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Abstract
Multi-person eyeblink detection in untrimmed in-the-wild
videos is a recently emerged and challenging task. Due to its
significant spatio-temporal fine-grained characteristics com-
pared to general actions, we empirically find that general
action detectors, though effective in general domains, strug-
gle with this task (i.e., Blink-AP<2%). Specialized eyeblink
detection methods alleviate it through fine-grained spatio-
temporal operations. SOTA method proposes a unified model
combining instance-aware face localization and eyeblink de-
tection through joint multi-task learning and feature sharing.
While effectiveness, it exhibits two critical limitations that
may contribute to its unsatisfactory performance (i.e., Blink-
AP=10.11%): (1) Face localization and eyeblink detection
require distinct spatio-temporal feature granularities, making
joint modeling in a unified feature space suboptimal. (2) Eye-
blink task training could be largely affected by unstable face-
eye feature learning under the joint training paradigm. To ad-
dress this, we propose DeFB, a decomposed feature learning
paradigm with favorable effectiveness and efficiency: (1) We
model faces and eyes in granularity-specific feature spaces,
which enhances fine-grained perception while reducing com-
putational costs compared to a unified feature space. (2) To
mitigate face-eye feature learning instability, we adopt an
asynchronous learning mechanism where eye feature learning
refines well-trained coarse face features, with shared queries
acting as a bridge between stages to retain the efficient fea-
ture sharing of existing unified models. Compared with SOTA
method, DeFB doubles the performance (Blink-AP: 24.65%
v.s. 10.11%) while boosting efficiency by nearly 35%. DeFB
can also be integrated as a plug-in to substantially augment
the eyeblink detection capabilities of general action detectors.

Code — https://github.com/jinfanggan/DeFB

1 Introduction
Multi-person eyeblink detection in the wild for untrimmed
video (Zeng et al. 2023b) is a recently emerged and chal-
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Figure 1: (a) Eyeblink detection faces more pronounced
spatio-temporal challenges than general actions. (b) DeFB
achieves a superior accuracy-efficiency balance compared to
other SOTA methods.

lenging task with vital applications such as fatigue detection
(Rosenfield 2011; Bergasa et al. 2006) and emotion analy-
sis. The task requires face detection, tracking, and spatio-
temporal fine-grained eyeblink detection in an instance-
aware manner from untrimmed in-the-wild videos, which is
challenging as it not only needs to overcome complex en-
vironments such as extreme poses, lighting variations, oc-
clusion, and multi-person interactions but also demands an
order-of-magnitude finer spatio-temporal granularity that is
far beyond general actions (as shown in Fig. 1 (a)), while
balancing inference time especially in crowd scenes. Such
difficulty is further validated by the unsatisfactory perfor-
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mance of existing general action detection detectors (Zhang,
Wu, and Li 2022; Shi et al. 2023; Yang et al. 2024; Kim et al.
2025) (i.e.,Blink-AP<2%) and SOTA multi-person eyeblink
detection method (Zeng et al. 2023b) (Blink-AP ≈ 10%).

In this work, we first rethink the design of the SOTA
framework and identify its key limitations, which motivate
our solution. Specifically, the SOTA method InstBlink (Zeng
et al. 2023b) addresses this task with a unified model that si-
multaneously performs instance-aware face detection, track-
ing, and eyeblink detection. By designing a unified fea-
ture space for joint multi-task learning and execution, it
achieves significant improvements in effectiveness and ef-
ficiency over sequential frameworks (isolated face tracking
followed by single-person eyeblink detection) (Zeng et al.
2023a; Liu, Xu, and Lu 2023; Daza et al. 2021). Despite
the effectiveness of this unified design, its performance re-
mains suboptimal (Blink-AP ≈ 10%) due to two critical
shortcomings: (1) Face localization and eyeblink detection
demand distinct spatiotemporal feature granularities, render-
ing unified-space joint modeling suboptimal: over-modeling
for coarse-grained face localization introduces redundancy
and reduces efficiency, while unified features fail to sup-
port the fine-grained spatiotemporal modeling required for
eyeblink detection. (2) Eyeblink feature learning is signifi-
cantly affected by unstable face-eye feature learning under
the joint training paradigm, which undermines the effective-
ness of eyeblink feature learning, particularly in early train-
ing stages. Beyond ablation studies, we have designed inter-
pretable metrics to support this observation in Sec. 3.2.

To address this, we propose DeFB, a decomposed fea-
ture learning paradigm with favorable effectiveness and effi-
ciency. Given the granularity differences between face lo-
calization and eyeblink detection, we use global coarse-
grained features for face localization. These features are ob-
tained via spatial modeling on the highest-scale image fea-
tures from the backbone. For eyeblink detection, we employ
fine-grained eye features derived through our dense spatio-
temporal modeling module, which builds on these global
features. We further adopt an asynchronous learning strat-
egy for face and eyeblink features, treating eyeblink feature
learning as a refinement of well-trained coarse face features
and designing shared queries to serve as a bridge between
the two stages. This design yields two benefits: (1) Eyeblink
feature learning becomes more effective by avoiding inter-
ference from unstable face-eye features in joint learning; (2)
The framework retains efficient feature sharing through both
this refinement process and shared queries, as in existing
unified models, ensuring high inference efficiency.

Extensive experiments show DeFB effectively addresses
multi-person eyeblink detection challenges (Fig. 1 (b)),
achieving substantial speed and accuracy gains over SOTA
methods. It can also be seamlessly integrated into general
action detectors to enhance their eyeblink detection capabil-
ities. The main contributions of this paper are as follows:

• We rethink the design of the recent SOTA unified model
from a novel viewpoint, where we uncover two crucial limi-
tations: the conflict on feature granularity and unstable joint
learning. We design metrics to support our viewpoint in ad-
dition to the ablation studies for a deeper understanding.

• We propose DeFB, a decomposed feature learning
framework for unified multi-person eyeblink detection,
which models faces and eyes in granularity-specific feature
spaces with an asynchronous optimization strategy, which
significantly enhance fine-grained perception, learning sta-
bility, and inference efficiency.

• Our method significantly outperforms current SOTA
methods in both effectiveness and efficiency, and can be
seamlessly plugged into general action detectors as a high-
performance plug-in.

2 Related Works
2.1 Multi-person eyeblink detection methods
Multi-person eyeblink detection in unconstrained videos
(Zeng et al. 2023b) is a recently emerged challenging
task, differing from prior single-person, constrained, or
trimmed settings (Pan et al. 2007; Drutarovsky and Fogel-
ton 2014; Fogelton and Benesova 2016; Radlak, Bozek, and
Smolka 2015; Daza et al. 2024, 2020). It requires instance-
aware face detection, tracking, and eyeblink detection in
untrimmed in-the-wild videos without constraints. Existing
methods fall into two categories: (1) Multi-stage methods
(Zhao et al. 2025; Zeng et al. 2023a; Liu, Xu, and Lu 2023;
Daza et al. 2021; Hu et al. 2020; Soukupová and Cech 2016),
which follow a sequential pipeline (face detection → track-
ing → eye region extraction → eyeblink detection) but suffer
from error propagation and instance count-sensitive latency.
(2) Unified model, which uses a shared feature space for
joint face localization and eyeblink detection, outperform-
ing multi-stage methods via multi-task learning and feature
sharing. We identify limitations in the SOTA unified model
(Zeng et al. 2023b) and propose DeFB, which doubles per-
formance while improving efficiency by 35%.

2.2 Action localization
Action localization includes spatio-temporal methods (Gu
et al. 2018; Jhuang et al. 2013; Soomro, Zamir, and Shah
2012; Köpüklü, Wei, and Rigoll 2019; Yang and Kun 2023;
Dang et al. 2024) (detecting action tubes) and temporal de-
tectors (Zhang, Wu, and Li 2022; Shi et al. 2023; Yang
et al. 2024; Kim et al. 2025) (predicting temporal bound-
aries). Effective for general actions, they lack inherent sup-
port for persistent instance tracking across frames. Multi-
person eyeblink detection, by contrast, demands consistent
instance identity and fine-grained per-instance analysis, re-
lying on subtler spatio-temporal patterns. Even with external
face trackers for instance awareness (Guo et al. 2022), SOTA
temporal action detectors show limited eyeblink detection
performance (i.e.,Blink-AP<2%), indicating value in task-
specific designs. Our DeFB not only achieves strong perfor-
mance but also serves as a plug-in to compensate for the
lack of instance-awareness and fine-grained spatio-temporal
feature modeling in generic action detection heads, signifi-
cantly boosting their eyeblink detection accuracy.

2.3 End-to-end query-based methods
End-to-end object detection models (Carion et al. 2020; Zhu
et al. 2021; Li et al. 2022; Meng et al. 2021; Zhao et al.
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Figure 2: Comparison of the performance and efficiency of
InstBlink between unified and decomposed feature spaces.
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Figure 3: The variation in face and eye box stability of Inst-
Blink during joint training.

2023; Lv et al. 2024) employ query-based designs to elim-
inate manually designed anchor boxes and non-maximum
suppression. Thanks to end-to-end learning, this query con-
cept extends to downstream tasks like action recognition
(Liu et al. 2022; Gritsenko et al. 2023), instance segmen-
tation (Cheng et al. 2022; Wu et al. 2022; Tan et al. 2024),
and human pose estimation (Shi et al. 2022). The current
SOTA unified multi-person eyeblink detector InstBlink fol-
lows this paradigm, using shared queries interacting with
video features to simultaneously perform face localization
and eyeblink detection. While effectiveness, this unified de-
sign has key limitations. We argue that eyeblinks and faces
have inherently different characteristics and should be mod-
eled separately rather than in the same feature space.

3 Rethinking the Unified Model Design
In this section, we rethink the SOTA unified multi-person
eyeblink detection method (i.e., InstBlink (Zeng et al.
2023b)), uncovering its key limitations that contribute to its
unsatisfactory performance, which motivate our solution.

3.1 Is unified feature modeling optimal?
InstBlink uses a unified feature space for both facial and
eyeblink modeling, with the goal of enabling efficient fea-
ture sharing and allowing for multi-task training. How-
ever, we argue that face and eyeblink have distinct char-
acteristics: facial modeling (localization/tracking) is rel-
atively coarse-grained and does not require fine-grained
high-resolution features, while eyeblink modeling needs
dense spatio-temporal modeling to capture subtle eye region
changes. This creates a representation dilemma: face mod-
eling may have redundant features (harming efficiency), and
insufficient eyeblink modeling reduces detection accuracy.

To verify this, we decomposed the feature space in a toy
experiment: for face modeling, we removed high-resolution
fine-grained features from the lowest encoder scale; for
eyeblink modeling, we used the same face feature space
(without fine-grained scale) but added a lightweight spatio-
temporal module. As shown in Fig. 2: (1) Fine-grained
features barely affect facial modeling (Inst-AP drops by
1.34%). (2) Separate spatio-temporal modeling for eyeblink
significantly improves performance by 39.47%. (3) Overall
efficiency increases by 14.28% (due to reduced redundant
computation). This validates that decomposed feature mod-
eling benefits both effectiveness and efficiency.

3.2 Is multi-task joint training optimal?
Beyond the unified feature space, InstBlink employs joint
training to optimize facial and eyeblink representations si-
multaneously, aiming to achieve multi-task synergy for per-
formance gains. However, we argue this paradigm also re-
mains sub-optimal due to unstable face-eye feature learning:
immature facial representations in early training stages lead
to unstable eye region features, hindering effective optimiza-
tion of the eyeblink detection.

To quantify this instability, we designed metrics using
bounding box (bbox): for faces, we measured IoU overlap
of predicted bboxes across training iterations (lower over-
lap indicates less stability); similarly, we introduced an eye
head to generate eye region bboxes and used IoU overlap of
these bboxes. This bbox stability analysis serves as a techni-
cal means to assess the underlying feature instability.

Results in Fig. 3 (calculated as IoU between cur-
rent iteration proposals and those 1000 iterations prior)
confirm significant instability in both face and eye fea-
tures—particularly in eye features critical for eyeblink mod-
eling. Notably, even when the model reaches a relatively sta-
ble training stage, the eye feature stability remains below
50%Ṫhis indicates that joint optimization inherently causes
unstable face-eye feature learning that persists beyond the
initial training phases. Based on this, we propose our asyn-
chronous training solution, where asynchronous training en-
ables eyeblink detection to use stable face-eye features dur-
ing training, significantly accelerating convergence and im-
proving accuracy, as illustrated in Sec. 5.3.

4 Method
Building on the above analysis, we propose DeFB, a method
that achieves superior effectiveness and efficiency through
two core designs: learning facial and eyeblink features in de-
composed sub-spaces, and adopting an asynchronous train-
ing strategy—while retaining the efficient feature sharing of
existing unified models (Zeng et al. 2023b).

DeFB’s pipeline (Fig. 4) takes videos as input to simulta-
neously perform face detection, tracking, and instance-level
eyeblink detection, consisting of below key modules: (1)
The facial modeling module for overall facial representa-
tion and instance-aware face and eye localization across the
whole video; (2) The eyeblink modeling module for local
dense spatio-temporal eyeblink representation and is respon-
sible for subsequent eyeblink detection; (3) These two mod-
ules are trained asynchronously but are connected through a
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Figure 4: Overview of the proposed DeFB method.

set of shared instance-aware queries that make efficient fea-
ture sharing and information exchange while preserving the
benefits of decomposed modeling.

4.1 Facial modeling
Here we begin with the illustration of the proposed facial
modeling module, which is used for instance-level face-
related localization and tracking while also serving as the
basis for subsequent fine-grained eyeblink modeling.
Coarse-grained video feature representation. We first
propose an efficient approach to represent facial features
from the video. Guided by the observations in Sec. 3.1,
which suggest that a relatively coarse-grained feature space
is sufficient for facial modeling (while boost efficiency), we
utilize a lightweight encoder, which extracts coarse-grained
frame-level features from the video I ∈ RT×3×H×W

(where T is the video length and H × W is the resolu-
tion) and conducts spatial modeling at the highest scale of
these frame-level features for enhancement. In contrast to
InstBlink, we only employ the last three scales of the en-
coded features {S1, S2, S3} (disregarding the fine-grained
high-resolution scale) for subsequent modeling. This design
reduces the total representation volume by 75% compared to
InstBlink, substantially boosting inference efficiency.
Dynamic proposal selection. Following the query-based
paradigm, we represent human instances via spatial-
temporal instance queries {qi}Ni=1 ∈ RN×T×C , where N
denotes the number of queries and C denotes the fea-
ture dimension. Unlike prior methods that rely on input-
independent proposal initialization (Zeng et al. 2023b), we
consider inherent spatio-temporal prior and introduce an ef-
ficient dynamic proposal selection strategy leveraging global
scene features {S1, S2, S3}: first, we initialize learnable
queries {qi}Ni=1 , then generate refined initial proposals by
concatenating encoder outputs {S1, S2, S3} across scales
to form content ∈ RT×(Ĥ×Ŵ )×C , predicting pixel-wise
scores sinit ∈ RT×(Ĥ×Ŵ ) and initial positions pinit ∈
RT×(Ĥ×Ŵ )×4. Then scores will be temporally averaged to
obtain ŝinit ∈ R(Ĥ×Ŵ ), and selecting top-N pixels as ini-

tial proposals p ∈ RT×N×4. This approach produces more
temporally consistent proposals aligned with real-world in-
stance dynamics, simplifying subsequent decoding.
Facial decoder. The Facial decoder decodes queries for
instance-level facial localization across the video. First,
multi-head self-attention (Vaswani et al. 2017) is applied to
queries {qi}Ni=1 along temporal and spatial dimensions to
capture long-range spatio-temporal dependencies. For each
frame, encoder features {S1, S2, S3}t and frame-specific
queries qt ∈ RN×C are updated independently using a
multi-scale DETR decoder architecture (Zhu et al. 2021;
Zhao et al. 2023). The updated queries {qi}Ni=1 are fed to
a box head, outputting:

bface, beye, s = Boxhead(q), (1)

where bface ∈ RN×T×4 (face positions), beye ∈ RN×T×4

(eye positions), and s ∈ RN×T (confidence scores). After
M iterations, the final results from the last iteration are used
for facial localization.

4.2 Eyeblink modeling
As analyzed in Sec. 3.1, separate modeling of fine-grained
eyeblink features yields notable benefits. We thus intro-
duce a lightweight eyeblink modeling module, which treats
eyeblink feature learning as a refinement process based
on global coarse-grained features and incorporates shared
queries as a bridge between stages, combined with an asyn-
chronous training strategy (detailed in Sec. 4.3). This de-
sign offers two key advantages: (1) Eyeblink feature learning
avoids interference from unstable face-eye features in joint
optimization; (2) Building eye features on facial features
with shared queries retains efficient feature sharing, main-
taining high inference efficiency as a unified model. Below,
we detail the fine-grained eyeblink modeling module.
Fine-grained eyeblink feature extraction. For the n-th in-
stance identified by the facial modeling module, we leverage
a shared instance query qn (originally used for face/eye lo-
calization) and two key feature sources derived from it: the
updated query features qn ∈ RT×C from the facial decoder,
and the coarse eye features Fn ∈ RT×S×C—extracted via
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multi-scale ROI align (He et al. 2017) based on the eye re-
gion predicted by the paired query. Specifically, the ROI
align operation samples S points from global coarse-grained
features based on the final eye positions beye (decoded by
qn), generating spatially localized eye features across all T
frames. To capture subtle spatiotemporal dynamics critical
for eyeblink modeling, we apply multi-layer self-attention
along temporal and spatial dimension to Fn, refining it into
fine-grained local eye features F̄n ∈ RT×S×C .
Eyeblink detection. The refined eye features F̄n are fed into
the Blink decoder, where the shared query qn (reused from
facial modeling) interacts with F̄n through a two-stage at-
tention mechanism to predict eyeblink scores. First, multi-
head cross-attention (MHCA) (Vaswani et al. 2017) enables
qn to aggregate discriminative information from F̄n; then,
multi-head self-attention (MHSA) along temporal dimen-
sion further refines the query by modeling internal depen-
dencies. This process is formulated as:

qn = MHCA(qn, F̄n), qn = MHSA(qn),

blinkscore = MLP(qn),
(2)

where blinkscore ∈ RT denotes the predicted eyeblink prob-
ability for each frame. During inference, we determine eye-
blink intervals by applying a threshold to blinkscore.

4.3 Asynchronous training
As analyzed in Sec. 3.2, eyeblink feature learning is severely
affected by unstable face-eye feature dynamics during joint
training. To address this, we propose an asynchronous train-
ing strategy (illustrated in Fig. 4) that first trains the fa-
cial modeling module independently, then uses the stabilized
global facial features to guide eyeblink module training. Be-
low, we detail the training process for each module.
For facial modeling. The facial module is trained separately
to obtain accurate instance localization, avoiding the adverse
effects of unstable facial representations on eyeblink model-
ing. Its training involves two loss components: (1) Dynamic
proposal selection loss: Initial positions pinit and scores sinit
are matched with ground-truth faces via frame-level Hun-
garian matching (Kuhn 1955), with the loss computed as:

Linit pos = Lbox(pinit, bface) + Lcls(sinit, s), (3)

where bface and s denote ground-truth face locations and
categories, respectively. (2) Facial decoder loss: Each de-
coder layer’s predictions (face/eye positions and scores) are
matched with ground truths via instance-level Hungarian
matching. The loss is formulated as:

Lcls = Lcls(s, s),

Ltrack pos = Lbox(bface, bface) + Lbox(beye, beye),

Ldecoder = Ltrack pos + Lcls,

(4)

where bface, beye, and s are the decoder’s predicted face/eye
locations and scores; beye is the ground-truth eye location.
For eyeblink modeling. The eyeblink module is trained
solely for eyeblink detection optimization. The loss is de-
fined as:

Lblink = LCrossEntropy(blinkscore, blinkgt) (5)
where blinkscore is the predicted eyeblink probability se-
quence, and blinkgt is the corresponding ground-truth.

5 Experiment
5.1 Dataset and evalutaion metrics
The MPEblink dataset (Zeng et al. 2023b) is the only
existed multi-person unconstrained eyeblink dataset, which
serve as our main evaluation benchmark. Each frame is an-
notated with instance-level bounding boxes and blink labels,
totaling 8,748 blink actions. Previous multi-person eyeblink
detection method have been evaluated on this dataset using
two metrics: Instance-AP and Blink-AP. Instance-AP: 3D
IoU between predicted trajectories and ground truth (face
localization). Blink-AP: Temporal IoU between predicted/-
ground truth blink intervals for true positive instances with
IoU ≥ 50% in Instance-AP.
The HUST-LEBW dataset (Hu et al. 2020) is the only other
unconstrained eyeblink dataset besides MPEblink. Although
this dataset does not belong to the multi-person eyeblink de-
tection task, to demonstrate the generalization ability of our
method, we also conduct experiments on this dataset and
compare it with other methods, where F1 score is reported
following existing methods.
Implementation details. The face localization module ini-
tializes the encoder with RT-DETRv2-M weights (Lv et al.
2024) (pre-trained on COCO (Lin et al. 2014)), with input
resolution 640×360, N = 100 queries, 6 decoder layers,
AdamW optimizer (1 × 10−5 backbone lr, 1 × 10−4 other
lr), 2000 warm-up steps, trained on 2×3090 GPUs (batch
size 8). The eyeblink module uses 5×4 ROI sampling points,
6 layers for both spatial-temporal transformer encoder and
blink decoder, trained with AdamW (1× 10−4 backbone lr)
for 20 epochs. Inference uses clip length 42, with joint pre-
diction of tracking and blink results via IoU-based fusion.

5.2 Benchmark results on MPEblink dataset
Baselines. Multi-stage methods follow the protocols estab-
lished in prior work (Zeng et al. 2023b): facial landmark
detection and tracking → eye region /landmark extraction
→ eyeblink detection. For the unified method, we directly
adopt InstBlink using its open-source code, following stan-
dard practices.
Main results. The overall metrics are shown in Tab. 1, and
the comparison of speed is shown in Tab. 2:

• In terms of the eyeblink metric, Blink-AP, our method
outperforms multi-stage methods (Blink-AP: 24.65% vs.
4.69%) and InstBlink (24.65% vs. 10.11%) on Blink-AP.
Improvements are more pronounced with higher action IoU
thresholds: Blink-AP0.75 (24.62% vs. 7.16%) and Blink-
AP0.95 (4.40% vs. 0.62%). This is attributed to finer-grained
features in our blink module and mitigation of unstable face-
eye feature learning in joint training.

• In terms of the instance-awareness metric, Instance-AP,
our method outperforms tracking-by-detection frameworks
via long-sequence modeling. Compared to InstBlink, lighter
facial features enable stacking more decoder layers (4 vs. 6)
with lower hardware cost. The dynamic proposal selection
eases decoder refinement, further boosting face localization.

• In terms of speed, multi-stage methods are slower than
unified methods due to cross-stage feature redundancy. Our
method, compared to InstBlink, uses coarser global features
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Type Method Blink-AP0.5:0.95 Blink-AP0.5 Blink-AP0.75 Blink-AP0.95 Inst-AP

Multi-stage

Hu et al. (Hu et al. 2020) 0.57 2.68 0.04 0.00

56.70
Daza et al. (Daza et al. 2021) 1.12 4.00 0.63 0.02

Blink detection+ (Phuong et al. 2022) 0.15 0.58 0.06 0.00
BlinkFormer (Liu, Xu, and Lu 2023) 4.69 19.95 0.54 0.00

Zeng et al. (Zeng et al. 2023a) 4.16 16.68 1.04 0.00

Unified InstBlink (Zeng et al. 2023b) 10.11 27.19 7.16 0.62 67.89
DeFB (ours) 24.65 44.17 24.62 4.40 76.07

Table 1: The main results on the MPEblink dataset.

Method Time/per image (ms)

Hu et al. (Hu et al. 2020) T (=9.3) + 5.7 × #faces
Daza et al. (Daza et al. 2021) T (=9.3) + 9.1 × #faces
Blink detection+ (Phuong et al. 2022) T (=9.3) + 5.4 × #faces
BlinkFormer (Liu, Xu, and Lu 2023) T (=9.3) + 10.8 × #faces
Zeng et al. (Zeng et al. 2023a) T (=9.3) + 13.8 × #faces
InstBlink (Zeng et al. 2023b) 8.9 + D (=2.6)
DeFB (ours) 6.1 + D (=2.6)

Table 2: Inference speed is evaluated on MPEblink using a
single NVIDIA 3090 GPU. T denotes InsightFace’s (Guo
et al. 2022) single-frame inference time (including prepro-
cessing); #faces is the number of faces in videos; D repre-
sents unified methods’ preprocessing time.

Decomposed feature space Async training BlinkAP0.5:0.95

✓ ✓ 24.65
✓ × 14.47
× ✓ 12.93
× × 7.96

Table 3: Component effect of the proposed DeFB.

for face modeling and fine-grained features only for eye re-
gions, achieving higher speed (164 FPS).

5.3 Ablation study
Decomposed feature and asynchronous training. To vali-
date our two core improvements for unified eyeblink detec-
tion, we conduct ablation studies on MPEblink, focusing on
decomposed feature space between face and eyeblink, and
asynchronous training. The results in Tab. 3 show a signifi-
cant accuracy boost from our method.

Specifically, feature decomposition enhances eyeblink de-
tection by enabling fine-grained spatio-temporal modeling
of eye features, capturing subtle eyelid movements while im-
proving efficiency—this significantly raises Blink-AP from
12.93% to 24.65%. As showed in Fig. 5, this decomposition
greatly improves inter-class separability between eyeblink
and non-eyeblink features, highlighting the need for dedi-
cated eye modeling due to granularity incompatibility with
unified face representations.

The asynchronous training strategy further boosts perfor-
mance (Blink-AP from 14.47% to 24.65%) by shielding eye-
blink features from unstable face tracking during joint train-

Dynamic proposal selection Inst-AP Inst-AP0.5 Inst-AP0.75

✓ 76.07 88.87 83.72
× 74.63 88.03 81.36

Table 4: Effect of the dynamic proposal selection.

ing. As shown in Fig. 6, it accelerates convergence with
faster loss reduction and accuracy gains, while our stabil-
ity metric confirms this dynamics: joint training keeps eye
feature stability below 50%, whereas asynchronous learn-
ing achieves 100% stability via fixed face features, yield-
ing smoother curves. These results validate our improve-
ments, with the stability metric proving effective for analyz-
ing training dynamics—consistent with final performance.

Figure 5: feature separability analysis.

Figure 6: Convergence analysis.

Dynamic proposal selection. Ablation experiments validate
the efficacy of our dynamic proposal selection. As shown
in Tab. 4, the method generates initial positions via video
feature-guided selection, whereas the baseline uses raster-
ized uniform sampling. Results confirm that our strategy en-
hances tracking performance.

5.4 Benchmark results on HUST-LEBW dataset
To verify DeFB’s generalization, we test it on the single-
person HUST-LEBW dataset. Given HUST-LEBW’s lim-
ited training data and absence of precise face labels, uni-
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Type Method Eye Recall Precision F1

Multi-stage

Soukupová and Cech
Left 36.07 64.71 46.32

Right 30.16 57.58 39.58

Hu et al.
Left 54.10 89.19 67.35

Right 44.44 76.71 56.28

mEBAL2
Left 89.68 80.14 84.64

Right 87.80 78.26 82.76
Blinkdetection+ Both 58.99 80.05 67.90

BlinkFormer
Left 81.97 75.18 78.42

Right 86.51 79.56 82.89

Zeng et al.
Left 91.80 89.60 90.69

Right 91.27 92.74 92.00

Unified
InstBlink Both 91.34 76.82 83.45

DeFB(Ours) Both 88.98 84.96 86.92

Table 5: DeFB cross-dataset result on HUST-LEBW.

Method Baseline DeFB Plug-in Decoder Speed

Actionformer 1.42 26.36 (+24.94) 2.39ms
TriDet 1.59 26.96 (+25.37) 1.67ms

DyFADet 1.76 27.32 (+25.56) 4.02ms
DiGIT 1.71 26.61 (+24.90) 4.59ms

DeFB (alone) — 24.65 0.51ms

Table 6: Blink-AP and latency of DeFB as plug-in.

fied methods (including DeFB) use cross-dataset testing
(trained on MPEblink training set, tested on HUST-LEBW).
Results (Tab. 5) show DeFB maintains robust generaliza-
tion, outperforming most multi-stage and unified methods.
Unlike multi-stage methods requiring pre-located facial re-
gions, DeFB operates end-to-end (face detection + tracking
+ eyeblink detection) without auxiliary inputs, demonstrat-
ing greater versatility and broader application potential.

5.5 Plug-and-play boost for action detectors
As shown in Tab 6, general action detectors (Zhang, Wu,
and Li 2022; Shi et al. 2023; Yang et al. 2024; Kim et al.
2025) exhibit limited eyeblink detection capability even with
accuray GT eye crop provided as input (Blink-AP < 2%, as
shown in the baseline column). Beyond its strong standalone
capabilities—achieving a superior balance of performance
and efficiency, DeFB can also serve as a plug-in to signif-
icantly boost the performance for SOTA action detectors.
By integrating with them, it consistently lifts their accuracy,
outperforming their standalone results. Notably, this dual
role validates its versatility as both a high-performance stan-
dalone solution and a powerful booster for existing methods.

5.6 Qualitative analysis
We visualize DeFB’s predictions on MPEblink. As shown
in Fig. 7 (a), DeFB can accurately detect eyeblinks even
under extreme headpose (only single-side face is visible).
The Fig. 7 (b) highlights a fast consecutive eyeblink scenario
where InstBlink struggles, but our method DeFB effectively

Figure 7: Qualitative analysis of successful and failed cases.

identifies the rapid eyeblink sequence, demonstrating supe-
rior robustness. The Fig. 7 (c) reveals DeFB’s limitations,
which cannot accurately detect extreme difficult eyeblink
samples under extreme headpose and bad illumination.

6 Conclusion and Limitation

In this work, we rethink the SOTA unified model de-
sign for multi-person eyeblink detection, uncovering two
key limitations: (1) A unified feature space for face lo-
calization and eyeblink detection causes a representation
dilemma—redundancy hinders efficiency for face model-
ing, while insufficient eyeblink modeling degrades accu-
racy; (2) Joint optimization leads to unstable face-eye fea-
ture learning due to immature facial representations, impair-
ing eyeblink detection. To address these, we propose DeFB,
a decomposed feature learning paradigm with asynchronous
training. DeFB achieves significant improvements in accu-
racy and speed, pushing eyeblink detection to a new state
(Blink-AP50 ≈ 45%). Additionally, as a plug-in, it com-
pensates for general action detectors’ lack of fine-grained
spatio-temporal modeling, substantially boosting their eye-
blink accuracy—validating its value as both a standalone so-
lution and a performance booster. However, it remains less
robust in extreme poses and poor lighting in unconstrained
scenarios. Future work will explore specialized designs to
tackle these challenges.
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