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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.
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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-1A), 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-TA 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 E Lcieht 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

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 f,,g}_,, where each model f,, :
X ¥ R outputs logits over the known label space. For an input clip x 2 X,
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model m produces logits z(™)(x) = f,,(X) and class probabilities

(m)
m exp(z;" (x
j=1 eXp(zj (X))

The ensemble mean predictive distribution is

1 X (m)
9 =1 9" (2)
m=1
Following [32], we decompose predictive uncertainty into total, aleatoric, and
epistemic components. For class i, these are defined as

Ui(X) = 0i(x) log g;(x); (3a)
L Xh i
Uai) =15 609 logg(™ () (3b)
m=1
Ue,i(X) = U i(X)  Ugi(X); (3c)

where g;(X) is the i-th component of the ensemble mean prediction. The clip-level
uncertainties are then

X X X
Ui(x) = Ui (X); Ua(X) = Ua,i(X); Ue(X) = Ue,i(X) (4)

i=1 i=1 i=1
In our framework, U, (X) is the primary uncertainty signal used for refinement
and for open-set rejection. During the three-stage training procedure, U.(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 Q; denote the resulting segmentation mask for frame t. We normalize
it to obtain a per-frame motion attention map

MA; = (Q); (5)
where () 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

Lor = MSE(S; O): (6)
Each ensemble member is trained independently with different random seeds,

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

LS = L&g + orLor: (7)

where Lg%) 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 f(Xy;yr)92_;,
we compute the ensemble-based epistemic uncertainty U.(X;) using Eq. (4) from
the current ensemble predictions. We then define the epistemic regularization
term as

1 X
Ler = B Ue(Xr) (8)
k=1
Each ensemble member is refined using

LG = LE&E + srler (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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