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Abstract. Open-set action recognition (OSAR) requires a model to
classify known actions while rejecting unseen ones. Existing methods
typically use predictive uncertainty only at inference time, treating it as
a rejection score after representation learning is complete. This leaves the
underlying representation unchanged and allows spurious background or
context cues to remain embedded in the model, which weakens known–
unknown separation. We propose a staged uncertainty-guided fine-tuning
framework that uses ensemble-derived epistemic uncertainty not only for
rejection, but also as a training signal for representation refinement. The
framework proceeds in three stages: motion-guided ensemble training to
bias learning toward action-relevant evidence, in-distribution epistemic
regularization to improve uncertainty reliability on known samples, and
uncertainty attribution mask-based input attention (UAM-IA), which
converts uncertainty attribution maps into input attention masks for re-
finement. To improve deployment efficiency, we further distill the refined
ensemble into a single student model trained to approximate both the
ensemble predictive distribution and the ensemble-derived epistemic un-
certainty. Under a controlled OSAR protocol with UCF101 as the known
set and HMDB51 and MiT-v2 as unknown sources after removing over-
lapping classes, the proposed method improves known–unknown separa-
tion across multiple backbones. The distilled student preserves much of
this benefit while enabling efficient single-model inference.

Keywords: Bayesian Deep Learning · Open-Set Action Recognition ·
Uncertainty Quantification · Uncertainty Attribution · Video Under-
standing

1 Introduction

Recent human action recognition models have achieved strong performance in
closed-set benchmarks, where the set of action categories observed at test time is
assumed to match the training label space. In realistic deployments, however, this
assumption rarely holds. A model trained only on known actions will inevitably
encounter novel, out-of-distribution (OOD) actions, and standard classifiers of-
ten remain overly confident on such unfamiliar inputs. For example, a model
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trained to recognize playing golf may confidently misclassify an unseen mowing
the lawn video if it relies on shared scene context such as grass or outdoor back-
ground cues rather than the action itself. This reliance on contextual shortcuts
makes confidence-based rejection brittle and limits the reliability of closed-set
models in open-world settings.

Open-set action recognition (OSAR) addresses this challenge by jointly re-
quiring accurate recognition of known actions and reliable rejection of unknowns.
A central difficulty in OSAR is uncertainty estimation: the model must not only
predict a class label, but also indicate when its prediction is unreliable. Recent
methods have improved OSAR by introducing uncertainty-aware scoring mecha-
nisms, including evidential formulations and scene-debiasing strategies. However,
many of these approaches primarily use uncertainty as an inference-time deci-
sion signal. As a result, uncertainty is measured after representation learning,
but is not explicitly used to refine the learned features that gave rise to that
uncertainty. Consequently, nuisance factors such as background bias, irrelevant
motion, and spatiotemporal ambiguity can remain embedded in the representa-
tion, degrading known–unknown separation.

In this work, we use uncertainty not only as a diagnostic quantity, but also as
a training signal for representation refinement. We propose a staged uncertainty-
guided fine-tuning framework for OSAR. First, we train a deep ensemble with
motion-prior alignment, using optical flow only as a weak training-time guide
to bias the initial representation away from static contextual shortcuts and to-
ward action-relevant evidence. Second, we refine the ensemble by explicitly reg-
ularizing epistemic uncertainty on known training samples, which improves the
stability of the uncertainty estimates. Third, we introduce Uncertainty Attri-
bution Mask-based Input Attention (UAM-IA), where ensemble-derived
epistemic uncertainty is backpropagated to the input to produce attribution
maps, which are then converted into attention masks for uncertainty-guided re-
finement. Because deep ensembles are expensive at deployment, we additionally
distill the refined ensemble into a single student model. The student is trained to
match both the ensemble mean predictive distribution and the ensemble-derived
epistemic uncertainty, allowing deployment with a single forward pass while re-
taining much of the refined ensemble’s predictive and rejection behavior.

We evaluate the proposed method under a controlled OSAR protocol us-
ing UCF101 as the known set and HMDB51 and MiT-v2 as unknown sources,
with semantically overlapping classes removed. We compare the full refinement
pipeline against matched deep-ensemble baselines and compare the distilled
student against representative single-model OSAR baselines. Our experiments
show that staged uncertainty-guided refinement consistently improves known–
unknown separation, with the largest incremental gain obtained after adding the
Stage 3 UAM-IA refinement.

Our contributions are summarized as follows:

– We propose a staged uncertainty-guided fine-tuning framework for open-set
action recognition that uses predictive uncertainty not only for rejection, but
also for representation refinement.
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– We introduce UAM-IA, which converts uncertainty attribution maps into in-
put attention masks for uncertainty-guided refinement toward more reliable
spatiotemporal evidence.

– We present an efficient deployment strategy that distills the refined ensem-
ble into a single student model trained to approximate both the ensemble
predictive distribution and the ensemble-derived epistemic uncertainty.

– We establish a controlled evaluation protocol with matched baselines and
non-overlapping open-set splits, and show through ablations that the pro-
posed refinement stages improve open-set recognition performance.

2 Related Work

2.1 Open-set Action Recognition and Open-vocabulary Action
Recognition

Existing OSAR methods follow three complementary directions. First, semantic
and representation-based methods strengthen class structure or introduce auxil-
iary knowledge. STECN [13] uses semantic-textual expansion and class normal-
ization, USE [16] explores richer semantic information, and Prototypical Simi-
larity Learning (PSL) [7] preserves instance- and class-specific information for
better known–unknown separation. Second, reconstruction and debiasing meth-
ods reduce reliance on nuisance context; SOAR [38], for example, combines evi-
dential prediction with scene-debiasing reconstruction. Third, uncertainty-aware
methods use predictive uncertainty for unknown rejection. DEAR [2] formulates
single-label OSAR through evidential deep learning, while MULE [39] extends
evidential modeling to multi-label action recognition. In contrast, our purely
visual, single-label framework estimates ensemble-derived epistemic uncertainty
and feeds it back into representation learning through explicit regularization and
attribution-guided input attention before distilling the refined behavior into an
RGB-only student.

OSAR should also be distinguished from open-vocabulary action recognition
(OVAR). OVAR methods use large-scale vision-language pretraining and textual
semantics to recognize actions beyond the supervised vocabulary. Representa-
tive approaches include ActionCLIP [33], Open-VCLIP [34], FROSTER [17],
and Open-MeDe [37]. Although both OSAR and OVAR address categories out-
side the training labels, they operate under different assumptions. OVAR relies
on broad external semantic priors learned from web-scale image-text corpora,
whereas OSAR focuses on reliable recognition and rejection under a closed-world
visual training regime without access to such external priors. Our work, there-
fore, targets the OSAR setting: we do not assume vision-language supervision at
training or test time, and instead study how predictive uncertainty can be esti-
mated and actively exploited within a purely visual action recognition pipeline.

2.2 Uncertainty Quantification, Attribution, and Uncertainty-
guided Refinement

Uncertainty quantification (UQ) is central to robust open-set recognition because
the model must not only predict a label, but also indicate when that prediction
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is unreliable. Deep ensembles [22] provide a strong estimate of epistemic un-
certainty through predictive disagreement, while evidential formulations [2, 29]
model class evidence and produce uncertainty-aware predictions through evi-
dential objectives. A related line of work studies uncertainty attribution (UA),
where the goal is to identify which parts of the input or representation are re-
sponsible for uncertain predictions; prior work, such as CLUE [1] and gradient-
based uncertainty attribution [32], shows that uncertainty can be localized and
interpreted rather than treated only as a scalar output score. Other works fur-
ther incorporate predictive uncertainty into training through uncertainty-aware
reweighting [4, 23] of the supervised loss or as a regularization [10]. Our frame-
work builds on these directions but combines them in a staged manner tailored
to OSAR. Specifically, we first use ensemble-derived epistemic uncertainty as
an explicit regularization signal to reduce in-distribution epistemic uncertainty
during fine-tuning, and then use uncertainty attribution maps to construct input
attention masks for uncertainty-guided refinement. Thus, uncertainty is used not
only for rejection or interpretation, but also as an explicit signal for representa-
tion refinement during training.

2.3 Efficient Approximation of Ensemble-derived Uncertainty

Deep ensembles provide strong epistemic uncertainty estimates, but their infer-
ence cost is high for video recognition because each prediction requires multiple
backbone forward passes [22]. This motivates an efficient approximation strat-
egy related to knowledge distillation [15, 19], where the goal is to preserve the
behavior of a stronger teacher model in a cheaper deployment-time student.
Our setting differs from standard distillation in two ways. First, the teacher is
a refined uncertainty-aware ensemble rather than a single network. Second, the
student is trained to match not only the ensemble predictive distribution over
known classes, but also the ensemble-derived epistemic uncertainty through an
auxiliary scalar regression objective. This makes the distilled student suitable
for efficient open-set deployment, where both classification quality and reliable
unknown rejection are required [11,25].

3 Method

In this section, we first present the overall framework of the proposed method in
Sec. 3.1. We then introduce the problem setup and uncertainty formulation in
Sec. 3.2. Next, we describe the three main components of our method: motion-
guided ensemble training in Sec. 3.3, epistemic regularization in Sec. 3.4, and
uncertainty attribution mask-based input attention in Sec. 3.5. Finally, we de-
scribe the efficient single-model deployment variant in Sec. 3.6 and summarize
the full training and inference procedure in Sec. 3.7.
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Fig. 1: Overview of the proposed framework. The model is refined sequentially through
motion-guided training (Stage 1), in-distribution epistemic regularization (Stage 2),
and uncertainty attribution mask-based input attention (Stage 3). The refined ensemble
is distilled into a single student, comprising a classification branch and an auxiliary
epistemic uncertainty (EU) head for efficient deployment.

3.1 Overall Framework

The overall framework is illustrated in Fig. 1. Our goal is to use predictive
uncertainty not only for open-set rejection, but also as a training signal for rep-
resentation refinement. To this end, we train a deep ensemble of action recogni-
tion models and refine it in three sequential stages. In Stage 1, we use optical
flow only as a weak training-time motion prior to align the RGB classifier’s class-
decision saliency with motion-relevant regions, thereby providing a motion-aware
initialization for the later uncertainty-refinement stages. In Stage 2, we refine
the ensemble by explicitly regularizing epistemic uncertainty on in-distribution
training data. In Stage 3, we backpropagate uncertainty to the input space, ob-
tain uncertainty attribution maps, and convert them into input attention masks
that guide fine-tuning toward more reliable spatiotemporal evidence.

Although the ensemble provides strong uncertainty estimates, multi-model
inference is expensive for video recognition. Therefore, after the three-stage re-
finement, we distill the refined ensemble into a single student model that ap-
proximates both the ensemble predictive distribution and the ensemble-derived
epistemic uncertainty. Thus, the ensemble is used during training to produce
robust uncertainty supervision, while deployment is performed using a single
model.

3.2 Preliminaries

Let X denote the space of video clips and Y = {1, . . . , C} the label set of
known action classes available during training. In OSAR, the test distribution
additionally contains unknown classes U such that U ∩ Y = ∅.

During training, we maintain an ensemble {fm}Mm=1, where each model fm :
X → RC outputs logits over the known label space. For an input clip x ∈ X ,
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model m produces logits z(m)(x) = fm(x) and class probabilities

g
(m)
i (x) =

exp(z
(m)
i (x))∑C

j=1 exp(z
(m)
j (x))

, (1)

where g(m)(x) = [g
(m)
1 (x), . . . , g

(m)
C (x)] ∈ [0, 1]C .

The ensemble mean predictive distribution is

ḡ(x) =
1

M

M∑
m=1

g(m)(x) (2)

Following [32], we decompose predictive uncertainty into total, aleatoric, and
epistemic components. For class i, these are defined as

Ut,i(x) = −ḡi(x) log ḡi(x), (3a)

Ua,i(x) =
1

M

M∑
m=1

[
−g

(m)
i (x) log g

(m)
i (x)

]
, (3b)

Ue,i(x) = Ut,i(x)− Ua,i(x), (3c)
where ḡi(x) is the i-th component of the ensemble mean prediction. The clip-level
uncertainties are then

Ut(x) =

C∑
i=1

Ut,i(x), Ua(x) =

C∑
i=1

Ua,i(x), Ue(x) =

C∑
i=1

Ue,i(x) (4)

In our framework, Ue(x) is the primary uncertainty signal used for refinement
and for open-set rejection. During the three-stage training procedure, Ue(x) is
estimated from the ensemble and used as the uncertainty signal for refinement. In
the deployment variant described later, the same ensemble-derived uncertainty
is cached and used as a supervision target for distilling a single student model.

3.3 Stage 1: Motion-guided Ensemble Training

Human actions are primarily defined by motion, yet video recognition models
often exploit static contextual shortcuts such as background scene or camera
bias. To reduce this failure mode, we introduce motion guidance during ensem-
ble training. We first estimate optical flow using RAFT [31]. To obtain stable
motion-focused regions, we further use FlowI-SAM [35], which combines optical-
flow cues with Segment Anything (SAM) [18] to produce moving-object segmen-
tations. Let Qt denote the resulting segmentation mask for frame t. We normalize
it to obtain a per-frame motion attention map

MAt = σ(Qt), (5)
where σ(·) denotes normalization to [0, 1]. These masks are used only during
training to define motion-prior alignment supervision. Stage 1 does not train the
classifier to predict optical flow. Raw flow can mark motion, including camera
or background motion, but it does not indicate which regions the RGB classifier
actually uses for its action decision. Grad-CAM, in contrast, identifies the classi-
fier’s class-decision evidence. We therefore use the RAFT/FlowI-SAM output as
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a weak motion prior and align the classifier evidence with this prior, rather than
treating flow as an additional input modality or prediction target. Let S denote
the model saliency map obtained by Grad-CAM [28], and let O denote the nor-
malized motion-prior map obtained from the FlowI-SAM mask and resized to
the saliency-map resolution. We impose the alignment loss

LOF = MSE(S,O). (6)
Each ensemble member is trained independently with different random seeds,

classifier-head initializations, minibatch orders, and stochastic augmentations
using

L(m)
S1 = L(m)

CE + λOFLOF, (7)

where L(m)
CE is the standard cross-entropy loss for model m. Because strong cam-

era motion can make the prior noisy, optical flow is used only as a weak training-
time guide; it is neither the rejection score nor a test-time modality. No optical
flow or Grad-CAM computation is used at inference.

3.4 Stage 2: Epistemic Regularization

The training set contains only known classes. Therefore, high epistemic uncer-
tainty on these samples indicates unstable or incomplete in-distribution evidence.
In Stage 2, we explicitly reduce this uncertainty by regularizing the current en-
semble’s epistemic uncertainty during training. For a mini-batch {(xk, yk)}Bk=1,
we compute the ensemble-based epistemic uncertainty Ue(xk) using Eq. (4) from
the current ensemble predictions. We then define the epistemic regularization
term as

LER =
1

B

B∑
k=1

Ue(xk) (8)

Each ensemble member is refined using

L(m)
S2 = L(m)

CE + λERLER (9)
This stage encourages lower epistemic uncertainty on known training samples

while preserving the standard classification objective. Importantly, Stage 2 uses
only in-distribution training data and does not require access to unknown sam-
ples during optimization. Section 4.5 compares total-, aleatoric-, and epistemic-
uncertainty regularizers and examines how the three uncertainty components
change after refinement.

3.5 Stage 3: Uncertainty Attribution Mask-based Input Attention

While Stage 2 reduces epistemic uncertainty at the sample level, it does not iden-
tify which input regions are most associated with that uncertainty. In Stage 3, we
make uncertainty actionable through uncertainty attribution mask-based input
attention (UAM-IA).

At the beginning of each epoch, we run the current ensemble (initialized from
the Stage 2 model and updated during Stage 3) over the training set and compute
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(a) UAM-IA method (b) Qualitative examples

Fig. 2: Overview of the UAM-IA framework and qualitative examples of uncertainty-
guided attention, for six action samples from UCF101 [30]. The top row shows repre-
sentative RGB frames from the original videos, and the bottom row shows the corre-
sponding attention masks produced in Stage-3.

the epistemic uncertainty Ue(x) for each training sample. Following the gradient-
based uncertainty attribution formulation of [32], we backpropagate Ue(x) to
the input space and use the gradient magnitude as the attribution signal. Let
M(x) ∈ [0, 1] denote the normalized uncertainty-attribution map derived from
this signal. We then form a smooth residual attention map

A(x) = 1 + α
(
1−M(x)

)
, (10)

where α ≥ 0 controls the strength of the modulation. Since M(x) ∈ [0, 1], the
attention values satisfy A(x) ∈ [1, 1 + α]. Thus, regions with lower uncertainty
attribution are softly amplified, while regions with higher uncertainty attribution
remain close to their original scale. Highly attributed regions may still contain
occluded hands, actor–object interactions, or subtle motion, so suppressing them
can remove useful evidence, whereas amplifying them can emphasize unstable
evidence. UAM-IA therefore keeps such regions visible while emphasizing lower-
attribution evidence. Fig. 2 summarizes the UAM-IA computation and shows
representative masks, illustrating how the detached attention map preserves
the input while emphasizing lower-uncertainty evidence. Section 4.5 compares
this form with high-attribution amplification and suppression, a frame-difference
mask, and a sweep over α. Using this detached attention map, the attended input
for the current epoch is defined as

xattn = A(x)⊙ x, (11)
where ⊙ denotes element-wise multiplication. Each ensemble member is then
fine-tuned on the attended input using the standard classification loss:

L(m)
S3 = L(m)

CE (xattn, y) (12)
The attribution maps are recomputed at the start of every epoch and then

kept fixed during that epoch. This avoids differentiating through the attribution-
generation step during parameter updates while still allowing the attention
masks to adapt as training progresses.
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3.6 Efficient Single-model Distillation

Although the refined ensemble provides strong open-set performance, its infer-
ence cost grows linearly with the number of ensemble members. To obtain an
efficient deployment model, we distill the refined ensemble into a single student
network.

After Stage 3, we run the refined ensemble on the training split and cache
two targets for each sample: the ensemble mean class distribution ḡ(x) and the
ensemble epistemic uncertainty Ue(x), computed as in Eq. (4). The student is
then trained in two phases.
Phase 1 (classification distillation). The student is initialized with Kinetics-
pretrained weights and trained to match both the ground-truth label and the
cached ensemble class distribution. Let LCE denote the standard classification
loss and let LKD denote the KL-divergence between the teacher and student
class distributions. The phase-1 objective is

LP1 = LCE + λKDτ
2LKD. (13)

This phase learns the student backbone and classification branch.
Phase 2 (epistemic uncertainty regression). We initialize from the Phase 1
student, freeze the Phase-1 backbone and classification branch, and train only
an auxiliary uncertainty head. Let ϕs(x) denote the student feature, and let
Ûe(x) = rs([ϕs(x),gs(x)]) be the predicted epistemic uncertainty, where [·, ·]
denotes concatenation. We optimize

LP2 = Llog + βLrank + γLmom, (14)
where Llog = ∥log(1 + Ûe) − log(1 + Ue)∥22, Lrank is a pairwise margin-ranking
loss computed within each mini-batch from the cached teacher Ue targets, and
Lmom = (µB(Ûe)−µB(Ue))

2+(σB(Ûe)−σB(Ue))
2 matches the batch mean and

standard deviation of the predicted and teacher uncertainty values.
At inference, only the student is used. The classification branch predicts the

posterior over known classes, and the auxiliary branch outputs Ûe, which is
thresholded for known/unknown rejection. This provides efficient single-model
deployment while preserving much of the refined ensemble’s predictive and un-
certainty behavior.

3.7 Training and Inference Procedure

Training applies the three refinement stages sequentially: motion-guided en-
semble training (Stage 1), epistemic regularization (Stage 2), and epoch-wise
attribution-guided input attention (Stage 3). After finalizing the ensemble, we
cache its mean class distribution and epistemic uncertainty on the training split.
These targets supervise the student in two phases: classification distillation and
uncertainty-head regression.

At inference, only the distilled student is used. The classifier predicts class
probabilities over the known classes, and the auxiliary head predicts the epis-
temic uncertainty estimate Ûe(x). A threshold on Ûe(x) is used for known–
unknown rejection. Optical flow and full ensemble inference are not used at test
time.
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4 Experiments

4.1 Datasets and protocol

Following prior OSAR works [2,38], we evaluate on standard action-recognition
benchmarks including UCF101 [30], HMDB51 [21], and MiT-v2 [26]. We use
split 1 of the UCF101 training partition (9,537 videos from 101 classes) and hold
out a stratified subset exclusively for hyperparameter and rejection-threshold
selection; the remaining clips are used for optimization. The official UCF101
split-1 test partition is used as the known test set. HMDB51 and MiT-v2 are used
only as sources of unknown samples for final reporting. To ensure a strict open-
set protocol, we remove semantically overlapping classes between the known
and unknown sets before evaluation. After filtering, the HMDB51 unknown split
contains 41 non-overlapping classes with 1,230 validation videos, and the MiT-
v2 unknown split contains 277 non-overlapping classes with 27,700 validation
videos. The overlap-removal class lists are given in the supplementary material.

4.2 Evaluation metrics

For closed-set recognition, we report top-1 accuracy on the held-out known test
set. For open-set detection, we report AUROC, FPR@95, and TPR@10. For
(C + 1)-way open-set recognition, we additionally report the open macro F1
score (open maF1) following DEAR [2], together with its mean and standard
deviation across runs. To further analyze known–unknown separation, we re-
port the Hellinger distance [5, 9] between the known and unknown uncertainty
distributions, where larger values indicate better separation. We use calibration
metrics such as Expected Calibration Error (ECE) and Negative Log-Likelihood
(NLL) in the ablation analysis to study the effect of the proposed refinement
stages on in-distribution prediction reliability.

4.3 Implementation details

Our framework is implemented in MMAction2 [8] using PyTorch [27]. We train
an ensemble of M = 10 action-recognition models initialized from Kinetics-400
pretraining [6]. Diversity is induced by different random seeds, classifier-head
initialization, minibatch order, and stochastic augmentation. We optimize all
stages with Adam using an initial learning rate of 10−3. Training is performed
sequentially for 50 epochs in total, with n1 = 30 epochs for Stage 1, n2 = 10
epochs for Stage 2, and n3 = 10 epochs for Stage 3. For motion estimation in
Stage 1, we use RAFT [31]. The backbone-specific (λOF, λER, α) settings are
(0.65, 0.55, 1.00) for TPN, (0.60, 0.50, 1.12) for TSM, (0.55, 0.55, 1.14) for Slow-
Fast, and (0.60, 0.45, 1.02) for I3D. After ensemble refinement, the student is
trained for 15 epochs in each distillation phase. Batch sizes, additional distilla-
tion hyperparameters, threshold-selection details, complementary backbone un-
certainty distributions, qualitative examples, and failure cases are provided in
the supplementary material.
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4.4 Main Results

We evaluate the proposed method in two settings: a deployment-time single-
model comparison, and a matched deep-ensemble comparison against represen-
tative OSAR baselines.

Single-model comparison. Table 1 evaluates the distilled deployment model,
which uses one student for classification and epistemic-uncertainty prediction.
All methods use RGB-only test-time input; optical flow is offline guidance only
in Stage 1. The student is strongest on TPN and remains competitive across the
other backbones with a single forward pass.
Matched deep-ensemble comparison. Table 2 compares our method against
a vanilla deep ensemble while controlling for backbone, ensemble size, and eval-
uation protocol. Here, Vanilla DE denotes M = 10 independently trained mem-
bers using the same backbone and base training recipe, but without the proposed
Stage 1–3 refinements. Across all backbones, the proposed refinement improves
open-set metrics (AUROC, FPR@95, TPR@10, and open maF1) while main-
taining strong closed-set accuracy. This indicates that the gains arise from the
proposed training strategy rather than from ensembling alone.

Table 1: Single-model comparison with representative OSAR baselines across four
backbones: TPN [36], TSM [24], SlowFast [12], and I3D [6]. The compared baselines
are SoftMax entropy thresholding, OpenMax [3], MC Dropout [14], BNN-SVI [20],
DEAR [2], and SOAR [38]. Models are trained on UCF101 [30] and evaluated with
UCF101 as the known set and MiT-v2 [26] or HMDB51 [21] as unknown sources under
the open-set protocol.

Backbone Method UCF101+MiT-v2 UCF101+HMDB51 Acc.
AUROC↑ FPR@95↓ TPR@10↑ Open maF1↑ AUROC↑ FPR@95↓ TPR@10↑ Open maF1↑

TPN

SoftMax 43.36 97.82 8.89 55.01 ± 0.32 44.92 97.33 6.42 72.31 ± 0.12 92.00
OpenMax 60.02 73.93 23.02 65.31 ± 0.19 62.65 64.23 19.30 65.32 ± 0.12 55.37
MC-Drop 90.86 32.59 72.51 71.96 ± 0.19 84.89 64.76 57.19 77.47 ± 0.14 91.28
BNN-SVI 90.23 32.23 67.86 69.57 ± 0.19 84.93 66.82 58.82 75.38 ± 0.15 90.11
DEAR 90.31 33.67 68.32 73.57 ± 0.19 85.16 62.72 57.14 84.82 ± 0.14 92.02
SOAR 91.45 30.96 74.37 74.48 ± 0.21 86.67 61.02 60.62 85.43 ± 0.14 92.63
Ours 93.10 24.64 83.84 78.04 ± 0.18 88.50 53.85 73.51 88.97 ± 0.17 95.98

TSM

SoftMax 46.39 94.45 9.35 54.29 ± 0.34 44.58 98.44 9.32 76.29 ± 0.19 92.11
OpenMax 61.49 58.90 12.49 64.30 ± 0.25 60.97 63.83 10.46 64.39 ± 0.17 53.48
MC-Drop 87.87 41.69 61.22 65.67 ± 0.26 84.82 63.67 63.53 75.68 ± 0.20 92.15
BNN-SVI 89.92 40.42 72.66 65.94 ± 0.25 83.28 65.96 54.31 77.63 ± 0.19 91.83
DEAR 89.12 38.98 68.07 67.33 ± 0.36 84.26 57.79 62.12 86.05 ± 0.17 91.94
SOAR 90.47 37.17 69.69 69.33 ± 0.21 85.96 60.62 65.98 87.67 ± 0.17 92.49
Ours 92.50 35.88 79.30 73.47 ± 0.24 84.24 78.29 78.84 88.45 ± 0.21 95.55

SlowFast

SoftMax 56.02 89.33 15.54 61.12 ± 0.26 55.39 91.58 20.57 75.02 ± 0.15 96.17
OpenMax 68.49 39.38 10.48 69.74 ± 0.17 67.00 77.54 25.35 66.46 ± 0.16 60.33
MC-Drop 95.01 18.21 88.99 71.12 ± 0.16 89.52 53.95 75.82 73.35 ± 0.15 96.24
BNN-SVI 94.83 20.51 87.37 68.92 ± 0.19 88.68 60.88 74.05 71.14 ± 0.16 96.01
DEAR 95.12 20.35 87.63 75.51 ± 0.17 89.33 58.78 75.95 89.71 ± 0.17 96.56
SOAR 95.72 18.84 90.68 76.47 ± 0.14 90.72 52.32 76.93 90.64 ± 0.19 96.53
Ours 95.75 17.09 90.73 80.82 ± 0.21 88.38 58.68 74.44 90.77 ± 0.18 97.33

I3D

SoftMax 44.47 96.93 8.85 55.50 ± 0.45 44.34 97.91 3.66 73.13 ± 0.12 94.10
OpenMax 63.96 45.86 3.78 66.21 ± 0.16 63.67 80.53 6.54 67.81 ± 0.12 56.54
MC-Drop 93.66 25.43 85.72 68.12 ± 0.20 86.11 77.50 70.13 71.13 ± 0.15 94.13
BNN-SVI 93.16 25.88 79.36 67.96 ± 0.19 85.63 71.52 66.14 71.57 ± 0.17 93.89
DEAR 93.52 29.53 84.03 75.12 ± 0.27 87.12 71.32 72.21 88.07 ± 0.20 93.97
SOAR 94.60 25.33 86.95 76.22 ± 0.32 88.10 69.57 72.75 89.55 ± 0.22 95.24
Ours 93.98 24.50 85.75 76.81 ± 0.32 86.31 69.65 72.11 89.17 ± 0.19 95.18
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Table 2: Matched deep-ensemble comparison across four backbones: TPN [36],
TSM [24], SlowFast [12], and I3D [6]. Both methods use the same ensemble size
(M = 10) and the same open-set protocol. In both cases, epistemic uncertainty is
computed using the ensemble. Models are trained on UCF101 [30] and evaluated with
UCF101 as the known set and MiT-v2 [26] or HMDB51 [21] as unknown sources.

Backbone Method UCF101+MiT-v2 UCF101+HMDB51 Acc.
AUROC↑ FPR@95↓ TPR@10↑ Open maF1↑ AUROC↑ FPR@95↓ TPR@10↑ Open maF1↑

TPN Vanilla DE 89.21 28.14 79.60 73.88 ± 0.15 84.39 62.64 68.75 85.10 ± 0.18 93.24
Ours (DE) 93.95 23.50 85.05 79.18 ± 0.20 88.62 54.16 74.31 90.57 ± 0.22 96.17

TSM Vanilla DE 89.72 39.12 75.42 70.47 ± 0.24 81.83 82.02 66.04 84.10 ± 0.25 93.44
Ours (DE) 92.52 35.69 80.59 74.23 ± 0.36 85.51 77.92 70.33 89.83 ± 0.23 95.74

SlowFast Vanilla DE 93.38 19.69 85.02 78.04 ± 0.21 86.47 60.13 69.17 88.09 ± 0.17 95.61
Ours (DE) 95.87 16.20 91.03 82.66 ± 0.20 88.49 58.89 75.22 91.48 ± 0.20 97.51

I3D Vanilla DE 91.96 28.02 82.44 74.17 ± 0.22 85.10 71.23 68.29 86.02 ± 0.18 93.76
Ours (DE) 94.72 24.64 86.53 77.79 ± 0.32 87.95 69.48 72.53 89.47 ± 0.19 95.28

4.5 Ablation and Controlled Analyses

All ablation studies use the TPN backbone, with UCF101 as known data and
HMDB51 as unknown data. We adopt this fixed setting to analyze the contri-
bution of each component in a controlled, representative configuration.

Controlled comparison with PSL [7]. We rerun PSL (see Table 3), under
our overlap-removed UCF101/HMDB51 protocol with the same TPN backbone.
PSL is the closest purely visual, single-label OSAR baseline among the recent
methods considered; STECN and USE use semantic-textual expansion or richer
semantic information, while MULE targets multi-label OSAR. Since both PSL
and our method use the same known classes, unknown split, and backbone, the
comparison isolates the method difference without mixing protocol or architec-
ture effects.

Table 3: Comparison with PSL on UCF101/HMDB51.

Method AUROC↑ FPR@95↓ Acc.↑

PSL [7] 88.04 55.82 95.73
Ours (student) 88.50 53.85 95.98

Effect of the Stages. We study the effect of the three stages by selectively en-
abling or removing Stage 1, Stage 2, and Stage 3 in Table 4. We report the same
open-set metrics used in the main results, namely AUROC, FPR@95, TPR@10,
open maF1, and closed-set accuracy, together with the Hellinger distance (H)
between the known and unknown uncertainty distributions. We also report ECE
and NLL on the held-out known set to assess the impact of each stage on the
quality of in-distribution confidence. For ablated variants that exclude Stage 1,
the model is initialized from the corresponding vanilla deep-ensemble training
setup before applying the remaining enabled stages. Table 4 shows that Stage 1
alone provides a modest improvement over the vanilla deep ensemble, whereas
Stages 2 and 3 produce the larger gains. The variant with Stage 2 and Stage 3
but without Stage 1 remains strong at 87.76 AUROC, confirming that motion
guidance is a useful initialization rather than the primary source of improvement.
Adding Stage 3 to Stages 1+2 improves every reported metric. The full model,
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Fig. 3: Epistemic-uncertainty distributions for UCF101 ID and HMDB51 OOD clips
on TPN after Stage 1, Stage 1+2, and Stage 1+2+3. Dashed lines mark the distribu-
tion means. The progressive increase in the mean gap is consistent with the Hellinger
distance and open-set improvements in Table 4.

therefore, gives the best open-set performance, closed-set accuracy, Hellinger dis-
tance, ECE, and NLL, indicating that the stages are complementary.

Table 4: Deep-ensemble results on the TPN backbone under the UCF101/HMDB51
open-set setting. Stage 1, Stage 2, and Stage 3 denote motion-guided training, epistemic
regularization, and UAM-IA, respectively. A tick (✓) indicates that the corresponding
stage is enabled, while a cross (×) indicates that it is removed.

Stage 1 Stage 2 Stage 3 AUROC↑ FPR@95↓ TPR@10↑ maF1↑ Acc.↑ H↑ ECE↓ NLL↓

× × × 84.39 62.64 68.75 85.10 ± 0.18 93.24 0.67 0.025 0.19
✓ × × 84.78 61.44 69.91 86.24 ± 0.21 94.33 0.69 0.023 0.17
× ✓ ✓ 87.76 55.28 73.47 89.33 ± 0.17 95.69 0.74 0.016 0.12
✓ ✓ × 86.21 56.97 71.22 88.01 ± 0.19 95.02 0.77 0.018 0.13
✓ ✓ ✓ 88.62 54.16 74.31 90.57 ± 0.22 96.17 0.80 0.014 0.10

Evolution of uncertainty separation. Figure 3 shows that refinement shifts
the ID and OOD epistemic-uncertainty distributions farther apart across stages.
The corresponding mean gap and Hellinger distance increase, supporting the
use of epistemic uncertainty as both the training signal and the rejection score.
The supplementary material provides the same stage-wise visualization for I3D,
TSM, and SlowFast.

Stage 2 objective and component behavior. Because Ue = Ut − Ua, mini-
mizing epistemic uncertainty could in principle reduce disagreement by shifting
mass into Ua. We therefore compare regularizers based on Ua, Ut, and Ue, while
retaining cross-entropy in every row. Table 5(a) shows that Ue gives the strongest
Stage 2 result. On held-out ID clips, all mean uncertainty components decrease
after Stage 2: Ūt changes from 0.391 to 0.357, Ūa from 0.355 to 0.331, and Ūe

from 0.036 to 0.026. Thus, epistemic regularization reduces total uncertainty and
ensemble disagreement without increasing aleatoric uncertainty. For difficult ID
clips, cross-entropy continues to supervise the class label, while the regularizer
avoids treating intrinsic ambiguity as the novelty signal.
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Table 5: Controlled analyses on TPN under UCF101/HMDB51. (a) Stage 2 regu-
larizer target before UAM-IA; cross-entropy is retained in every row. (b) Final-model
component removals.

(a) Stage 2 target

Variant AUROC↑ FPR@95↓ Acc.↑

CE only 85.43 58.64 94.61
CE+Ua 85.38 58.87 94.54
CE+Ut 85.94 57.62 94.83
CE+Ue 86.21 56.97 95.02

(b) Component removals

Variant AUROC↑ FPR@95↓ Acc.↑

λOF = 0 87.76 55.28 95.69
λER = 0 88.03 54.89 95.84
Full model 88.62 54.16 96.17
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Fig. 4: Sensitivity to λOF, λER, and ensemble size on TPN under UCF101/HMDB51.
The selected values are 0.65, 0.55, and M = 10; AUROC saturates near M = 10
(88.62/88.70/88.73 for M = 10/12/14).

The zero-weight controls in Table 5(b) isolate the two added objectives. Re-
moving motion guidance or epistemic regularization weakens the final result, but
both variants remain competitive, consistent with their complementary roles.

Sensitivity to λOF, λER, and ensemble size. Fig. 4 shows that the selected
λOF, λER, and M = 10 lie in a stable operating region, with performance satu-
rating as the ensemble grows beyond ten members.

Stage 3 mask form and attention strength. We compare UAM-IA with
ordinary fine-tuning, a cheap frame-difference mask, and Aβ = 1 − βM , where
β = −0.5 amplifies high-attribution regions and β = 0.5 suppresses them. Ta-
ble 6(a) shows that UAM-IA is strongest, indicating that its gain is not explained
by generic foreground or motion emphasis. The α (in Eq. 10) sweep in Table 6(b)
has a broad optimum around α = 1: weak modulation has limited effect, while
excessive amplification begins to reduce known–unknown separation.
Table 6: Stage 3 controls on TPN under UCF101/HMDB51. All variants start from
the same Stage 1+2 model.

(a) Attention form
Variant AUROC↑ FPR@95↓ Acc.↑

No mask 86.21 56.97 95.02
Frame difference 87.18 56.04 95.47
High-UA amp. 87.05 56.31 95.38
High-UA sup. 87.42 55.71 95.61
UAM-IA 88.62 54.16 96.17

(b) Sensitivity to α

α AUROC↑ FPR@95↓ TPR@10↑ Acc.↑

0.00 86.21 56.97 71.22 95.02
0.25 86.97 58.46 72.15 95.41
0.50 87.84 56.31 73.43 95.83
1.00 88.62 54.16 74.31 96.17
1.50 88.11 55.02 73.48 95.94
2.00 87.26 57.14 71.96 95.52
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Fig. 5: Student-ensemble fidelity on UCF101 ID clips and HMDB51/MiT-v2 OOD
clips. The distilled student closely follows the refined ensemble uncertainty, preserving
both the ordering and scale of the ensemble-derived epistemic uncertainty.

Thresholds, fidelity, and cost. The Hellinger distance rises from 0.67 to 0.80
(Table 4). Thresholds are selected only from held-out UCF101 training data and
frozen for all unknown sources. For TPN, TSM, SlowFast, and I3D, the thresh-
olds are 0.047, 0.065, 0.060, and 0.055, respectively. Open maF1 uses these fixed
thresholds, whereas AUROC, FPR@95, and TPR@10 use the full score curve.
Fig. 5 shows that the distilled student closely matches the refined ensemble
uncertainty on both ID and OOD clips, supporting single-model deployment.
Training uses ensemble, motion/saliency, and attribution overhead, but deploy-
ment is single-pass: the 10-member RGB ensemble requires 322.525ms/505.42
GFLOPs, whereas the RGB student requires 39.240 ms/52.542 GFLOPs. The
supplementary material gives threshold-selection details, complementary back-
bone uncertainty distributions, qualitative examples, and failure cases.

5 Conclusion

We presented a staged uncertainty-guided fine-tuning framework for open-set ac-
tion recognition, where ensemble-derived epistemic uncertainty is used not only
for rejection but also for representation refinement. The framework combines
motion-guided training, in-distribution epistemic regularization, and uncertainty
attribution mask-based input attention. Across matched ensemble comparisons
and controlled ablations, these stages improve known–unknown separation while
preserving closed-set accuracy, with the largest gain coming from UAM-IA. We
further distill the refined ensemble into a single RGB-only student model, which
preserves much of the ensemble behavior with substantially lower inference cost.
The main limitation is the offline training cost from ensemble refinement and at-
tribution generation. Future work will explore stronger uncertainty distillation,
efficient ensemble approximations, and larger-scale evaluations with transformer
and foundation-model video backbones.
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