the most frequent gloss,
to just 14 samples, for the least frequent gloss (i = 43.35; 0 = 54.19).
Subsequently, we split the dataset into train, val, and test subsets
with a percentage of 60, 20, 20, respectively, while keeping the

INOVA is an open-source annotation tool for multimodal data, commonly used for
sign language corpus projects. See: https://github.com/hcmlab/nova
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class distribution consistent across all sets. In summary, the dataset
contained 2,596 samples for training, 849 for validation and 890 for
testing. In the remainder of the work, we will refer to this dataset
as AVASAG100.

3.2 Feature Extraction

3.2.1 Visual Features Extraction. We employ a ViT? to extract vi-
sual features from individual frames of sign language videos. The
ViT operates by segmenting each frame into fixed-size patches,
embedding these patches, and processing the resulting sequence
through multiple transformer layers. From the final hidden layer,
we explore two widely adopted strategies for feature extraction:

o CLS Token: A dedicated, learnable vector that aggregates
global information accross the entire input sequence, serving
as a holistic representation of the frame.

o Average pooling: The mean of all token embeddings from the
last hidden state, providing a summary representation that
captures the distributed spatial content of the frame.

The resulting embeddings serve as compact representations for
each video frame and are subsequently used as input features for
downstream classification tasks.

3.2.2 Landmarks Extraction. Compared to image-based features,
skeleton-based representations (or landmarks) provide a concise
and efficient means of providing models with key motion and pos-
ture information. In this work, we used the MediaPipe library [22]
to extract 21 landmarks per hand (x, y, z) using the MediaPipe
Hands module, and 33 body keypoints using the MediaPipe Pose
module, resulting in a total of 75 landmarks per frame.

3.3 Multi-modal Language Models Approach

To integrate the extracted visual features from video frames, we
employ MLLMs. MLLMs are particularly effective at modeling long-
term dependencies, leveraging their attention mechanisms to cap-
ture complex relationships across modalities. This capacity enables
the seamless fusion of visual and linguistic information, surpassing
the performance achievable by individually processing each modal-
ity. Specifically, recent works have demonstrated the state of the
art performance of this approach in domains such as human per-
ception analysis [10] and, even more closely aligned to this work,
sign language translation and recognition tasks [20].

Our experimental architecture, depicted in Figure 2, is built
around the Qwen3 model® [11] in its 0.6B parameter configura-
tion. Qwen3 was selected for its extensive multilingual pretraining,
covering 119 languages and dialects. To align the different visual
modalities with the LLM’s semantic space, each input modality is
first projected through a dedicated linear layer, which is optimized
during training.

3.3.1  Prompt processing. The prompt serves to inject general knowl-
edge, facilitating model alignment and enabling a faster adaptation
to the target task. The prompt is first tokenized and then mapped
to embeddings using the LLM’s pretrained internal embedding lay-
ers, ensuring that the prompt information is represented within

Zhttps://huggingface.co/google/vit-base-patch16-384
Shttps://huggingface.co/Qwen/Qwen3-0.6B
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Prompt

Identify the gloss sign performed
given the landmarks of the hands in
a german sign language video
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Figure 2: The architecture used to process text, landmarks and images utilizing a LLM. Firstly, the textual prompt describing the
task is tokenized. Then, the visual encoder extract ViT features or landmarks and they are projected with a linear layer into the
latent space of the LLM (h;,,). Later, these visual features are concatenated with the input prompt. After being processed by the
LLM, a pooling strategy is applied over the last hidden state of the output obtained. Finally, a linear layer returns N . logits.
The dashed lines indicate components that are only used when using both inpu features. The flame indicates components
fine-tuned whereas the snowflake indicates those that remain frozen.

the model’s semantic space for its effective integration with other
modalities.

3.3.2  Visual encoder. This work investigates how visual informa-
tion can be effectively integrated with a LLM to advance multimodal
sign language understanding and support future research in this
area. To this end, two different visual backbone architectures are
analyzed:

o Image encoder (ViT): We evaluate both the CLS token and the
mean of the last hidden state as pooling strategies (‘Visual
pooling’ in Figure 2). The CLS token, commonly employed
for classification, provides a global representation of the in-
put, though it may not always be the most informative for
every frame. In contrast, average pooling aggregates infor-
mation across all tokens, yielding a smoothed representation
of the frame’s spatial content.

o Landmark encoder: Landmarks are extracted using the Me-
diapipe library [22] and flattened before being projected
through a linear layer to match the LLM’s hidden input di-
mension (hg;,, in Figure 2). This projection layer is always
fine-tuned, enabling the model to learn an embedding space
that aligns landmark information with the LLM’s pretrained
semantic representations. An important limitation in our
dataset is that people performing glosses wear gloves, which
occasionally prevents MediaPipe from detecting hand land-
marks in certain frames. This is especially problematic for
distinguishing glosses which are similar except for subtle
fingers movements. To address this, we conducted ablation
experiments to study whether removing finger landmarks
impacts overall performance.

After extracting and processing the features, visual representa-
tions are projected using a linear layer to hy;,, and combined with
the prompt tokens to form the model input.

In our approach, we process all frames in the input videos, which
significantly reduces the dimensionality of visual data while pre-
serving essential motion and pose information. By encoding each
frame as a distinct token based on its landmark configuration, we
are able to treat the entire video as a temporal sequence suitable to
be processed by the LLM. This strategy enables us to utilize the full
temporal resolution of the video but the total number of frames that
can be processed is ultimately constrained by either the available
memory or the maximum input sequence length of the model.

The combined prompt and visual tokens are then processed
by the LLM, which is always fine-tuned for our tasks. Since the
LLM is pre-trained exclusively on text, fine-tuning is necessary
to adapt it to the new multimodal domain. In this regard, it is
important to remark that freezing the LLM led to suboptimal results
in preliminary experiments.

Extracting meaningful representations from LLMs for classifica-
tion is not trivial, as the most informative features do not always
correspond to the last encoder output [6, 25]. Following recent find-
ings, we apply mean-pooling over the last hidden state, assigning
equal importance to each token’s hidden representation to preserve
global temporal information. The pooled embedding is processed
by a final linear layer, which is also fine-tuned, to produce logits for
each of the 100 gloss classes (N¢j4sses) in our problem. The gloss
with the highest probability is finally selected as the predicted class
for each video.
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4 Results

This section provides a general overview of the experiments con-
ducted in this work with a detailed analysis and comparison be-
tween the reported results.

4.1 Experimental Conditions

In this section, we report the experimental setup employed to per-
form the experiments and describe the hyperparameters used to
train the models and the metrics used to evaluate them.

4.1.1  Hyper-parameters of the models. The ablation experiment
studies were performed using Bidirectional Long Short Term Mem-
ory (Bi-LSTMs) models with 2 layers and a hidden dimension of
size 256 with a linear layer on top to perform the final classifica-
tion. These baseline models were trained with a learning rate of
107 for a maximum of 500 epochs. The experiments using LLM
were performed with a learning rate of 107® for a maximum of
100 epochs. In both training scenarios, we use the Adam optimizer,
batch size of 16, an early stop of 15 epochs without improvement
in validation loss and CrossEntropyLoss as the cost function to
measure the models performance. The Graphics Processing Unit
(GPU) utilized is a NVIDIA GeForce RTX3090 24GB.

4.1.2  Metrics. Since in the dataset there is a notable imbalance
in the number of certain glosses, we employed the Weighted-F1
(W-F1) and Macro-F1 (M-F1) metrics. W-F1 computes the weighted
mean by considering the number of samples in each class and the
priors. In contrast, M-F1 treats every class as equal, regardless of the
amount of samples or whether they are unbalanced by calculating
the arithmetic mean of all F1 scores for each class. In terms of
mathematics, they are described as follows:

F1 = 2% TP
" 2+TP+FP+FN
N N
N F1;
W-F1= )" w; % F1; ; M-F1 = L fli
i=1

where N represents the total number of glosses and w; is the
percentage of samples per glosse. FP, TP, and FN represent the
number of False-Positives, True-Positives, and False-Negatives, re-
spectively.

4.2 Analysis of Results

In this section, we present an ablation study to identify the individ-
ual contribution of each visual modality and also the influence of
different preprocessing methods that have been applied, such as fil-
tering subsets of landmarks with a high number of missing values
or the usage of attention mask in the LLM for those padded se-
quences. Moreover, an error analysis is presented to determine the
weaknesses of our contribution so they can be properly addressed
in future studies.

4.2.1 Comparison of Input Features. In this section, we compare
both visual features (ViT features obtained from RGB-images vs.
landmarks) to measure how the model performs when they are
individually provided as input. To evaluate the advantages of our
approach, we compare it against a Bi-LSTM baseline commonly
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Visual Feature

Model Encoder Visual Pooling W-F17 +CI M-F17 +CI
Bi-LSTM  vit-base-patch16-384 CLS Token 3.78+1.25 0.88+0.61
Bi-LSTM  vit-base-patch16-384  Avg. Pooling 3.38+1.19 0.76+0.57
Bi-LSTM MediaPipe X 19.7£2.61 9.10£1.89

LLM vit-base-patch16-384 CLS token 5.03+1.44 1.50+0.79
LLM vit-base-patch16-384  Avg. Pooling 5.21+1.46 1.60+0.82
LLM MediaPipe X 55.14+3.26  46.52+3.27

Table 1: Baseline results obtained for each visual modality
using a Bi-LSTM and LLMs. CI stands for 95% Confidence
Interval.

used for modeling temporal dependencies in sequences. Table 1 re-
ports the results obtained using Bi-LSTM on the analyzed features.
MediaPipe landmarks consistently outperform all RGB-based fea-
tures. When the LLM is fed with the ViT features extracted directly
from the RGB-images, the performance is poor compared to the
landmarks-based approach, although it still surpasses the Zero Rule
(W-F1 = 2.02 + 0.92, M-F1 = 0.19 =+ 0.29) achieving an increase of
AW-F1=+3,19% and AM-F1=+1,41% in percentage points.

To understand this behavior, we computed the pairwise cosine
similarity matrix per video comparing the relationship between the
embeddings extracted from each frame of the video. In Figure 3, we
displayed a sample of the confusion matrix for one of the videos.
We observed that the majority of similarity values are close to one,
indicating highly consistent frame representations.

To objectively quantify this observation, we calculate the av-
erage of all pairwise similarities for each video and then report
the overall mean and standard deviation throughout the dataset.
We surprisingly find p = 0.9999 and ¢ =~ 0, suggesting that the
frame embeddings within each video are nearly identical on av-
erage, not providing genuine information across embeddings of
different timesteps.

This behavior may be explained by the fact that the pre-trained
checkpoints of ViT are proficient in providing general image de-
scriptors. However, in the case of sign language, where the global
context of the image barely varies between contiguous frames (e.g.
same background, same person signing), ViT may not be sufficient
to capture the actual semantic encoded in the subtle and rapid vari-
ations of facial expressions and hand movements that takes place
while performing a sign. This is consistent with the existing litera-
ture as reported by the current state-of-the-art model in numerous
sign language benchmarks, such as Uni-Sign [19], which showcases
a small performance improvement when incorporating features of
the hand image considering that they only process the hands via
prior cropping with general-purpose pre-trained image encoders.
Therefore, either downstream adaptation of the ViT arises as nec-
essary, or the usage of Vision Language (VL) models to enforce the
ViT model to focus on hands via textual conditioning.

However, when using landmarks in the exact same configuration,
it can be seen how model performance increases significantly in
AW-F1=+49.93% and AM-F1=+44.92% percentage points compared
to use ViT features with average pooling. These findings further
support the use of landmarks as input features for our analysis and
highlights the suitability of combining visual features as contextual
representation for the LLM.
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4.2.2  Ablation Studies of Masking Strategies and Filtering. One of
the main problems we encounter when using MediaPipe landmarks
is the scarcity of hand landmarks in some videos, which may mis-
lead the model in its learning process. Therefore, we explore their
contribution to the final model by directly removing them, creating
a subset containing only pose landmarks. The filtering of such a pri-
ori relevant information is supported by having also pose features
that incorporate hand landmarks, although with significant fewer
descriptors than those provided by the dedicated hand landmark
detector.

When working with a LLM and batched input sequences derived
from videos of varying duration, padding is necessary to standard-
ize sequence lengths to the longest in the batch. Consequently, to
ensure that the model focuses only on tokens that contain meaning-
ful information, we also investigated the impact of incorporating
attention masks.

In Table 2 the reported results show that removing the sub-
set corresponding to the hand landmarks provided by MediaPipe
significantly improves the model performance when no attention
masks are applied (AW-F1=+19.19% and AM-F1=+21.36% percent-
age points) and also when padding is masked (AW-F1=+15.26% and
AM-F1=+15.82%). These results indicate that the hand landmarks
provided by MediaPipe are not a good descriptor for this specific
problem, so different hand landmark and feature extractors will be
explored in future works.

Regarding the use of attention masks, performance improves
although it is not statistically significant when the MediaPipe hand
landmarks are not filtered (AW-F1=+4.18% and AM-F1=+4.01%).
The same behavior is noticed when hand landmarks are filtered
(AW-F1=40.21% and AM-F1=—1.53%), indicating the need for fur-
ther investigation. However, given that our dataset comprises rela-
tively short video sequences, we hypothesize that the benefits of
attention masking would become more pronounced with longer
sequences.

Despite the poor performance achieved when using ViT features,
we explore the possibility of integrating information from both
visual modalities to explore if it is possible to enrich each frame
representation. Therefore, we concatenate both inputs obtaining a
multimodal embedding that is projected into the semantic space of
the LLM using a linear layer. In particular, as there is no statistically
significant difference, we use the embeddings obtained from ViT
taking the CLS token. The results obtained using the CLS token
ViT embeddings and the filtering the MediaPipe landmarks using
attention masks are W-F1=53.22+3.27 and M-F1=42.72+3.25. These
results do not outperform those obtained using only the landmarks
visual modality. This may be due to the inclusion of the ViT branch,
which could hinder overall performance by introducing more con-
fusion than useful information. It would be worth to optimize the
image branch and reattempt the multimodal integration approach.

S. Esteban-Romero et al.
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Figure 3: Cosine similarity across the embeddings represent-
ing each frame in the video with lowest global mean cosine
similarity

Use Attention Filter MediaPipe W-F11 £CI M-F11 CI

Masks Landmarks
X X 50.96+3.28 42.51+3.24
v X 55.14+3.26 46.52+3.27
X v 70.15+3.01 63.87+3.16
v v 70.36+3.00 62.34+3.18

Table 2: Ablation Study of the contribution of Attention
Masks and filtering on MediaPipe landmarks using the LLM.

4.2.3  Error Analysis. In this section, we provide an analysis of
the most relevant concerns that we discovered through our exper-
imentation. Firstly, we discovered that ViT features lack enough
variability to individually solve the task or to complement other
features such as the landmarks. Although we quantitatively mea-
sured this limitation, Figure 3 presents the cosine similarity matrix
of the embeddings corresponding to the video with the highest
standard deviation, computed over the mean pooled outputs from
the last hidden state of the Vision Transformer (ViT). It should be
noted that the largest differences observed in cosine similarity are
on the order of A = 1.4 x 1073, indicating only minimal variation
between the compared embeddings. These results highlight that
features extracted from a pre-trained ViT model without adaptation
to the task, as used in this study, fail to capture nuanced differences
between frames, suggesting that alternative architectures or task-
specific fine-tuning may be necessary directions for future research.

Figure 4 represents the confusion matrix for the predictions asso-
ciated with our best result from Table 2 where the hand landmarks
are filtered and an attention mask is applied so the model does
not take into account padding. Although many classes are classi-
fied with high precision, as indicated by the prominent diagonal
values, systematic misclassifications are also evident. For exam-
ple, glosses with similarities in how they are articulated, such as
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variants of ‘num’ (e.g., ‘num.l’, ‘num.ord.1’, etc.) exhibit signifi-
cant misclassifications among each other, suggesting limitations
in the discriminative capacity of the model for fine-grained nu-
merical entities. Even more notable but also related, it is the issue
that arises with glosses related to the finger alphabet (e.g. ’fa.a’,
fa.b’, ’fa.c’ and ’fa.d’). These errors may result from overlapping
features, especially due to filtering of hand landmarks, suggesting
that the incorporation of hand features may help to mitigate this
limitation. Furthermore, the model shows a notable bias towards
predicting wrongly the gloss ‘index’, likely due to being highly
overrepresented in the training data.

5 Limitations

In this section, we will highlight the main limitations associated
with our research. Regarding the data acquisition step, described
in Section 3.1, the segmentation process was carried out manually,
which may result in segments that are not ideal to be processed by
the model when discerning glosses.

Also related with the dataset, the class imbalance presents a
series of challenges as the models exhibit a notable bias in predicting
the majority class in the dataset. This can be clearly seen in Figure 4
where the gloss with the highest number of occurrences “index” is
wrongly predicted on several occasions. Additionally, the existing
similarity between groups of glosses with similar articulation (i.e.
numbers or finger alphabet glosses) highlight potential limitations
that could be addressed through more fine-grained hand descriptors
or by increasing temporal resolution to better distinguish them.

Despite notably improving efficiency and simplifying the feature
extraction process when using a ViT to extract features from each
frame, the dimensionality reduction techniques applied in this work
entail a notable information loss. This could potentially explain the
similarity between the frame representations that are obtained for
each frame in our dataset as we are obtaining a high-level descrip-
tion of the image that is unable to capture the nuances required
to accurately discern between signs (i.e., finger orientations, hand
positioning, facial expressions, etc.). Hence, the acquisition of a
unique global representation for each frame may limit the capabili-
ties of the model to exploit these complex descriptors. Therefore,
a more effective approach might involve cropping the images to
focus solely on specific areas such as the hands, arms, or face and
using these cropped regions as input to the model.

Additionally, the concatenation of landmarks into a unique flat-
tened representation to be processed as a token may be suboptimal,
especially when dealing with missing landmarks. It may be worth
exploring to separate landmarks into body structure groups (i.e.
hands, pose, face, etc.) and process them separately allowing the
model to exploit their individual temporal and spatial dynamics
without being constrained to process them simultaneously. An-
other potential solution may involve attention mechanisms that
give weight to each landmark according to their relevance for effec-
tively predicting the expected outcome. This solution would help in
mitigating the impact of scenarios where some grops of landmarks
are not present or obtained with a high confidence.
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6 Conclusions

In this work, we proposed a multimodal approach to perform Iso-
lated Sign Language Recognition (ISLR) that takes advantage of a
compact Large Language Model (LLM) with 0.6 billion parameters.
Our method was evaluated on a subset of the AVASAG100 dataset,
which contains videos of 100 German Sign Language glosses related
to the domain of transportation, with each video corresponding
to a single gloss instance. Our method achieves notable high per-
formance, with a W-F1 score of 70.36+3.00 and a M-F1 score of
62.34+3.18 when applying landmark filtering, indicating the need
for more expressive landmark descriptors. This limitation could
potentially be addressed by employing alternative open-source li-
braries that can overcome MediaPipe limitations. Future research
will also focus on obtaining image-based features able to capture
better temporal variance and hand information than the employed
models, with the scope of seamlessly integrating the visual modal-
ity representations before being provided to the LLM. However,
the LLM is demonstrated to be capable of integrating features from
multiple visual modalities, such as hand and pose landmarks and
image frames, by aligning them through fine-tuning, enabling the
model to bridge the gap between heterogeneous inputs with mini-
mal computational overhead.
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Figure 4: Confusion matrix showing the classification results for gloss recognition. Diagonal elements represent correctly
classified glosses, while off-diagonal elements indicate misclassifications.
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