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Abstract. EgoExo proficiency estimation aims to assess action qual-
ity by integrating fine-grained motion cues from egocentric (1st-person)
views with spatial context from multiple exocentric (3rd-person) views.
Simply adding more exocentric views degrades EgoExo performance, as
redundant or noisy perspectives dilute useful motion cues. Our anal-
ysis identifies two key causes: (1) Multiview redundancy — From
the data perspective, certain views provide limited or noisy informa-
tion, diluting discriminative cues; (2) Overfitting — From the feature
perspective, conventional fusion increases representational complexity,
causing the model to memorise view-specific patterns rather than learn
generalisable representations. To address these issues, we propose two
complementary modules. AdaMVS adaptively identifies and fuses the
most informative view tokens under weak supervision from the data per-
spective, while VIB-GB combines Gradient Blending and Variational
Information Bottleneck regularisation from the feature perspective to
compress redundant signals and suppress overfitting during training.
Experiments on EgoExo-4D and EgoExo-Fitness demonstrate that our
method learns both which view to look at and how to fuse them,
achieving new state-of-the-art results. Our source code is available at
https://github.com/dx199771/AdaMVs

Keywords: Action Quality Assessment - Egocentric and Exocentric Vi-
sion - Multiview Learning - Redundancy-Aware Fusion - View Selection

1 Introduction

Proficiency estimation aims to accurately and efficiently evaluate human skill lev-
els, encompassing tasks such as assessing athletes’ training effectiveness, mon-
itoring everyday functional abilities (e.g., cooking or repairing), and evaluat-
ing professional training in domains like music or medicine with contextual
understanding. Unlike conventional Action Quality Assessment (AQA) meth-
ods [7,38,51,55,57], that rely solely on third-person footage, EgoExo learning
integrates egocentric motion cues with multi-view spatial context [12, 23], en-
abling fine-grained proficiency and richer contextual understanding of human
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Fig. 1: Multi-Exo-View Fusion Challenges. a demonstrates that redundant views
(e.g., Views 2 and 3 account for just 17.2% of the total attention weight) contribute
only marginal information; b shows that simply adding more views can degrade overall
performance. In contrast, our method adaptively identifies and fuses the most infor-
mative views to enhance robustness and accuracy.

skill. Specifically, egocentric videos capture subtle motion details and intention
cues (e.g., hand—object interactions). At the same time, exocentric views pro-
vide complementary information on full-body dynamics and spatial context (e.g.,
body posture in sports). This promising paradigm demonstrates the potential of
leveraging multi-view information for proficiency estimation, while also revealing
the challenges inherent in effectively utilising such diverse perspectives.

Therefore, efficiently exploiting multi-view information becomes a key prob-
lem. Ego—Exo fusion differs from standard multi-camera setups: viewpoints are
heterogeneous and unaligned, making static fusion brittle. Although multiview
learning has been widely studied in other domains, these methods are not robust
for EgoExo learning. They often adopt static fusion strategies [13,41], which fail
to suppress noisy or uninformative views and thus cannot effectively mitigate in-
formation redundancy. In addition, general multimodal fusion approaches [19,48]
struggle to handle the inherent feature divergence and cross-view overfitting in
Ego—Exo data. In our experiments, conventional multiview fusion fails to yield
consistent improvements with more views (adding one extra view even resulted
in a 1-2% accuracy drop), leading to degraded overall performance (Fig. 1). We
analyse and summarise the primary causes of this degradation from two comple-
mentary perspectives: data and feature. Redundancy: More views are not al-
ways better; additional exocentric data viewpoints often introduce occlusions or
duplicate content, which hurt generalisation (Fig. 1b). Conventional fusion meth-
ods [33,43] fail to adaptively weight or suppress uninformative views (Fig. 1a),
giving redundant ones excessive attention and introducing noise that weakens
useful features. Overfitting: The enlarged feature space amplifies branch im-
balance, causing the network to memorise view-specific noise, especially when
data are limited. This is particularly evident in Ego-Exo scenarios, where het-
erogeneous feature distributions and uneven convergence across views cause the
model to memorise view-specific patterns rather than learn generalisable repre-
sentations.
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Empirically, multiview redundancy and overfitting tend to co-occur: redun-
dancy in data is often accompanied by increased overfitting in the feature space,
and excessive model adaptation may in turn amplify redundant signals. These
factors jointly contribute to the observed performance degradation. To effectively
address these two issues and enhance the robustness of multiview fusion, we de-
sign our framework from two complementary perspectives. At the data level,
we propose AdaMVS (Adaptive Multiview Selector), which employs an adap-
tive scoring mechanism to dynamically identify and select the most informative
Top-K exocentric views and fuse by token exo-fusion. These are then integrated
with the egocentric stream to effectively reduce redundancy and computational
cost. At the feature level, we introduce a complementary VIB-GB module that
combines the Variational Information Bottleneck (VIB) and Gradient Blending
(GB). By compressing non-essential signals and balancing gradient flow, it mit-
igates feature overfitting, preventing the model from memorising view-specific
patterns and enabling the learning of compact, robust, and generalisable cross-
view representations.

Together, AdaMVS and VIB-GB form a unified framework that jointly learns
what to fuse and how to reqularise fusion. Contributions.

— We identify and analyse two critical issues in EgoExo fusion: (1) multiview
information redundancy and (2) strong susceptibility to overfitting.

— We introduce an adaptive token-level multiview selector, AdaMVS, and
couple it with an OGR~driven gradient reweighting module, VIB-GB, form-
ing a unified framework that adaptively reduces redundancy and explicitly
controls overfitting.

— Experiments on EgoExo0-4D and EgoExo-Fitness show state-of-the-art
proficiency estimation with improved robustness and efficiency.

2 Related Work

Egocentric and Ezocentric Understanding Egocentric and exocentric videos offer
complementary perspectives critical for skill understanding: first-person views
capture fine-grained hand—object interactions and attention cues, while third-
person views provide holistic body motion and scene context. Most prior work
focuses on one perspective—either egocentric understanding [5, 11, 24, 36, 42,
44,56] or exocentric video analysis [20,32]. Joint learning across views remains
challenging due to viewpoint gaps [29] and redundant cross-view information [30].

Recent Ego—Exo datasets [8,12,16,23] enable multi-view tasks including pro-
ficiency estimation [12,23], action anticipation [16], person localisation [49], and
3D pose estimation [12,45]. Some approaches transfer knowledge from exocentric
to egocentric views [22,28], while others seek view-invariant features [29,52,54,60]
through cross-view alignment. However, their scalability is constrained by limited
paired data. AE2 [52] introduces self-supervised temporal alignment to learn fine-
grained view-invariant actions, yet view invariance alone cannot address redun-
dancy or noise from uninformative views. LangView [30] further explores view-
point importance through weakly supervised language-guided selection. While
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Fig. 2: Overview of our proposed network. (Top) The egocentric branch extracts and
decodes features through a dedicated pathway. (Bottom) The exocentric branch uses
the Score Predictor and Exo-AdaMVS to compute scores, selecting key views and
removing redundancy. The Ego-Exo AdaM VS fuses streams, while the VIB-GB module
regularises the latent space to reduce overfitting and enhance generalisation. Solid
arrows denote gradient flow, and dash-dotted arrows indicate mixed paths involving
gradient and non-gradient operations used by VIB-GB.

prior work seeks view invariance or uses coarse, language-guided selection, they
fail to address the underlying noise and redundancy issues. Inspired by these
limitations, our method performs token-level view selection to evaluate and fuse
the most salient ego-exo information adaptively.

Proficiency Estimation Proficiency estimation is closely related to Action Qual-
ity Assessment (AQA): AQA predicts continuous quality scores, while profi-
ciency estimation classifies discrete skill levels. Early AQA works relied on hand-
crafted features [38], later replaced by CNN, GNN, and Transformer architec-
tures for spatio-temporal reasoning [6,7,55,57-59]. Pose-based methods [37,51]
neglect contextual cues, whereas EgoExo4D [12] reframes the task by combining
egocentric object interactions with exocentric spatial context. Existing meth-
ods [9, 12, 50] primarily rely on late fusion, overlooking temporal variations
in view importance. SkillFormer [1] introduces efficient cross-view fusion and
achieves strong results on EgoExo4D. However, effectively fusing these hetero-
geneous Ego-Exo streams for proficiency estimation remains uniquely challeng-
ing, as it requires not only managing multiview redundancy but also mitigating
severe overfitting risks caused by heterogeneous inputs. Our approach addresses
these issues through adaptive token-level fusion that emphasises discriminative
views and regularised training that enhances generalisation.

Multi-view Learning Multi-view learning underpins domains like 3D object or
pose [3,13,15], anomaly detection [25], and action analysis [1,10,16,34]. The main
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challenges are feature alignment and robust generalisation. Existing pixel /token
fusion methods [19,47,48,53] are often costly or fail to capture the dynamically
varying informational value of each view. This is critical in Ego—Exo fusion,
where differing perspectives exacerbate overfitting risks. Multiview systems are
prone to overfitting because views generalise at varying rates [35]. We quantify
this imbalance using the Overfitting-to-Generalisation Ratio (OGR) [46]. Our
approach minimises OGR by combining adaptive selection with information-
theoretic regularisation. This paradigm jointly addresses feature redundancy and
overfitting, leading to generalisable Ego—Exo fusion.

In summary, despite progress in cross-view understanding and proficiency
estimation, a unified solution is still needed to jointly address feature redundancy
and overfitting in heterogeneous Ego-Exo data. Our AdaMVS framework, with
the VIB-GB module, bridges this gap for robust Ego—Exo proficiency estimation.

3 Methodology

In this work, we address the task of proficiency estimation from multiview
ego—exo videos, aiming to predict action proficiency labels (Sec. 3.1). As illus-
trated in Fig. 2, our framework first employs a frozen backbone to extract spa-
tiotemporal features from each view. The multiple exocentric views are then pro-
cessed by an Exocentric Adaptive Multiview Selector (Exo-AdaMVS) (Sec. 3.2),
which selects the Top-K most informative views to mitigate redundancy and
capture representative temporal dynamics through an Exocentric Decoder. In
parallel, the egocentric stream is encoded by an Egocentric Decoder to extract
fine-grained motion cues. The ego and Top-K exo tokens are fused through an
Ego-Exo AdaMVS (Sec. 3.2), and the fused representation is further regularised
by the VIB-GB mechanism (Sec. 3.3), which integrates a Variational Informa-
tion Bottleneck with Gradient Blending regularisation to alleviate overfitting.
The optimisation strategy is detailed in Sec. 3.4.

3.1 Problem Formulation

We formulate multiview Proficiency Estimation as an ordinal classification task

. . . . . 1
using synchronised Ego-Exo videos. Given video sequences V = {vggo véx?)
={o}] )

vé%, . ,véﬁg , where veg, denotes the egocentric view and vg()o the i-th exo-
centric view, the goal is to predict a discrete proficiency label y € {1,2,..., K},
with K indicating the number of skill levels. We learn a fusion function f : V — y
that integrates multiview information and maps the fused representation to a
proficiency level. Unlike Action Quality Assessment (AQA), which performs re-
gression on continuous scores, Proficiency Estimation focuses on discrete classi-
fication, aligning better with standard assessment protocols.

3.2 AdaMVS

Different exocentric views often contain overlapping or noisy cues, leading to
uninformative information. To mitigate this redundancy, our framework employs
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an Adaptive Multiview Selector (AdaMVS), as shown in Fig. 2, which selectively
identifies the most informative views. AdaMVS consists of two branches: one
for egocentric video and another for multiple exocentric videos, both built on a
transformer-based architecture (see the supplementary material for details). The
branches share an initial feature extraction stage where each video is uniformly
sampled into T clips and encoded by a frozen pretrained backbone to obtain
feature representations. A shared set of learnable queries () acts as semantic
anchors to enforce a common latent space, allowing each corresponding clip token
to capture richer temporal and semantic dependencies. AdaMVS is inherently
view-number agnostic due to the permutation-invariant Transformer and shared
queries.

Ezocentric Branch Given multiple exocentric inputs, each view v yields token-
level clip features x,; (¢ for temporal index). Each token feature x,; passes
through a transformer-based score predictor ¢(-) producing importance weights
aggregated per view s, ; = ¢(zy,¢). These scores rank views by informativeness.
To obtain a compact view-level importance measure, token-level scores are aver-
aged across all tokens: s, = % Zthl 5y, where T' denotes the number of tokens
per view. The resulting scores {s, }V_; rank view informativeness, and the Top-K
are selected: Vrop x = Top-K ({s,}_;). This encourages the network to focus
on discriminative views (Fig. la, dominant views capture 83% of cumulative
softmax attention weights during fusion), while suppressing redundant ones.

During training, we apply Gumbel-Softmax differentiable weighting [17] to
enforce discriminative learning. At inference, the model switches to Soft Fusion
to retain subtle complementary cues while filtering noise, effectively avoiding
the information loss caused by hard pruning. Finally, features from the selected
Top-K views are aggregated into a unified exocentric representation:

Texo = EXOS‘FU-Sion({xv,t}vEVTop-K,t:I,...,T)7 (1)

where Exos-Fusion(-) performs a weighted combination of the retained token
features z,; using their corresponding normalized importance scores s, . The
selection process is weakly supervised—scores are learned purely from task loss
without any explicit view-level labels. This operation is applied before the main
transformer layers to prune redundant and uninformative views and highlight
the most informative spatio-temporal cues. The resulting fused feature Zeyo is
subsequently passed into the exocentric decoder to produce token-level embed-
dings {zP*}{;.

Egocentric Branch The egocentric stream processes a single view and generates
token embeddings {z7*°}]_, via an egocentric decoder. These are fused with
the exocentric representations {2¢*°}7_; through an EgoExo-Fusion framework,
which reuses the Score Predictor to assign importance scores and adaptively
weight ego—exo contributions at the token level. The unified embedding &gy is
then fed into the Proficiency Estimator for classification.
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Tfinal = BEgoExo-Fusion ({xfgo W, {xfxo}tll) . (2)

Here, t denotes the token index, and T is the number of tokens in the sequence.

3.3 VIB-GB

Even after pruning redundant views, fusion can overfit because the ego stream
typically converges faster and dominates gradients. To address this, we regularise
fusion through a two-part mechanism:

— Gradient Blending regularisation (GB): dynamically balances learning
between ego and exo branches using the Ouerfitting-to-Generalisation Ratio
(OGR) [40].

— Variational Information Bottleneck (VIB): compress each branch’s la-
tent space by limiting mutual information with the input, filtering out re-
dundancy and keeping only task-relevant features.

(a) OGR-guided Gradient Balancing. We use the Overfitting-to- Generalisation
Ratio (OGR) [46] to dynamically reweight gradients between ego and exo streams,
down-scaling branches that overfit faster (see supp. for details). While the orig-
inal OGR measures the ratio between these two factors, we adopt a simplified
formulation that focuses solely on the overfitting component for training stabil-
ity, as validation losses across views are often correlated. To compute OGR for
each branch m € {ego,exo}, we first quantify its degree of overfitting through
the overfitting increment:

A5V (e) = £ (e) — £ (e) (3)

train val

at epoch e, where Li;ain and Ly, denote training and validation losses. A large
positive A(Om) indicates that branch m is overfitting faster than it generalises.

We therefore assign each branch an adaptive weight
1 W

Wn(e) = st
g

A(Om) (e)P +e
where p € [0.5,1.0] controls sensitivity and e prevents division by zero. These
weights reduce gradients for branches that overfit, equalising training dynamics.

(4)

£GB = Zwm‘cggi)n' (5)

During training, w,, and Agn) are updated online each epoch. Intuitively, views
that overfit more receive smaller gradients, keeping the ego and exo representa-
tions in sync and lowering the global OGR (see Fig. 4d and Fig. 4c).

(b) Variational Information Bottleneck. Even with balanced gradients, we
found that the fused latent representation may still contain redundant signals.
To regularise it theoretically, we adopt the Variational Information Bottleneck
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(VIB) [18] framework, which constrains the mutual information between the
input X and the latent code Z while maximising the information between Z
and the task label Y. Formally, the information bottleneck objective can be
expressed as:
max Z(Z;Y) - pL(Z; X), (6)
a0 (2|2)
where Z(+; -) denotes mutual information and g controls the trade-off between suf-
ficiency and compression. In practice, we realise this objective using a lightweight
bottleneck in each branch, parameterised by mean and log-variance, and opti-
mised through the reparameterisation trick. The corresponding variational loss
encourages each posterior ¢(z, |z, ) to align with a unit Gaussian prior p(z):

Ly = ZDKL((](Zm|xm) [ p(2)) - (7)

This regularisation removes view-specific noise while retaining discriminative
information, yielding compact and generalisable cross-view representations.

Together, as illustrated in Fig. 3, the VIB-GB module operates with parallel
ego and ero branches, each processing both training and validation inputs Dy;ain
and Dy,1. Each branch passes its features through a VIB layer to obtain the KL
term and computes the overfitting increment A, /cr0, Which together guide the
OGR-based gradient blending for balanced optimisation across views. Unlike
prior multimodal IB methods, VIB-GB couples information compression with
dynamic OGR-based weighting, linking representational and training-dynamics
regularisation.

rain 77 3
DyE’ ——| Ego-VIB [~

Exo
Feature

Exo-VIB [

....... Inference (w/o gradients)

—— Training (with gradients)

Fig. 3: Overview of the proposed VIB-GB regulariser. Ego and exo features are reg-
ularised through separate VIB branches, and Gradient Blending Regularisation (GB)
updates gradient weights online using both training and validation losses to balance
learning and suppress overfitting. The KL term constrains the latent representation,
while A.go/ez0 guides proficiency learning.

3.4 Optimisation

Our model is optimised with a multi-objective loss combining three components.
The ordinal loss provides ranking-based supervision for skill estimation. Gradient
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blending (GB) regularisation balances contributions from ego and exo modalities,
while the variational information bottleneck (VIB) loss regularises the latent
space to promote generalisable representations and mitigate overfitting.

We adopt CORN [40] for ordinal classification, decomposing proficiency pre-
diction into rank-consistent binary subtasks. CORN models action quality levels
as ordered categories by decomposing the ordinal regression problem into a se-
quence of binary classification subtasks, thereby explicitly enforcing the inherent
rank structure.

K-1

N
Lcorn =—7% Y Y BCE (yi,k7 ﬁi,k>7 (8)
i=1 k=1

where BCE(-) denotes the binary cross-entropy loss, y; x € {0,1} is the binary
label indicating whether sample ¢ belongs to a level higher than &, p;; is the
cumulative probability obtained via the chain rule, and K is the total number
of ordinal levels. Together with Eq. (5) and Eq. (7), these objectives ensure that
proficiency estimation is both rank-aware (via CORN) and robust to redundant
or overfit view signals (via VIB-GB).

Liotal = AcORNLCORN + AgBLGB + AviBLVIB. 9)

where Agp and Ayig are weighting coefficients applied during training. A mod-
erate A\gp stabilises learning dynamics across ego and exo branches, while an
appropriate A\yig suppresses redundant view-specific signals and preserves dis-
criminative cues.

In summary, at the data level, AdaMVS tackles redundancy through adap-
tive view selection, while at the feature level, VIB-GB mitigates overfitting
through fusion regularisation, yielding compact and generalisable proficiency
representations.

4 Experiments

We evaluate our method on two benchmarks: Ego-Exo4D for demonstrator pro-
ficiency estimation and EgoExo-Fitness for interpretable action judgement. We
compare our model with state-of-the-art approaches under consistent protocols,
and perform both quantitative and qualitative ablations to assess the contribu-
tion of each component. We train one unified model per dataset, handling all
tasks simultaneously.

Ego-Exo04D [12] is a large-scale multiview dataset spanning 9 activity categories
(e.g., bouldering, cooking, music). It contains 1,087 hours of footage captured
from one egocentric and four exocentric views, with 2,987 proficiency scores
annotated across four discrete levels.

EgoExo-Fitness [23] contains 1,276 cross-view videos (approximately 32 hours)
segmented into 6,131 single actions, annotated with interpretable action judg-
ments and quality scores on a five-level scale.
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Table 1: Proficiency estimation accuracy (%) comparison on the Ego-Exo04D and
EgoExo-Fitness datasets in three settings. Bold numbers denote the best perfor-
mance, and underlined numbers denote the second best.

Method Pretrain Ego-Ex04D [12] EgoExo-Fitness [23]
Ego Exos Ego—|—Exos\ Ego Exos Ego+Exos
Random - 26.4 26.4 26.4 26.2 26.2 26.2
Majority-class - 32.3 32.3 32.3 33.3 33.3 33.3
TimeSformer [12] - 40.6 39.0 39.9 32.1 32.1 32.1
TimeSformer EgoVLPv2 [39] 46.7 37.0 37.1 39.3 35.7 41.7
TimeSformer EgoVLP [24] 44.7 40.5 39.4 41.7 36.9 39.3
TimeSformer K400 [20] 47.2 37.8 40.3 40.5 40.5 39.3
TimeSformer HowTol00M [31] 45.1 39.8 43.7 34.5 38.1 38.1
SkillFormer [1] K600 [2]  45.9 46.3  47.5 |36.9 357  38.7
Ours K600 [2] 48.6 47.5 50.6 40.5 429 48.8
Ours K400 [20] 50.8 49.2 53.0 46.4 47.6 46.4
Ours HowTolO0OM [31] 52.1 47.5 52.8 42.9 45.2 45.2

Implementation Details All experiments are conducted on NVIDIA RTX 3090
GPUs. We adopt Timesformer [12] and VST [26,27] as the backbone, using
Kinetics-400/600 pretrained weights and HowTol00M pretrained weights. Each
video is uniformly sampled to 384 frames and divided into 8 consecutive-frame
clips, resulting in 48 queries per video. We train the model with a batch size of
64 using the Adam optimiser, with an initial learning rate of 1 x 10™%, decayed
by a factor of 0.1 every 30 epochs. Training is performed for 100 epochs with a
dropout rate of 0.5. The weight for the variational information bottleneck term,
AviB, is set to 0.1 (which is equivalent to 8 in Eq. (6)); the weights of Corn Loss
Acorn and GB loss Agp are all set to 1, and the Top-K view selection achieves
the best performance when K = 2.

4.1 Comparison with State-of-the-Art

We compare our model with current state-of-the-art approaches on the two
benchmark datasets using three different pretrained backbones for video fea-
ture extraction. As shown in Tab. 1, we evaluate our framework under three
settings: ego-only, exo-only, and ego-+exo.

Specifically, AdaMVS achieves a new state-of-the-art result on Ego-Exo4D,
yielding a 5.5% absolute improvement in overall accuracy compared to Skill-
Former. To ensure a fair comparison under identical feature extraction settings,
we further evaluate our framework using the same pretrained backbones as the
baselines. Across all backbones (K400, K600, and HowTo100M), AdaMVS con-
sistently delivers significant gains of 12.7%, 3.1%, and 9.1%, respectively. On
EgoExo-Fitness, our method obtains a 7.1% absolute improvement.

We observe distinct view-importance patterns across the two benchmarks.
In Ego-Ex04D, egocentric motion cues (e.g., Cooking, Music, Bouldering) play
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a more dominant role, with ego-only configurations generally yielding higher ac-
curacy. In contrast, the importance of views in EgoExo-Fitness (e.g., Fitness) is
more balanced, where both ego-only and exo-only provide critical and comple-
mentary information. Previous methods often observe that combining ego and
exo views degrades performance due to redundant or conflicting information. In
contrast, our adaptive view-selection mechanism effectively mitigates this issue
by dynamically weighting the most informative views and pruning redundant
ones, leading to consistent and generalisable improvements across datasets.

Table 2: Performance (%) and model complexity comparison on the Ego-Exo4D
datasets with different multiview and multi-modal fusion methods. Bold indicates the
best performance, and underlined indicates the second best.

Method Ego Exos Ego+Exos| GFLOPs Params (M)
Summation 47.2 444 45.2 1.11 23.42
Concat (early) 47.2 455 47.2 16.55 344.55
Concat (late) 47.2 47.7 49.0 11.74 23.42
CrossFusion 47.2 475 46.8 1.67 4.20
MTV [53] 452 437 435 1.15 7.37
MVCNN [41] 483 452  46.6 1.51 9.97
MVAD [14] 46.3 463  45.0 0.56 5.25
TokenFusion [47] 47.0 45.5 49.0 1.41 13.65
SkillFormer [1] 45.9 46.3 47.5 1.25 20.60
AdaMVS-Large 50.8 49.2 53.0 2.98 24.47
AdaMVS-Small 48.3 47.4 50.1 0.26 2.19

4.2 Comparison with General Fusion and Overfitting Baselines

To further validate the effectiveness and efficiency of our AdaMVS fusion tech-
nique, we compare it with standard feature fusion methods and representative
multimodal and multiview approaches. Since existing methods have not been
evaluated on Ego-Exo datasets, we re-implemented them under our settings for
fair comparison. For efficiency analysis, we introduce two variants, AdaMVS-
Large and AdaMVS-Small. The small version incorporates a lightweight pro-
jection layer before the transformer modules, reducing parameters and FLOPs
without degrading representation quality. As shown in Tab. 2, AdaMVS outper-
forms all compared methods. At the same time, the small variant achieves similar
accuracy with only 0.26 GFLOPs and 2.19 M parameters—an over 11X reduction
in computation and model size, demonstrating excellent efficiency with minimal
performance loss. Furthermore, the comparison with different overfitting miti-
gation baselines is shown in Tab. 3. While generic regularisers apply stochastic
perturbations, VIB-GB specifically targets branch-wise overfitting by balancing
heterogeneous Ego-Exo learning dynamics, yielding superior performance.
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4.3 Ablation Study

Effectiveness of Different Proposed Modules In Tab. 4, we present the
ablation study of the proposed modules. For both the ego-only and exo-only
settings, our AdaMVS module and Corn loss notably improve inter-view per-
formance, yielding overall gains of around 3.0% across both modalities. In the
ego—exo setting, starting from the baseline (45.5%), incorporating the AdaMVS
module increases accuracy to 48.0% (+2.5%), demonstrating the effectiveness of
adaptive view selection in filtering redundant or noisy views. Adding the ordinal
loss Lcorn further raises accuracy to 48.4% (+0.4%) by enforcing the natu-
ral order of skill levels and providing a stronger supervisory signal. Applying
Gradient Blending (GB) alone yields 48.6%, alleviating overfitting but still af-
fected by redundant gradients from high-dimensional Ego—Exo features. When
combined with the Variational Information Bottleneck (VIB), performance im-
proves markedly to 51.0% (42.4%), as VIB regularises the latent space and
filters non-essential information. This final configuration demonstrates that all
modules work synergistically to enhance overall performance.

We also conducted a decoupled evaluation of the VIB-GB module to isolate
its contribution. When applied directly to the naive baseline, VIB-GB yields a
48.7% accuracy (+3.2%), confirming its effectiveness in mitigating the feature-
level overfitting and enlarged feature space issues identified in our introduction.
However, this result remains 2.3% lower than our full model (51.0%). This gap
explicitly demonstrates that AdaMVS and VIB-GB are highly complementary:
while AdaMV'S suppresses uninformative or redundant views at the data level to
move beyond brittle static fusion, VIB-GB prevents the model from memorising
view-specific noise at the feature level.

Effectiveness of AdaMVS and View Selection We observe that incor-
porating more views does not necessarily improve performance, as some views
may contain occlusions, motion blur, or irrelevant information. As shown in the
quantitative results in Tab. 6, conventional fusion strategies often degrade as
the number of views increases. To overcome this, our AdaMVS formulates view

Table 3: Quantitative comparison against standard overfitting mitigation baselines
with varying regularisation configurations.

Method (K400) EgoEx04D |[EgoExo-Fitness
Baseline 44.1 44.0
+ Feature-Mixup 45.2 40.5
+ Weight Decay (1e-2) 44.6 44.0
+ Weight Decay (1le-3) 44.1 44.0
+ Modality Dropout (p = 0.3) 46.8 38.1
+ Modality Dropout (p = 0.5) 47.2 41.7
+ Standard Dropout (p = 0.3) 47.5 38.1
+ Standard Dropout (p = 0.5) 48.8 40.5

Ours (+VIB-GB) 53.0 46.4
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Table 5: Redundancy index R, (lower
is better) and AdaMVS view weights
(higher is better) for each action. For
both metrics, the top-2 most informa-
tive views per action are highlighted in
green . Results are averaged over 200

Table 4: Ablation results of the proposed
modules under Ego Only, Erxo Only, and
Ego+FExo settings. v/ denotes an enabled
component, and X denotes a disabled com-
ponent. Bold indicates the best perfor-
mance. Results are averaged over five

runs.
runs.
Setting AdaMVS Loons GB VIB Acc (%) Action Metric exol exo2 exo3 exo4
ego-only % % B B 168 Piano Ryl 0.548 0.547 0.452 0.500
Ours v v _ _ 49:4 AdaMVS 1 0.000 0.000 0.470 0.530
exo-only % % _ 45.1 Bouldering Ryl 0.356 0.383 0.390 0.362
Ours v v - 48.6 AdaMVS 1 0.605 0.116 0.105 0.174
ego-exo X x X % 45.5 Soccer Ryl 0.418 0.420 0.419 0.402
v X X X 48.0 AdaMVS 1 0.207 0.187 0.343 0.264
i voooxox 18'4 Dance R,l  0.295 0.300 0.289 0.296
W/0 AdaMVS % i j ; 423 AdaMVS 1 0.301 0.189 0.209 0.301
a .
Ours v v v v 51.0 Basketball Ryl 0.664 0.659 0.681 0.680

AdaMVS 1 0.323 0.136 0.193 0.348

selection as a weakly supervised process that adaptively identifies the most in-
formative views without explicit supervision. Qualitative results in Fig. 5 further
show that predicted scores align with visual quality: low-scoring views often suf-
fer from occlusions or blur, while high-scoring ones provide clearer and more
discriminative cues. In rare cases with highly overlapping content, the model
assigns similar scores to all views, making it difficult to distinguish the most
informative views.

Data Redundancy Evaluation To analyse the correspondence between the redun-
dancy patterns in the data and learned by AdaMVS, we measure each view’s
task relevance and mutual similarity. Mutual Information (MI) [4] estimates how
much each view contributes to predicting proficiency, while the Centred Ker-
nel Alignment (CKA) [21] captures the representation similarity between views.
Based on these two factors, we define the redundancy index R, = %a)\fﬁ(’}),
where a lower R, indicates a more informative and less redundant view. We
further compare the learned AdaMVS weights with this redundancy index and
observe a clear correspondence (Tab. 5): views with a lower redundancy index
R, consistently receive higher importance weights. This confirms that AdaMVS
effectively prioritises informative viewpoints while suppressing redundant ones,
a trend also reflected in our visualisations (Fig. 5).

Comparison of K-Selection We further compare the performance of AdaMV'S un-
der different values of K for exocentric view sampling. Our AdaMVS adaptively
selects the Top-K informative exocentric views and filters out redundant ones
before feature extraction. As shown in Tab. 7, the model achieves the highest
accuracy when K = 2, validating the effectiveness of the adaptive view selection
strategy. This finding also aligns with the view distribution analysis in Fig. 1a,
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Table 6: Comparison of different fusion meth-

ods on the EgoExo-4D dataset in terms of Table 7: Comparison of different K
performance and efficiency under varying view selections for exocentric view sampling
configurations. The + values indicate variation in AdaMVS on EgoExo-4D dataset.
across different view permutations, and bold The best results for each dataset are
numbers denote the best results. highlighted in bold.

Fusion Method 1 Exo 2 Exo 3 Exo 4 Exo Ego+Exos Pretrained K =1 K =2K=3K =4

Summation 45.0+1.3 45.542.0 44.8+1.2 444 45.2
Concat (early)  45.0+1.3 46.6+0.0 47.7+1.5 45.5 47.2 K400 51.22 53.00 51.00 49.89
Concat (late) 450413 45.7+1.6 46.8-0.6 47.7  49.0 K600 47.89 50.55 48.56 48.78
Crossfusion 45.0+1.3 45.8+1.1 47.1+0.58 47.5 46.8 HowTolOOM 48.78 52.77 51.22 52.11
Ours (K600) 44.8+17 46.1+20 46.6+1.5 49.0 50.6

where two dominant exocentric views account for approximately 82.8% of all
videos, and additional views mainly introduce redundant or noisy information.

OGR and VIB-GB Analysis To evaluate the model’s robustness against
overfitting, we compare two configurations: the baseline model (with AdaMVS)
and the model incorporating the proposed VIB-GB module, as shown in Fig. 4.
The top two subfigures (Figs. 4a and 4b) present the training and validation loss.
The baseline starts to overfit around the 10th epoch, reaching 48.7% accuracy,
while the model with VIB-GB shows smoother training and a weaker overfitting
trend, achieving 53.0% accuracy, indicating that overfitting is effectively allevi-
ated. The minor fluctuations in its validation reflect the epoch-wise updates of
the VIB-GB component, which actively minimises overfitting during training.

The bottom two subfigures (Figs. 4¢ and 4d) show the OGR curves, which
quantify the relative degree of overfitting across epochs. Without VIB-GB, OGR
steadily increases, indicating progressive overfitting; in contrast, with VIB-GB,
OGR rises slightly in the early stage (before the 10th epoch) and then decreases,
stabilising after around 20 epochs, demonstrating its effectiveness in suppressing
overfitting and improving generalisation. To further decouple the impacts of
redundancy and overfitting, we conducted a controlled analysis using identical
views and all-view configurations, with the detailed setup and results provided
in the Supplementary Material.

(a) Train-Val w/o VIB-GB  (b) Train-Val with VIB-GB  (c¢) OGR w/o VIB-GB (d) OGR with VIB-GB

Fig. 4: Analysis of overfitting and generalisation on the EgoExo0-4D dataset.
a—b: Training and validation curves of baseline without and with the proposed VIB-GB
module, respectively. ¢c—d: Corresponding Overfitting-to-Generalisation Ratio (OGR)
curves. Without VIB-GB, the model exhibits strong overfitting (a—c), while our VIB-
GB effectively regularises training dynamics and improves generalisation (b—d).
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Fig. 5: Visualisation of the view selection results from the AdaMVS module. Top:
success cases where the model selects the top-K most informative exocentric views
(K = 2) to avoid multiview redundancy — green boxes denote selected views and red
dotted boxes denote pruned ones. Bottom: failure cases where all views receive similar
scores, leading to suboptimal selection.

5 Conclusion

In this work, we addressed Ego—Exo proficiency estimation and identified two key
challenges in multiview fusion: redundant information and model overfitting. To
tackle these issues, we proposed the Adaptive Multiview Selector (AdaMVS),
which adaptively selects informative exocentric views at the data level, and
the VIB-GB module, which integrates a variational information bottleneck with
gradient blending at the feature level to alleviate overfitting. Empirical results
demonstrate that these two modules are highly complementary, working together
to enhance the overall robustness of the system. Together, they form a general
principle for adaptive fusion across heterogeneous (ego-exo) and homogeneous
(exos) camera views. Moreover, the modular design of AdaMVS and VIB-GB
allows the framework to extend to other multiview and multimodal tasks.

Limitations and future work Despite the challenges posed by the subjectivity of
proficiency annotations and the limited scale of datasets, our framework demon-
strates strong capability in mitigating these issues. Building on these promising
results, we plan to extend the proposed approach to a broader range of multiview
tasks in future work.
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