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Abstract. Visual Speaker Recognition (VSR) based on lip motion pro-
vides a silent biometric that is robust to ambient acoustic noise, but
practical deployment requires recognizing newly enrolled users from only
a few samples under conditions that may differ from enrollment. We
study this problem with event cameras under a deployment-oriented
few-shot enrollment protocol, where training and test identities are dis-
joint, each unseen test identity contributes three enrollment samples,
and gallery and probe scenarios may differ in viewpoint or illumina-
tion. We adapt a SlowFast backbone to two-channel polarity-aware event
count volumes, using complementary temporal pathways and fast-to-
slow lateral fusion to model lip articulation. The network is trained
with cross-entropy on training identities and used as a frozen feature ex-
tractor for nearest-neighbor identification at test time. On DVSpeaker,
the model achieves 99.18% Rank-1 in matched frontal-bright conditions
and 87.25%, 74.95%, and 50.20% under low-light, 45°, and 90° shifts, re-
spectively. Ablations show that the two temporal pathways are comple-
mentary, while lateral fusion provides its clearest gains under viewpoint
shifts. These results demonstrate a practical event-based formulation for
few-shot cross-scenario VSR without retraining for newly enrolled iden-
tities. Our source code is available on https://github.com/JiuZeongit/
DVSpeaker4Identification.

Keywords: Event camera · Visual speaker recognition · Lip motion ·
SlowFast network · Few-shot enrollment · Cross-scenario biometrics.

1 Introduction

Visual Speaker Recognition (VSR) seeks to recognize an individual from the
visible dynamics of speech articulation, most prominently the motion of the lips
and perioral region. Compared with acoustic speaker recognition, VSR is silent,
contactless, and naturally robust to ambient acoustic noise, which makes it ap-
pealing for unlocking mobile devices, controlling access in shared environments,
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and providing a secondary cue in multimodal authentication [2,8,9]. Among the
visual cues that can be extracted from a speaking face, lip motion in particular
has been shown to encode behavioral characteristics that are difficult to imitate
or synthetically forge, and that complement static facial appearance [8,17].

Despite this potential, conventional frame-based cameras struggle to cap-
ture the fine-grained temporal structure of articulation. Their fixed integration
windows blur fast lip openings and closings, and their limited dynamic range
degrades quickly under low light. Event cameras circumvent both limitations by
reporting per-pixel brightness changes asynchronously with microsecond latency
and across a wide dynamic range [6]. Recent works [12,14,21] have shown that
the asynchronous polarity stream of an event sensor preserves the spatiotemporal
patterns required for speaker recognition while remaining largely insensitive to
ambient illumination, which is precisely the regime in which appearance-based
methods are most fragile.

Two further requirements, however, must be met before lip-motion VSR is
usable in practice. First, an end user expects to enroll once, with at most a
handful of utterances, and to be recognized reliably afterward: there is no op-
portunity to retrain the model for every new identity. Second, enrollment is
typically performed under benign conditions (frontal pose, good lighting), but
recognition must succeed when the deployment context drifts to off-axis view-
points or low-light environments. These two requirements jointly define what we
will refer to as the few-shot cross-scenario setting. Most prior lip-motion stud-
ies handle each requirement in isolation: matched-scenario benchmarks assume
identical training and evaluation conditions, while strict cross-scenario protocols,
such as NeuroLip [21], train and evaluate on a closed identity set across different
scenarios. Although such protocols measure robustness to scenario shift, they
do not capture deployment-time enrollment, where the recognition model is first
deployed and then new users, unseen during training, are enrolled with only a
few samples. Consequently, neither protocol fully reflects the operating condition
of a real-world biometric system.

In this paper, we study a complementary, deployment-oriented cross-scenario
identification protocol. The protocol conceptually comprises three distinct phases:
training, enrollment, and probing. During training, network parameters are op-
timized on a pool of training identities across diverse environmental conditions
(e.g., varying viewpoints and illumination), which enables the network to dis-
cover scenario-invariant identity cues. At test time, the trained network acts
purely as a feature extractor for a disjoint pool of unseen users. During enroll-
ment, a few frictionless samples are collected from the registered users to form
an enrollment gallery. These registered users can be identified against the gallery
during probing via simple nearest-neighbor search on ℓ2-normalized embeddings.
Crucially, this setup ensures that while the model learns robust representations
from diverse data, the actual deployment (enrollment and probing) can seam-
lessly occur in arbitrary, possibly mismatched conditions.

To match this setting on the architectural side, we adopt a SlowFast [5]
backbone tailored to events. The intuition is that lip motion contains both slowly



varying postural information, such as lip shape and tongue positioning, as well
as fast transients, such as rapid lip closure and reopening. An event volume
already provides excellent temporal resolution for the latter. We instantiate two
3D residual pathways that share the same input but operate at different temporal
rates, and we connect them by a fast-to-slow lateral pathway at every fusion stage
so that the slow stream is continuously enriched with high-rate motion features.
The final embedding concatenates global descriptors from both pathways.

Our contributions are summarized as follows. First, we formalize the few-shot
cross-scenario VSR setting, which combines disjoint train-test identities with an
enrollment of only three samples per probe identity, and we instantiate it on the
DVSpeaker [21] event-camera corpus across four perspectives and illumination
scenarios. Second, we present an event-driven SlowFast backbone that takes a
two-channel polarity-aware count volume and is trained end-to-end with cross-
entropy, with no auxiliary metric-learning loss. Third, we report a thorough
empirical study of how training-pool size, enrollment scenario, and probing sce-
nario interact, including a 4 × 4 cross-condition matrix and a component-wise
ablation that isolates the contribution of each pathway and the fusion mecha-
nism. Under the most favorable comparable setting (30 training and 20 testing
identities, with frontal-bright enrollment), our method reaches 99.18% Rank-1 in
matched conditions, 87.25% under low-light frontal probing, 74.95% under 45°
probing, and 50.20% under 90° probing, substantially exceeding state-of-the-art
event-based baselines reproduced under the identical protocol.

2 Related Work

2.1 Lip-based VSR

Early lip biometric studies focused on physiological cues such as lip texture and
shape, modeled with handcrafted descriptors [15,17]. With the advent of deep
models, attention shifted to behavioral cues: the spatiotemporal patterns of ar-
ticulation during speech. Frame-based pipelines such as LipAuth [9] and Dynam-
icLip [2] exploit dynamic features extracted from RGB video, often jointly with
appearance, and report near-perfect accuracy when the training and test condi-
tions match. He et al. [8] explicitly disentangle static identity, dynamic identity,
and content, demonstrating that identity-specific motion is more robust to scene
variation than appearance. Alternative sensors, including acoustic systems such
as LipPass [11] and radar-based pipelines such as Lip-TWUID [20], have also
been explored for lip-based authentication. They sidestep some illumination is-
sues but require specialized hardware and are sensitive to environmental noise
or motion artifacts.

To overcome the limitation of conventional sensors, event cameras have be-
gun to receive attention in biometric applications. Early studies [13,18] explored
event cameras for biometric identification using gait cues. Moreira et al. [12]
further presented the first event-based method for identity recognition from fa-
cial dynamics; NeuroLip [21] then introduced the DVSpeaker event corpus and



proposed a learnable temporal voxel encoding combined with polarity-aware reg-
ularization, evaluated under a closed-set cross-scenario protocol.

None of the existing event-based lip-motion VSR studies, however, directly
address deployment-time enrollment, where enrolled users are unseen during
training and only a few enrollment samples are available. Most also evaluate un-
der matched enrollment and probing conditions, rather than testing robustness
to viewpoint or illumination shifts. To bridge these gaps, the present work uti-
lizes the DVSpeaker dataset but fundamentally departs from NeuroLip’s closed-
identity paradigm. Specifically, we target the identification of unseen identities
with a strict few-shot enrollment and adopt a generic event-driven SlowFast
backbone whose two pathways are designed to model multi-rate articulation dy-
namics.

2.2 SlowFast Architectures and Event-based Classification

SlowFast networks [5] were originally introduced for action recognition in RGB
video. They process the same input through two pathways that operate at differ-
ent temporal rates: a low-rate Slow pathway that captures spatially detailed but
temporally coarse semantics and a high-rate Fast pathway that emphasizes mo-
tion. Lateral connections from Fast to Slow allow the heavier Slow stream to in-
tegrate motion cues without inflating its width. The design is appealing for event
data because event volumes are intrinsically high-rate and motion-dominated,
while lip articulation is multi-scale in time. WhisperNetV2 [22] previously com-
bined a Siamese SlowFast with RGB lip video for biometrics; we instead apply a
single-branch SlowFast directly to event count volumes and rely on cross-entropy
training with disjoint identity splits.

Event-based classification methods can be grouped by how they convert the
asynchronous stream into a tensor consumable by deep models. Spiking net-
works process raw events directly [4] but suffer from training instability. Voxel
and time-surface representations [1,7,10] convert events into dense tensors com-
patible with standard CNNs, but this conversion discretizes the event stream into
fixed temporal bins or surfaces and may therefore discard part of the sensor’s
native temporal precision. Graph-based and point-cloud-based encoders [3,16]
preserve sparsity but are sensitive to spurious events. Instead, we adopt a simple
two-channel polarity-aware count volume with optional logarithmic compression,
motivated by its robustness, low pre-processing cost, and direct compatibility
with 3D convolutions.

2.3 Cross-identity and Few-shot Recognition

Identity recognition with disjoint training and testing identities is standard in
face and gait recognition, where enrolled users are typically not part of the train-
ing pool. The accepted recipe is to train a classifier or a metric on a closed pool,
discard the classification head at deployment, and use the penultimate repre-
sentation as a generic embedding for nearest-neighbor matching against a small
gallery. This protocol underpins both classical face recognition pipelines and



Fig. 1. Overall framework of the proposed event-based lip-motion identification
method. The asynchronous event stream is converted into polarity-aware slow and fast
count volumes, processed by an Event SlowFast backbone, and mapped to an identity
embedding for training and gallery–probe identification.

contemporary deep approaches [19]. Our setting follows the same logic but adds
two specific constraints: the gallery contains only three samples per identity,
and the gallery and probe scenarios may differ. Although few-shot and cross-
identity lip-based biometric authentication have been studied with conventional
video, their combination with event-based lip-motion sensing and cross-scenario
gallery–probe matching remains largely unexplored. To the best of our knowl-
edge, our work is the first to systematically evaluate disjoint-identity few-shot
enrollment on an event-based lip-motion corpus under explicit viewpoint and
illumination shifts.

3 Method

Fig. 1 presents the overall framework of the proposed method. Given an asyn-
chronous lip-motion event stream, we first convert the events into polarity-aware
count volumes with log-count compression, forming separate slow and fast in-
puts for the subsequent backbone. The Event SlowFast backbone then extracts
complementary spatiotemporal representations: the Slow pathway focuses on
spatially detailed but temporally coarse patterns, while the Fast pathway cap-
tures fine-grained temporal dynamics and provides lateral motion cues to the
Slow pathway. The outputs of the two pathways are aggregated by global av-
erage pooling and concatenated into an identity embedding. During training,
the embedding is supervised by a linear classifier with cross-entropy loss; during
evaluation, the classifier is discarded, and ℓ2-normalized embeddings are used
for nearest-neighbor gallery–probe identification without test-time finetuning.

3.1 Problem Formulation

This work explores a few-shot enrollment setting, where K-shot denotes that
each unseen test identity contributes only K enrollment samples to construct
the gallery. The encoder itself is trained conventionally on the training identity



pool and is neither meta-trained nor fine-tuned on the test identities. Specifically,
let D denote an event-based corpus, where each sample x is associated with an
identity label y ∈ Y and a scenario label s ∈ S. The scenarios cover various
viewpoints and illumination conditions. We split Y into a training pool Ytr and
a disjoint testing pool Yte, with Ytr ∩ Yte = ∅. A backbone fθ is trained on
samples drawn from Ytr over all scenarios. At evaluation time, given a gallery
scenario sg ∈ S and a probe scenario sp ∈ S, the gallery is constructed by
sampling exactly K = 3 samples per test identity from sg. The probe set then
comprises the remaining samples from sp if sp = sg (matched-scenario) or all
available samples of these identities from sp if sp ̸= sg (cross-scenario). A probe
is correctly identified at Rank-1 if its nearest gallery neighbor, measured by
Euclidean distance on ℓ2-normalized embeddings, shares the same identity. The
reported metric throughout the paper is Rank-1 accuracy on the probe set.

This deployment-time few-shot enrollment setting is strict in three respects.
The training and testing identities are disjoint, so the network never sees the
test users. The gallery is small (K=3), which simulates a frictionless enrollment
phase. And sg and sp may be arbitrarily chosen, so the same backbone must
support both matched-scenario and cross-scenario recognition without any test-
time finetuning.

3.2 Event-to-Volume Representation

Given an event segment E = {(xi, yi, pi, ti)}Ni=1 with spatial coordinates (xi, yi) ∈
[0,W ) × [0,H), polarity pi ∈ {0, 1}, and timestamp ti, we construct a four-
dimensional count volume V ∈ R2×T×H×W by linearly mapping the timestamp
range of the segment onto T uniform temporal bins and accumulating event
counts per polarity. To stabilize the dynamic range across illumination condi-
tions, we apply an element-wise logarithmic compression, V ← log(1 + V ). The
two polarity channels are kept separate throughout the network because the
spatial distribution of positive and negative events jointly reflects local motion
direction.

3.3 Event SlowFast Backbone

We adopt a SlowFast [5] design with two parallel 3D residual pathways. The Slow
pathway operates on a temporally subsampled volume Vslow ∈ R2×Ts×H×W with
Ts = T/4, while the Fast pathway operates on Vfast ∈ R2×T×H×W . Both path-
ways share the same architectural skeleton: a stem followed by three residual
stages, with progressive spatial downsampling but a clear separation of tempo-
ral behavior. Here, the stem denotes the initial feature extraction module in
each pathway, consisting of two 3D convolutional blocks. The first block reduces
spatial resolution with a 3×5×5 convolution of stride (1, 2, 2), while the second
3× 3× 3 block further refines early spatiotemporal features. Each residual stage
contains two 3D residual blocks, where the input is added back to the convo-
lutional output through either an identity shortcut or a 1 × 1 × 1 projection



when channel or resolution changes. This design supports deeper feature extrac-
tion while preserving stable information flow. To keep compute manageable, we
adopt the asymmetric channel capacity design inspired by the original SlowFast
principle: Cslow

0 = 32 versus Cfast
0 = 16 at the stem, doubling at every subsequent

stage. Equipped with the wider channel base and by preserving Ts throughout
(the temporal stride at every stage is one), the Slow pathway yields features that
are spatially detailed but temporally summarized. In contrast, the Fast pathway
relies on its narrower channel base to process the full frame rate efficiently. It
halves the temporal extent at the second and third stages, producing features
that are temporally fine-grained but spatially compact.

Lateral fusion. At four points in the network (after the stem and after each
residual stage), Fast features are projected to the Slow channel dimension by
a 1 × 1 × 1 convolution and are temporally aligned to Ts via adaptive average
pooling along the temporal axis. The aligned features are then merged into the
Slow stream. We default to additive fusion, since it requires no extra parameters
once the projection is done, and we report a concatenation variant in the abla-
tion. Formally, let k ∈ {0, 1, 2, 3} index the four fusion points. With ϕ denoting
projection, ΠT adaptive temporal pooling to Ts, and σ a ReLU activation, the
fusion is defined as:

V
(k+1)
slow = σ

(
V

(k)
slow + ϕ

(
ΠT

(
V

(k)
fast

)))
, (1)

which makes the Slow pathway a temporally-coarse but motion-informed branch
by construction. There is no Slow-to-Fast lateral, mirroring the original design.

Embedding head. At the end of both pathways we apply 3D global average pool-
ing and concatenate the resulting vectors to form the embedding z ∈ R384 (256
from Slow, 128 from Fast). During training, z is fed to a single linear classifier
of size |Ytr| supervised by cross-entropy. At test time, the classifier is discarded;
z is ℓ2-normalized and used directly for nearest-neighbor identification.

3.4 Training and Testing

The proposed network acts purely as a feature extractor. We deliberately avoid
auxiliary metric losses during training; instead, cross-identity generalization is
achieved simply by training a sufficiently expressive multi-condition classifier
on disjoint identities and subsequently reusing its embeddings. We attribute
this to the SlowFast representation already disentangling identity-discriminative
motion from scenario-specific appearance, an effect we measure quantitatively
in the ablation.

Enrollment of a new test identity consists of (i) computing the embedding
z for each of its three gallery samples, (ii) applying ℓ2 normalization, and (iii)
storing them in the gallery. There is no per-identity finetuning, no prototype
averaging, and no calibration step. A probe is matched to its nearest gallery
embedding under Euclidean distance, which is monotonic with cosine similarity
for normalized vectors.



4 Experiments

4.1 Dataset, Splits, and Implementation

We use DVSpeaker [21], an event-camera lip-motion dataset of 50 subjects ar-
ticulating digits 0–9, recorded at 200×160 pixels under four scenarios (SI0, SI45,
SI90, II0), including three viewpoints (0°, 45°, 90°) under sufficient illumina-
tion (SI, ∼216 lux), and a frontal view (0°) under insufficient illumination (II,
∼12.5 lux). Each subject contributes 100 samples per scenario, for a total of
20,000 segments. Following the few-shot cross-scene protocol of Sec. 3, we split
the 50 identities into disjoint training and testing pools. We consider three pool
sizes (10/40, 20/30, 30/20 train/test) to study how the size of the training pool
influences open-set generalization; the 30/20 split is our default and is used for
all subsequent ablations and comparisons.

Training samples cover all four scenarios; the test pool is reused for every
(gallery, probe) scenario pair. All experiments use K = 3 enrollment samples per
test identity, drawn deterministically by a per-identity seed so that the gallery
and probe samples are mutually exclusive. We implement the model in PyTorch
and train on a single NVIDIA GeForce RTX 4090 GPU. We use Adam with
a learning rate of 1×10−3, a batch size of 16, and 50 epochs, and we monitor
validation Rank-1 averaged over the four matched-scene evaluations on a held-
out portion of the training identities. The best checkpoint is selected based on
this average and is then used for all subsequent evaluations. Additionally, we
use W = 200, H = 160, and T = 32 in all experiments unless otherwise noted;
the choice follows the spatial crop introduced when DVSpeaker was curated [21],
and is small enough to allow fast 3D processing while preserving lip detail.

4.2 Matched-Scenario Identification

Table 1 reports Rank-1 accuracy in the matched-scenario setting, where the
gallery and probe scenarios are identical, i.e., sg = sp for different sizes of the
training identity pool. With only ten training identities, the network already
exceeds 74% in every scenario, indicating that the SlowFast embedding general-
izes non-trivially to unseen users with very little training material. Performance
scales smoothly with the size of the training pool: at 30 identities, Rank-1 is
at or above 96% in every scenario. Interestingly, the highest matched-scenario
score is consistently observed on SI90 when the training pool is small (10 or 20
identities), even though SI90 is the most extreme viewpoint. We attribute this to
the strong inter-subject variability of the lateral profile: when both gallery and
probe come from SI90, the same idiosyncratic lip-and-jaw silhouette is observed
twice, which is highly discriminative even with three enrollment samples. As the
training pool grows, this advantage flattens out, and the four scenarios converge.

4.3 Cross-Scenario Identification

Table 2 reports the full 4×4 matrix of (gallery, probe) scenario combinations un-
der the default 30/20 split. The diagonal corresponds to matched scenarios (and



Table 1. Matched-scenario Rank-1 accuracy (%) on DVSpeaker as a function of the
training identity pool size. The remaining identities form the test pool. K=3 enrollment
samples per test identity. Diagonal entries: sg=sp.

Train / Test identities SI0 SI45 SI90 II0

10 / 40 78.22 76.13 85.41 74.82
20 / 30 91.68 92.44 94.50 89.90
30 / 20 99.18 97.32 98.04 96.34

reproduces the bottom row of Table 1); off-diagonal entries quantify the cost
of a scenario shift between enrollment and probing. Three observations stand
out. First, illumination shifts at the same viewpoint (SI0↔II0) are the most
benign, with Rank-1 staying around 87–91%. Even though the absolute event
count is dramatically lower under II0, the polarity-aware count volume preserves
the spatial structure of articulation, and the SlowFast model learns embeddings
that depend on this structure rather than on absolute event density. Second,
the 45° shift (SI0↔SI45) costs roughly 22–25 percentage points relative to the
matched diagonal. Third, the 90° shift (SI0↔SI90) is the hardest, halving accu-
racy to about 50%. The cross-condition matrix is approximately, but not exactly,
symmetric. This is expected because gallery and probe scenarios play different
roles under few-shot nearest-neighbor identification: only three samples per iden-
tity define the gallery, while the probe scenario determines the distribution of
test samples to be classified. Consequently, reversing a scenario pair can change
Rank-1 accuracy, although the direction of the change is scenario-dependent
rather than uniformly attributable to gallery noise or probe noise.

Table 2. Cross-scenario Rank-1 accuracy (%) on DVSpeaker, 30 training and 20 testing
identities. Each row is a gallery scenario, each column a probe scenario. Diagonal:
matched-scenario.

Gallery ↓ / Probe → Probe scenario
SI0 SI45 SI90 II0

SI0 99.18 74.95 50.20 87.25
SI45 77.45 97.32 58.75 70.05
SI90 50.80 53.10 98.04 35.75
II0 90.90 65.90 39.00 96.34

A similar pattern, with consistently lower absolute numbers, is observed
under the more demanding 20/30 split (Table 3). The relative drop from the
matched diagonal to the 90° cross-shift is comparable to the 30/20 case (about
50 percentage points), suggesting that the failure mode of orthogonal-view en-
rollment is structural rather than data-bound: the lateral silhouette simply does



not preserve enough articulation cues observable from the frontal view, regard-
less of how many training identities we have.

Table 3. Cross-scenario Rank-1 accuracy (%) on DVSpeaker, 20 training and 30 testing
identities.

Gallery ↓ / Probe → Probe scenario
SI0 SI45 SI90 II0

SI0 91.68 55.33 35.47 67.77
SI45 54.10 92.44 40.23 41.77
SI90 35.20 45.63 94.50 25.87
II0 78.50 51.67 30.93 89.90

4.4 Comparison with Existing Methods

We retrain four representative event-based identity-recognition baselines on the
same 30/20 split and evaluate them under the same gallery-probe protocol with
K = 3. We use the official source code where available and adapt it minimally
to consume the DVSpeaker preprocessing pipeline. The first baseline, proposed
by Moreira et al. [12] (denoted as EventFace in our comparison), is the original
full-face event-based identification work and represents short-term facial motion
modeling. The second, EV-Gait-IMG [18], is a strong event-stream gait baseline
that uses image-like accumulated frames with a deep CNN. The third, which
is denoted as ANN in [4], is a custom frame-rate convolutional baseline trained
on the same count volumes. The fourth, SpikGRU++ [4], is a spiking-network
method originally proposed for event-based lip reading and is the only baseline
in our pool that consumes raw events without densification. For a fair and prac-
tical comparison, we use the SI0 gallery row, which is the deployment-friendly
enrollment scenario, as the basis for comparison. Results are summarized in Ta-
ble 4.

The matched-scenario number (SI0→SI0) is saturated for the densified rep-
resentation baselines (EventFace, EV-Gait-IMG), but it is markedly lower for
SpikGRU++ (67.42%), reflecting a well-documented training-stability gap of
spiking networks on event-based identity tasks [4]. The picture changes sharply
on cross-scenario probes. Our SlowFast model leads by 28.75 points on SI45, 21.15
points on SI90, and 8.55 points on II0 over the strongest baseline at each scenario.
The gap is widest at viewpoint shifts, where modeling motion at multiple tem-
poral scales appears to substantially help, and is narrowest at the illumination
shift, where the polarity-aware count volume is already a strong inductive bias.

4.5 Ablation Studies

We isolate the contribution of each pathway and the lateral fusion by training
three reduced variants under the 30/20 split with frontal-bright enrollment. Slow



Table 4. Comparison with reproduced event-based baselines under our few-shot cross-
scenario protocol (30 train / 20 test, gallery=SI0, K=3). Values are Rank-1 accuracy
(%) on the indicated probe scenario.

Method SI0 SI45 SI90 II0

EventFace [12] 97.57 41.00 29.05 78.70
EV-Gait-IMG [18] 92.32 26.50 21.75 60.40
ANN [4] 77.16 46.20 16.10 57.70
SpikGRU++ [4] 67.42 43.05 20.85 47.80

Event SlowFast (ours) 99.18 74.95 50.20 87.25

only keeps the Slow pathway and routes its embedding directly to the classifier;
Fast only keeps the Fast pathway under the same recipe; and SlowFast w/o
fusion retains both pathways but disables the fast-to-slow lateral connections,
so that the two streams are trained as parallel encoders and are concatenated
only at the embedding stage. Results are summarized in Table 5.

Table 5. Ablation of the SlowFast components under 30 train / 20 test, gallery=SI0,
K=3. Rank-1 accuracy (%) per probe scenario.

Variant SI0 SI45 SI90 II0

Fast only 97.88 59.95 28.00 87.45
Slow only 98.29 58.00 31.10 86.15
SlowFast w/o fusion 98.45 64.60 41.90 89.85
SlowFast (full) 99.18 74.95 50.20 87.25

First, neither pathway is sufficient on its own. Slow only and Fast only vari-
ants yield very similar matched-scenario performance (∼98%) but lag the full
model by 15–17 points on the 45° and 22–19 points on the 90° cross-scenario, indi-
cating that the strong cross-scenario gain comes from the combination, not from
either branch in isolation. Second, the parallel-without-fusion variant already re-
covers some of the gap (about 4–11 points over the better single pathway on SI45
and SI90), suggesting that the slow and fast features are genuinely complemen-
tary at the embedding level. Third, the lateral fusion adds another 8–10 points on
the viewpoint-shifted scenarios, indicating that propagating fast-stream motion
cues into the slow stream is particularly beneficial when enrollment and probing
viewpoints differ. In contrast, under the illumination-only shift (SI0→II0), the
full model obtains 87.25%, compared with 89.85% without lateral fusion. This
suggests that the benefit of lateral fusion is scenario-dependent and is primarily
associated with viewpoint robustness rather than illumination robustness. The
picture is essentially preserved at the 20/30 split, although absolute numbers
are lower; for brevity, we omit the full table and note that the relative ranking
of the four variants is the same.



We also tested concatenation as an alternative to additive fusion, with the
post-projection 1×1×1 convolution adjusted accordingly. The two variants are
within 0.6 points on every probe scenario; given the negligible gain and the
additional parameters required, we keep the additive fusion as the default.

4.6 Discussion

Where the model wins, and where it does not. The strongest cross-scenario gains,
both in absolute terms and relative to baselines, are observed at the 45° viewpoint
shift and at the low-light shift. Both are scenarios where the absolute appearance
of the lip region differs from the gallery, but the underlying articulation trajectory
is preserved, and a multi-rate motion model is in a position to exploit that
trajectory. The 90° shift is qualitatively different: the lateral profile occludes the
inner mouth and removes the temporal cues that the network learned to attend
to under frontal-like training. We observe in Tables 2–3 that even when 90° is
the gallery scenario, accuracy on SI0 and SI45 probes is also depressed, which is
consistent with a structural rather than statistical limitation.

Comparison with prior NeuroLip protocol. It is tempting to read across to the
cross-scenario numbers reported in NeuroLip [21], where the strict SI0-only train-
ing setting collapsed on SI90 but performed well on II0 and SI45. The two proto-
cols are not directly comparable: NeuroLip is a closed-set identification problem
that keeps the 50 identities fixed and varies only the scenarios, whereas this work
is a cross-identity problem that exposes the encoder to all four scenarios during
training and varies the identities. For practitioners who can afford to label data
across scenarios but want to avoid constant retraining of the model when new
users enroll, our protocol is the more practical operating point, and the SlowFast
architecture effectively exploits multi-condition training.

Limitations. We do not study cross-dataset generalization in this paper, since
DVSpeaker is, to our knowledge, the only event-camera lip-motion corpus with
controlled multi-scenario coverage; cross-dataset evaluation against the public
DVSLip [14] (matched-scenario and word-based) would mainly probe content
invariance rather than scenario robustness and is left for future work. Finally,
the corpus contains 50 healthy adult speakers; a larger and more demographically
diverse pool would be needed for a deployment-grade biometric study.

5 Conclusion

We present a few-shot cross-scenario formulation of VSR on event cameras, in
which a SlowFast 3D backbone is trained on disjoint identities under all available
scenarios and is then frozen and used purely as a feature extractor for nearest-
neighbor identification with three enrollment samples per new user. On the DVS-
peaker [21] dataset, this combination reaches 99.18% Rank-1 on matched frontal-
bright probing, 87.25% under low-light frontal probing, and 74.95% under a 45°



viewpoint shift, substantially exceeding four event-based baselines. Ablations
demonstrate the complementarity of the dual-rate pathways, while fast-to-slow
lateral fusion provides its clearest additional gains under viewpoint shifts. The
remaining failure mode is the orthogonal 90° shift, which we attribute to struc-
tural occlusion of the articulation trajectory and not to data scarcity. Future
work includes scenario-conditional fusion strategies, geometry-aware backbones
for extreme viewpoints, and a study of whether the same SlowFast embedding
transfers to non-digit articulation content.
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