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Abstract

Recognizing continuous fingerspelling from monocular
RGB video is a highly challenging task due to complex hand
articulation, coarticulation effects, and significant inter-
signer variability. Prior methods use either raw visual
features, which lack structural awareness of fine-grained
finger dynamics, or parallel RGB—pose streams from ex-
plicit pose estimation, which add substantial inference-time
overhead. In this work, we propose a novel knowledge
distillation framework that transfers rich hand articulation
knowledge from HAMER, a foundation model for 3D hand
mesh/pose reconstruction, into a lightweight, RGB-only fin-
gerspelling recognizer. We extract high-level pose embed-
dings from HAMER's Transformer head, which encode de-
tailed hand structure, and distill them into a ResNet34-
based appearance encoder via a dedicated training objec-
tive. Subsequently, the learned pose-aware features are fed
into a I1D-CNN and BiGRU for temporal modeling, with
the full system trained using both connectionist temporal
classification (CTC) and a knowledge distillation loss. No-
tably, our approach does not rely on the teacher model
(HAMER) at inference time, thus enabling real-time per-
formance. We evaluate our method on two American sign
language (ASL) benchmark fingerspelling datasets, as well
as a studio-quality Greek fingerspelling corpus. Our model
achieves state-of-the-art accuracy with over 3x lower infer-
ence time than prior methods, offering an effective trade-off
between accuracy and efficiency for real-time deployment.

1. Introduction

While the majority of prior work in sign language recog-
nition (SLR) has focused on isolated signs or the more
complex task of continuous SLR, the recognition of fin-
gerspelling remains relatively understudied. Fingerspelling

constitutes a fundamental component of sign language com-
munication, as it enables deaf and hard-of-hearing individ-
uals to express names, technical terms, and foreign words
that lack dedicated signs. Automatically recognizing and
transcribing a fingerspelling video into a sequence of let-
ters has the potential to support accessible, real-time com-
munication in scenarios where verbal interaction is not fea-
sible. However, continuous fingerspelling recognition re-
mains an inherently complex task due to the fast and subtle
finger movements, with signed letters often suffering from
high visual similarity. These challenges are further exacer-
bated in real-world settings, where inter-signer variability,
self-occlusion, and degraded video quality introduce addi-
tional ambiguity. Further, unlike gloss-level signs, which
typically exhibit distinctive manual and non-manual move-
ments, continuous fingerspelling offers limited motion con-
trast, relies solely on manual-only articulation, and lacks
explicit temporal segmentation, making its recognition par-
ticularly challenging. As a result, conventional vision mod-
els often struggle to capture the structural nuances required
for accurate fingerspelling recognition, especially when re-
lying solely on appearance-based cues. To address these
limitations, recent works have explored explicit hand mod-
eling techniques that capture the underlying kinematics and
articulatory patterns of the hand.

Several state-of-the-art systems adopt skeletal or mesh-
based hand models to enhance fingerspelling perfor-
mance. For example, Fingerspelling PoseNet [5] uses a
Transformer-based encoder-decoder trained over 3D skele-
tal trajectories with a joint CTC/attention loss, while the
method in [26] combines 3D-CNNs over RGB input with
graph convolutional networks that operate on hand pose-
rotation parameters. Although these systems achieve no-
table gains, especially under signer-independent evaluation,
they require dedicated pose estimation modules during in-
ference, typically as parallel RGB—pose streams. This de-
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Figure 1. Architecture of the proposed fingerspelling recognition system. Given an input video, the signing hand is cropped and passed
through a visual encoder, while a secondary stream extracts high-level structural features for guidance during training. The visual features
are then processed by temporal modeling modules, with supervision applied at both intermediate and final prediction stages. During
inference, only the main visual stream is used, enabling efficient and real-time recognition.

sign increases computational overhead and limits suitability
for real-time deployment. Moreover, pose information is
often treated as an auxiliary input stream rather than being
fully integrated into the feature learning process.

In this work, we propose a new perspective on con-
tinuous fingerspelling recognition by leveraging the struc-
tural representation power of a large 3D hand reconstruc-
tion model without incurring its computational cost at in-
ference time (see also Fig. 1). In particular, instead of
integrating an additional pose/skeleton modality into the
recognition pipeline, we distill pose-aware supervision from
HAMER [31], a powerful off-the-shelf 3D hand reconstruc-
tion model. Given an RGB image of a hand, HAMER pre-
dicts the pose, shape, and camera parameters of a 3D mor-
phable model (MANO [33]), which explains the hand im-
age. These rich pose representations offer valuable struc-
tural priors for fingerspelling recognition. HAMER can be
regarded as a foundation model, trained on large-scale, di-
verse hand instances, capable of generalizing across mul-
tiple downstream tasks (e.g., hand tracking, mesh recov-
ery, gesture understanding) and producing semantically rich
pose representations with strong transferability. During
training, we guide a ResNet34-based [10] visual encoder
using high-level pose embeddings from HAMER’s Trans-
former head, aligning the two modalities in a shared latent
space via a cosine similarity objective. This training scheme
teaches the ResNet34 encoder to learn both fine-grained ap-
pearance and hand pose-aware representations.

To model the temporal structure of fingerspelled se-
quences, the resulting representations are fed into a 1D-
CNN to capture short-term motion patterns between con-
secutive frames, followed by a bidirectional GRU (Bi-
GRU) [40] sequential model to encode long-range depen-
dencies and contextual information. To guide temporal
learning and reinforce alignment at multiple stages, we ap-
ply CTC losses after both the 1D-CNN and the final Bi-
GRU layer, encouraging linguistically meaningful represen-

tations at both the frame-level and sequence-level. Addi-
tionally, we employ a KL-divergence loss between the soft
predictions of the two stages to promote temporal consis-
tency across the model’s intermediate and final outputs. At
inference, the model relies solely on RGB input and operates
in real-time, as the visual encoder has effectively internal-
ized the pose information during training.

To summarize, our key contributions are:

* We propose a novel knowledge distillation framework
that transfers hand articulation features from a state-of-
the-art 3D hand reconstruction model (HAMER) into a
lightweight RGB-only fingerspelling recognizer. This
cross-modal transfer enables the recognizer to internal-
ize rich 3D hand articulation cues, as evidenced by our
ablation studies that demonstrate significant performance
degradation when pose supervision is removed.

* To the best of our knowledge, this is the first approach
to leverage HAMER’s high-level pose embeddings for
fingerspelling recognition. We qualitatively and quan-
titatively evaluate the impact of pose supervision from
HAMER compared to other 3D hand models and demon-
strate that HAMER provides significantly richer guid-
ance.

» The proposed approach constitutes an efficient real-time
recognition system that operates solely on RGB input, re-
moving the need for pose estimation during inference.

We evaluate our proposed approach on two benchmark
ASL fingerspelling in-the-wild datasets, namely Chicago-
FSWild [35] and ChicagoFSWild+ [36], as well as a
smaller, studio-quality Greek fingerspelling dataset [27].
The proposed method achieves state-of-the-art performance
across all datasets, demonstrating the effectiveness of dis-
tilling HAMER pose representations into an efficient RGB-
only recognition model.



2. Related Work range dependencies and improved temporal reasoning. In
particular, the work in [5] proposed a Transformer-based

encoder-decoder trained on 3D hand keypoint trajectories
with a joint CTC/attention loss. While achieving strong

Accurate representation of hand articulation is one of
the core challenges in ngerspelling recognition, as ne-

gramed_ nger movements are critical f_or conveying letter- results under signer-independent settings, this architecture
level distinctions. Early methods primarily focused on

based del g f ¢ introduces signi cant computational overhead and requires
appearance-based models, extracting features from "™ ose inference at test time, limiting real-time applicability.

RGB vide(_)s using CINNS [;’3162' 32, |_3|5’ 36], orhcapturing Similarly, the work in [26] proposed a multimodal frame-
motion using optical ow [ . ol owever, these ap- o that combines 3D-CNN visual features with pose-
proaches are highly susceptible to varying lighting, occlu- a0 parameters derived from the PIXIE 3D hand recon-
sions, and camera-signer relative positioning. struction model [6]. This design achieves high accuracy but
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ticulation. To address these shortcomings, 3D skeletal rep- g P

resentations were adopted [5], often g.en(.arated by monocug Methodology
lar RGB-based systems such as MediaPipe [20] or learned
projection models [28]. While such methods capture richer Our framework addresses continuous ngerspelling recog-
spatial motion, these representations are limited to joint co-nition by training an RGB-based model under pose-aware
ordinates and typically ignore detailed articulation, such as supervision, as illustrated in Fig. 1. The core idea is to use
joint rotations. In response, the community has turned tothe HAMER 3D hand reconstruction model during train-
parametric 3D hand models [26], which represent hand ar-ing to guide the learning of structural hand representations
ticulation using pose rotation parameterization. These mod-while keeping the nal model lightweight and RGB-only
els offer a more expressive and anatomically accurate defor inference.
scription of nger con gurations, which is especially bene- The overall pipeline involves the following stages: (i)
cial for SLR tasks and ngerspelling in particular that re- each video frame is processed by the MediaPipe frame-
lies on manual articulation only [17, 24, 26, 29]. However, work [20] to detect and crop the signing hand, reduc-
a key limitation is that these models are trained on general-ing background interference and isolating the region-of-
purpose hand datasets and are not tailored to the unique atnterest; (ii) the resulting hand crops are rst encoded by a
ticulation patterns found in signing. ResNet34 and then passed through a 1D-CNN and a BiGRU
While accurate hand representation is essential, nger-to capture both local and global motion patterns; and (iii)
spelling recognition also demands robust sequence modthe same hand crops are fed into a frozen HAMER model,
eling to capture the dynamic nature of letter sequences.extracting high-level pose embeddings from its Transformer
Early work in continuous ngerspelling recognition ad- head. These features are used during training to supervise
dressed these challenges using hybrid approaches that conthe visual encoder via a distillation objective.
bined frame-wise visual features with probabilistic se-  Notably, the HAMER model is used only during train-
guence models. The work in [13] introduced a segmen- ing, while it is entirely discarded at inference time. As a
tal conditional random eld model paired with CNN fea- result, the system operates solely on RGB input during test-
tures, enabling lexicon-free recognition of letter sequencesing, enabling ef cient and real-time recognition. The fol-
in studio-quality data. Further, the introduction of more lowing subsections describe in detail each component of the
challenging in-the-wild datasets shifted the focus toward proposed approach.
real-time recognition through powerful sequence learners.
In response, the work in [36] proposed an end-to-end ar-
chitecture based on recurrent neural networks (RNNs) andTo enable effective continuous ngerspelling recognition,
attention mechanisms for predicting ngerspelled letters our preprocessing pipeline focuses on precise localization
in unconstrained conditions. Their iterative visual atten- and cropping of the signing hand region. For this purpose,
tion model, in particular, demonstrated strong performancewe employ the MediaPipe hand landmark framework [20],
by dynamically re ning attention over the signing hand which estimates 21 3D skeletal joint coordinates per de-
during decoding. In addition, Transformer-based models tected hand. Although the MediaPipe hand model provides
have more recently emerged as the state-of-the-art for n- a handedness label for each detected hand, this classi ca-
gerspelling recognition, offering greater capacity for long- tion is not stable across frames, as it is not anatomically

3.1. Preprocessing
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