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Abstract

Perception for embodied agents is video-based,
often multi-view (ego, exo, or both), and in-
herently continual, with simultaneous task and
viewpoint shifts. Yet continual learning (CL) re-
mains dominated by exo-only recognition tasks,
obscuring behavior under these real-world cou-
pled shifts. We introduce Continual Ego, Exo,
and Ego-Exo Learning (CE*L), a unified multi-
view CL benchmark spanning four representa-
tive tasks: cross-view referenced skill assess-
ment, temporal action segmentation, cross-view
association, and action anticipation & planning.
CE*L highlights challenges largely absent in
prior CL benchmarks, including cross-view cor-
respondence, view-dependent asynchrony, and
heterogeneous semantic objectives. To this end,
we propose Video Incremental Subspace-routed
Task Adapters (VISTA), a parameter-efficient
baseline method that stores task-specific updates
in lightweight adapters and performs training-
free routing via residual distance to task-specific
whitened subspaces estimated from second-order
statistics. Extensive experiments demonstrate the
significantly varied efficacy of representative CL
methods across CE*L settings, while VISTA is
consistently competitive and achieves state-of-the-
art overall performance. Our source code for
benchmarks and methods is available at CE*L.
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1. Introduction

The pursuit of embodied intelligence is gradually approach-
ing real-world scenarios that mirror human life, requir-
ing agents to learn continually from incoming experiences,
adapt to new environments, acquire skills by observing ex-
pert demonstrations, and sustain mastered capabilities (Kim
et al., 2024; Cheang et al., 2024; Black et al., 2026; Intelli-
gence et al., 2025; Liu et al., 2025). However, the continual
learning (CL) process faces a unique challenge in the em-
bodied context: unlike the well-distributed and ideally static
datasets typical of standard supervised training, the sensory
signals received by an embodied agent, including visual
stimuli, are temporally correlated and highly dependent on
its physical viewpoint, a characteristic central to egocentric
vision (Punamiya et al., 2025; Yang et al., 2025). While re-
cent large-scale pretraining has driven remarkable progress
in understanding such egocentric videos (Pramanick et al.,
2023; Zhao et al., 2023; Chen et al., 2022), existing CL
protocols have not kept pace for this domain. They often
abstract away two properties that define embodied experi-
ence: strong viewpoint bias and heterogeneous semantic
objectives (Park et al., 2021; Villa et al., 2022; Maraghi &
Faez, 2022; Pian et al., 2023).

Bridging this gap is not a straightforward matter of scaling
existing CL paradigms from 2D images to video, where
viewpoint bias fundamentally changes what should be pre-
served across time (Xu et al., 2023; Grauman et al., 2024,
Plizzari et al., 2024). A learner can maintain performance
on previously seen tasks within the training view while los-
ing the cross-view invariance that makes its representation
transferable, or conversely it can appear to forget simply
because evaluation shifts to a mismatched view. This en-
tanglement makes it difficult to interpret CL progress using
single-view and single-task paradigms alone, and it obscures
which algorithmic ingredients genuinely improve continual
video learning rather than overfitting to the current view.

To address these challenges, we introduce Continual Ego,
Exo and Ego-Exo Learning (CE*L), a comprehensive
benchmark suite designed to facilitate CL in the context
of multi-view video understanding. Built upon the EgoEx-
oLearn (Huang et al., 2024) video dataset, CE*L establishes
a rigorous evaluation framework that explicitly disentan-
gles within-view retention from cross-view generalization.
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Figure 1. CE*L benchmark overview. By constructing continuous task stream for both ego- and exocentric videos, CE*L comprehensively
evaluates the within-view performance and cross-view transferability of continual learners through four diverse benchmarks.

We instantiate four complementary problems as a sequence
of tasks: continual pairwise skill assessment, temporal
action segmentation, cross-view association, and action
anticipation & planning. Crucially, our protocol supports
both single-view and multi-view training regimes, enabling
a grounded assessment of a model’s cross-view transferabil-
ity as well as its plasticity to viewpoint variations.

Under CE*L, we perform a systematic study of representa-
tive continual paradigms and reveal a critical insight: retain-
ing past performance is often hindered by the learner
drifting toward view-specific shortcuts that fail to trans-
fer. Concretely, the relative efficacy of replay, regulariza-
tion, and ensemble-based methods vary substantially across
objectives (Tables 2-5), and in several scenarios cross-view
evaluation exposes viewpoint-conditioned mismatch that
can persist even when within-view forgetting is reduced
(Figs. 6-8). These findings motivate evaluation protocols
that go beyond average accuracy on single-view recognition
and make cross-view transfer explicit.

Motivated by these findings, we propose Video Incremental
Subspace-routed Task Adapters (VISTA), a parameter-
efficient continual learner that serves as a strong replay-free
baseline for continual multi-view video learning. VISTA
stores task knowledge in lightweight adapters and performs
training-free inference by routing inputs to a small adapter
ensemble via residual distances to task-specific feature sub-
spaces. Across CE*L, VISTA achieves the strongest overall
performance among CL baselines while remaining efficient
in memory and compute (Tables 2-5; Table 10).

‘We summarize our contributions as follows:

I. We introduce CE*L, a unified benchmark that evaluates
CL across heterogeneous video tasks (ego, exo, and mixed-
view), providing protocols that separate forgetting from
cross-view transfer capability.

II. We propose VISTA, an efficient adapter-based method
that utilizes task subspace geometry for robust, training-free
task inference in high-dimensional video representations.

ITI. We provide a comprehensive evaluation of represen-
tative CL baselines under the CE*L protocols and diag-
nose failure modes related to view-conditioned interference,
opening up a new avenue for embodied CL.

2. Related Work

Egocentric and ego-exo video learning. Egocentric video
understanding has progressed from curated first-person
datasets to large-scale, multi-view procedural corpora that
connect first-person observations with third-person demon-
strations (Damen et al., 2022; Liu et al., 2022; Huang et al.,
2024; Grauman et al., 2024). Existing benchmarks and rep-
resentation models have enabled strong offline perception,
cross-view association, and skill understanding (Pramanick
et al., 2023; Zhao et al., 2023; Chen et al., 2022), but they
rarely evaluate how such capabilities are retained when tasks
and viewpoints evolve continually.

Video continual learning. Video continual learning extends
continual learning beyond static images by introducing tem-
poral dynamics, high-dimensional inputs, and video-specific
forgetting patterns (Park et al., 2021; Villa et al., 2022; Wang
et al., 2024a). Prior work has explored replay, regulariza-
tion, prompt tuning, and video-language continual adapta-
tion (Pei et al., 2023; Villa et al., 2023; Tang et al., 2024;
Tan et al., 2025), yet most protocols remain centered on
single-view recognition rather than the coupled viewpoint
and objective shifts faced by embodied agents.

Pretraining-based continual learning. Recent contin-
ual learning methods increasingly adapt frozen pretrained
models with lightweight prompts or adapters, often re-
lying on task inference or routing to select task-specific
components (Wang et al., 2022d;c;a; 2023b). In this
work, we follow this parameter-efficient direction, but use
training-free subspace routing for multi-view video streams
where a learned router may itself be vulnerable to non-
stationarity (McDonnell et al., 2024; Zhuang et al., 2022).
A more detailed literature review is provided in Appendix A.
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Table 1. CE*L benchmark configurations. Details of each multi-view video continual learning problem constructed in CE*L.

CE*L Scenario Info. | Skill Assessment Action Segmentation Cross-View Association Action Anticipation Action Planning
Number of Tasks 4 4 5 8 4

Task Division Action group Procedural task Procedural task Procedural task Procedural task
Backbone Network I3D+RAAN I3D+MS-TCN TimeSformer-B + CLIP-text CLIP+TA3N CLIP+TA3N
Evaluation Metrics Ranking Acc (1)  Acc/Edit/F1 (1) Top-1 Acc (1) Top-5 Recall (1) ED@S (])

3. CE*L Benchmark
3.1. General Setup

Traditional CL benchmarks focus primarily on exocentric
recognition with limited distribution shifts. This abstraction,
however, fails under structured viewpoint changes inher-
ent to embodied agents, where underlying procedure can
appear substantially different across ego and exo perspec-
tives. A learner may preserve within-view performance yet
lose transferable cross-view knowledge. CE*L explicitly
addresses this by coupling task-incremental streams with
evaluation metrics that separately measure within-view re-
tention, zero-shot cross-view generalization, and a co-
training baseline regime that provides both views to distin-
guish stability from the lack of multi-view evidence.

CE*L comprises four CL benchmarks that emphasize com-
plementary challenges in cross-perspective video learning
(see Fig. 1): cross-view referenced skill assessment, tem-
poral action segmentation, cross-view association, and
action anticipation & planning. These four benchmarks
are built upon EgoExoLearn (Huang et al., 2024), which is
collected in an ego-exo demonstration-following setting and
covers eight high-level procedural tasks spanning both daily
kitchens (five tasks) and professional laboratories (three
tasks). The proposed CE*L involves two kinds of task
streams: (I) tasks with full procedures leverage the inher-
ent eight-task partition; and (II) tasks with trimmed clips
are instead split by grouping action categories into disjoint
subsets. Detailed configurations are summarized in Table 1.

Formally, we denote a pretrained video encoder as fy, and
a task head as g, yielding a predictor g, 0 fp. A continual
data stream comprises a sequence of task datasets {D; }7_;
presented in order'. After training on task ¢, we evaluate on
the union of seen tasks and record the performance matrix
A, where A, ; denotes performance on task j < ¢ after
learning up to t. We record {4, ;},<:, and calculate final
average task performance A and average task forgetting
Fr for all benchmarks and corresponding metrics. More
details of the benchmark setup are provided in Appendix B.

'In practice, the CL stream consists of sequential sessions
formed by shuffling tasks. We use “task” for narrative convenience,
reserving “session” only for disambiguation.

3.2. Continual SKill Assessment

Problem setup. This task is formulated as a stream of
action-specific pairwise rankings. Each training sample con-
sists of two egocentric clips {v1, v2} of the same atomic
action; the model must predict which demonstrates higher
skill. When an exocentric reference is available, the model
compares egocentric candidates against it, requiring robust-
ness to asynchrony and viewpoint shifts. We partition action
categories into disjoint subsets to form the continual data
stream, using ranking accuracy as the primary metric.

Backbone architecture. We adopt the ranking-based model
RAAN (Doughty et al., 2019) built on pretrained 13D fea-
tures (Carreira & Zisserman, 2017), which outputs a scalar
score per clip (Huang et al., 2024); prediction is the score
difference between the two egocentric candidates. We con-
sider two reference-aware variants: a triplet-style objective
(TL) that pulls the higher-skill egocentric embedding closer
to the exocentric reference than the lower-skill one, and a
relation-network variant (RN) that conditions scoring on the
reference via feature interaction (Sung et al., 2018). This
benchmark isolates CL behavior under pairwise supervision
with an explicit cross-view reference.

3.3. Continual Action Segmentation

Problem setup. Continual temporal action segmentation
evaluates dense step parsing for long procedural videos.
Given a video v, the model predicts an action label for
each frame. We construct a task stream over procedural
activities and train sequentially, where each task introduces
a new activity with its own action distribution and temporal
structure. We report within-view performance and the cross-
view/co-training regimes defined in Sec. 3.1.

Backbone architecture. We use MS-TCN (Farha & Gall,
2019) on per-frame 13D features (Carreira & Zisserman,
2017). Performance is measured by frame-wise accuracy,
edit score, and segmental F1 at multiple overlap thresholds,
summarized into task-wise aggregates for stable continual
comparisons across different activity temporal resolution.

3.4. Continual Cross-View Association

Problem setup. Cross-view association requires retrieving
semantically corresponding clips across ego- and exocen-
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Figure 2. VISTA method overview. VISTA employs task-specific feature adapters for CL and a training-free router for inference. The
router assigns mixture weights by calculating the residual distance between input features and task subspaces, defined by accumulated
second order statistics. Finally, adapted features are processed by the shared learner module which is frozen after the first task.

tric videos under temporal asynchrony and large viewpoint
changes. We formulate it as multiple-choice retrieval: given
a query clip from one view, select its match in the other
view from a fixed-size candidate set (Huang et al., 2024; Xu
et al., 2021; Lin et al., 2022; Pramanick et al., 2023). We
report Top-1 accuracy for both Ego—Exo and Exo—Ego
directions, and form a continual data stream by grouping
queries by their underlying procedural activities.

Backbone architecture. We use a pretrained dual-encoder
video-text backbone with a time-aware visual encoder
(TimeSformer (Bertasius et al., 2021)) and a CLIP text en-
coder (Radford et al., 2021) to obtain clip embeddings (Lin
et al., 2022), trained with contrastive objectives under paired
supervision. At inference, association reduces to similarity
between query and candidate embeddings, directly probing
whether sequential updates preserve cross-view alignment.

3.5. Continual Action Anticipation & Planning

Problem setup. CE*L includes both short-horizon action
anticipation and long-horizon action planning (Huang et al.,
2024). For anticipation, the input is a short context window
and the target is the next action category (verb and noun),
treated as multi-label prediction and evaluated by Top-5
recall (Damen et al., 2022). For planning, the input is also
a context window but the target is a fixed-length sequence
of future coarse steps, evaluated by an edit-distance style
metric aggregated over horizons (Grauman et al., 2022). In
both problems, we define the continual data stream over
procedural activities and again implement the within-view,
cross-view, and co-training regimes described in Sec. 3.

Backbone architecture. We adopt a lightweight temporal
relation model TA3N (Chen et al., 2019) on top of a frozen
CLIP encoder (Radford et al., 2021) at a fixed frame rate.
The model aggregates temporal segments into a video-level
representation and predicts either the next-step category
(anticipation) or the future step sequence (planning).

4. VISTA Method

In this section, we present the proposed VISTA for multi-
view video CL and give detailed description of how it adapts
the pretrained representation efficiently through adapters
and assembles them by utilizing the corresponding subspace
geometry. See Fig. 2 for an overview.

4.1. Task Aware Adapters

We build VISTA on top of a pretrained video encoder
fo, which maps an input clip v to a sequence of features
x = fp(v) € REXC, where L is the temporal length and
C is the channel dimension. In CL, directly updating 6 of
a large pretrained model is data intensive, and fine-tuning
across a non-stationary data stream often causes severe in-
terference, especially when the stream mixes heterogeneous
tasks and viewpoints (Zhou et al., 2024a). VISTA there-
fore introduces a lightweight task-indexed adapter bank
{ay, }1_, that modulates intermediate features before con-
verting them to task head g,, while keeping adaptation plas-
ticity localized to each task in a stream of 7' tasks (Wang
et al., 2025d; Li et al., 2025; Wang et al., 2025b).

Each adapter is a residual bottleneck module applied in-
dependently at every time step (Rebuffi et al., 2017). Let
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x; € RC denote the feature vector at time index i,
aqb(x)i =zt Wup U(Wdown LN(xi)) , (1)

where LN(+) is layer normalization, o(-) is a GELU non-
linearity, Wygwn € R™¢ and Wup € RE*" are trainable
linear maps with bottleneck dimension r < C, and a € R
is a learnable residual scale initialized to O so that a,, starts
from an identity mapping. This parameterization ensures
that each newly introduced adapter can be optimized stably
without disrupting the pretrained representation geometry
at initialization, while still permitting task-specific special-
ization as training proceeds in an efficient way.

During CL, when the data stream is at task ¢, ag, is ini-
tialized with parameter of the last one ay, ,, supporting
cross-task knowledge transfer with a warm-start. VISTA
only updates the corresponding a4, in each task, and freeze
the shared head g, after the first task to avoid disrupting
the representation calibrated by the first adapter. At infer-
ence time, the task identity is not available. Instead, VISTA
predicts a small set of candidate tasks and forms a mix-
ture of adapters to produce an adapted feature sequence (Yu
et al., 2024; 2025). Concretely, given a mixture specification
{(te,me) <, with >, mp = 1 and 7, > 0, we compute

K
7= Z T ag,, (), 2
=1

which reduces to the task-aware adapter when the router is
confident (K = 1) and yields a soft interpolation when the
input lies near task boundaries. The key remaining question
is how to infer {(¢¢, ;) } without labels, which is addressed
by our subspace residual router below.

4.2. Subspace Residual Router

VISTA routes each input to a small subset of previously
learned adapters by comparing its representation against a
set of task-specific subspaces. The router is training-free
at inference time: it only uses second-order statistics accu-
mulated from past tasks, and does not require learning an
additional classifier over task identities. This design bene-
fits from the strong representation capabilities of pretrained
models, and is crucial in CE*L, where task boundaries can
be subtle and view shifts can dominate appearance cues. In
mixed ego-exo streams, viewpoint changes can shift both
feature centers and dominant variation directions; mean or
prototype routers mainly capture the former and can become
biased toward view-specific shortcuts. VISTA therefore nor-
malizes task-conditioned variance through whitening and
fits residual subspaces to capture task-specific variation di-
rections, making routing better aligned with the multi-view
difficulty exposed by CE*L.

Router representation. Given a feature sequence © €
RE*C produced by fy, we first extract a compact routing

vector 7(z) € RY. We split the temporal axis into M con-
tiguous chunks and apply mean pooling within each chunk,
then concatenate the pooled vectors to reduce the dimension:

1 1
rx)= |75 > H— z;| € RY,
[Vl Zez;l ] ig}{ 3)
d= MC,
where {I,,}M_, is a partition of {1,..., L} and || --- || de-

notes concatenation. Choice of M depends on the input
video length to balance the trade-off between information
and efficiency, and such temporal pooling process provides
a stable and low-variance routing signal.

Whitened subspace construction. At the end of learning
task ¢, we collect routing vectors {r,, }\* | from the training
data of task ¢ and estimate their mean and diagonal variance:

1 & 1 &
Mt:ﬁt;rn7 Vart:ﬁZTnQTn_,ut@ﬂtv (4)

n=1

where © is the Hadamard product. We then define an
element-wise whitening weight vector wy; = +/var; + e,
with a small € > 0 for numerical stability. Using w;, we
compute centered whitened residuals z, = (1, — pt) © wy
and their covariance matrix in the whitened subspace:

1 X
_ T
Y = Nt_lnglznzn. (@)

Let U; € R?*4 denote the top-q eigenvectors of ¢, namely,
the principal directions in the subspace. In addition to these
variation directions, we explicitly include another whitened
mean direction to better capture the space geometry

e © wy

my = 20 6)
*= T o wl, (

Finally, we build an augmented orthonormal basis B; €
R4*(a+1) by QR factorization over the columns of [m; Uy].
This augmentation couples first-order shift (mean) and
second-order variation (PCA) into a single subspace, en-
abling B; to serve as an effective task signature.

Residual-based routing score. Given a query routing vec-
tor r, we compute its task-conditional whitened coordinates
7+ = r ® wy and evaluate how well 7; is explained by the
augmented basis B;. The whitened subspace residual score
is defined as the complement of the explained energy ratio:

1B 7

BT
17ell3 + €

er(r)=1 @)

This score is non-negative and decreases when the query lies
close to the task subspace in the whitened metric. It is also
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Table 2. Performance of CL methods on the continual skill assess-
ment benchmark. We report the final average ranking accuracy

Table 3. Performance of CL methods on the continual temporal
action segmentation benchmark (test split). We report the final
average frame-wise accuracy At (%, 1).

Ar (%, 1) and forgetting metrics Fr (%, }).

Final Average Accuracy Ar(%,1) Final Average Forgetting F(%, |) Train: Ego Train: Exo Train: Ego+Exo

Method Method

RAAN +RN +TL RAAN +RN +TL Eval: Ego  Eval: Exo  Eval: Ego  Eval: Exo  Eval: Ego  Eval: Exo
Joint 80.421014 80.171006 80411008 — - - Joint 66.121006 22.661353 24514002 36981066 66.411066 38.261112
Fine-tuning  72.941515 72451001 71.631213 11304135 10971161 13.2041.01 Fine-tuning  36.261058 10164101 13.891520 20.05:11; 355leis2  20.32417s
ER 77241056 77.394050 78271073  3.941230  3.134283  2.3910.95 ER 45194303 10.8716.34 18434224 30.7610.95 43.931528 29.67+0.79
DER++ 7946096 78.60+030 79474007 0981124 1171170  1.09:0.81 DER++ 43.974476  10.024205 182314512 30.7lio7s  45.224318  30.0413.04
EwWC 73.344208 72591195 T1.054200 10.624175 113232926 14.224944 EWC 41.354873 8154277 19.67,505 30.884244 45.11:i285 30.35125s
LwF 72615173 68871058 T1.834o11  22lases 12524300 0494004 LwF 44955550 12.65., 5 19.074049 30.531156 45.30.5g 30351453
L2P+ 72.0311.4s 71434256 71381097 11.694364 12524190 14.22435: L2P+ AT46,5 09 12334310 18.6743235 32184157 44881308 30.84., 5
S-Prompt+ 79171030 7775404 78051078 005,005 0.00i05  0.13.0,, S-Prompt+  38.691007  7.524010 15384174 28.01:103 40.85i070 23.72.0.55
VISTA (ours) 80.3840.32 79.5810s1 80411045 -0.194051 0.19, 919 0.1240.14 VISTA (ours) 47.7240.79 12931533 20.031; 6 30.904; 75 45354134 314ligs7

Table 4. Performance of CL methods on the continual cross-view
association benchmark (test split). We report the final average
Top-1 association accuracy Ar (%, ) for both query directions.

Table 5. Performance of CL methods on the continual action
planning benchmark. We report the final average edit distance
ED@8 (] ) over a fixed length of 8 steps.

Method Train: Ego Train: Exo Train: Ego+Exo Method Train: Ego Train: Exo Train: Ego+Exo
Ego—Exo Exo—Ego Ego—Exo Exo—Ego Ego—Exo Exo—Ego Eval: Ego  Eval: Exo  Eval: Ego  Eval: Exo Eval: Ego  Eval: Exo
Joint 40.0740.00 37971105 38474041 45.874050 47104036 46.5342.16 Joint 82134054 84.544038 84.704022 T76.154049 81.601024 76.1440.97
Fine-tuning 32.6310.61 25301248 31.3Ti133 36.474204 41133199 35.571017 Fine-tuning 86.691+0.53 879110314 88.331036 83.231045 85531056 82.6811.01
ER 34204120 27274150 32534 36804, 7 4347055 38.8341.46 ER 83144031 86.841072 88.01i077 81.984:061 83471064 80.7040.47
DER++ 33.901220 26.731114 31904163 36.234142 43.101120 37974144 DER++ 8264019 86971080 87.161087 81.01,03; 82.7040 5 79.0411 40
EWC 32401067 23.631085 29.834000 34404015 41774000 36.1341.00 EWC 83.8140.61 86.034045 88.674030 S1.784060 84.604037 81.884117
LwF 30901386 25274308 31501070 36.7312.07 41204128  35.2010.14 LwF 82421061 85.80,04 86.361120 82311065 82031061 80.6744 5
L2P+ 33771088 25134078 29.704177 33204068 39904085 36.170.07 L2P+ 83514116 86.08402s 86.61i107r 81944053 83.761116 82.381358
S-Prompt+ 34.93 595 3033450 30.7841.42 31261124 40.571033 36.601115 S-Prompt+ 84.0240.51 87331102 85.07406s 82184083 85401050 81.57+0.80
VISTA (ours) 34974110 30371083 34.60.189 37.67:638 44741118 38.29., 14 VISTA (ours) 83.0240.52 85.46.077 84.09:134 80361071 8281021 80.7440.92

scale-stable due to the normalization by ||7;[|3. When an
input provides multiple correlated feature sequences (e.g., a
pair of clips in skill assessment), we compute residual scores
separately and average them to obtain mixture weights,
which reduces variance without requiring supervision.

Let S be the set of tasks observed so far. We convert the
residual scores into a posterior over tasks via softmax:

exp(—yeu(r))
jes exp(=7€;(r))’

where v > 0 controls the sharpness of routing. We then
select the top- K tasks with largest p; (r) and normalize their
probabilities to obtain mixture weights {m,}% ;. These
weights are used to mix task adapters as in the adapter
mixture above, yielding a task-agnostic inference rule that
interpolates between hard routing and soft sharing depend-
ing on the confidence implied by residual gaps and it also
mitigates performance degradation caused by misrouting.

pt(’l") = Z (8)

5. Experiments
5.1. Experimental Setup

Dataset. CE*L benchmarks are constructed on EgoEx-
oLearn (Huang et al., 2024) (120 hours of paired ego/exo
videos). We instantiate each benchmark as a sequential
task stream and consider three training regimes: Ego-only,
Exo-only, and Ego+Exo co-training. Configurations are

summarized in Sec. 3.1 and Table 1. We report both within-
view performance and zero-shot cross-view transfer.

Baseline methods. We implement a variety of representa-
tive CL methods including replay-based ER (Rolnick et al.,
2019) and DER++ (Buzzega et al., 2020); regularization-
based EWC (Kirkpatrick et al., 2017) and LwF (Li & Hoiem,
2017); and ensemble-based L2P (Wang et al., 2022d) and
S-Prompt (Wang et al., 2022a; 2023b). Note that the replay-
based methods ER and DER++ explicitly reuse old training
samples, which are typically unavailable under restricted
CL settings and are potentially unfair when compared to
other replay-free methods. We adapt L2P and S-Prompt
to CE*L by replacing prompts with adapters (Wang et al.,
2023b) while preserving their original routing strategies
(i.e., learnable task embeddings and £NN routing). We
denote these variants as L2P+ and S-Prompt+. We also re-
port joint training (upper bound) and sequential fine-tuning
(lower bound). In all tables, we use light shading to group
method families for readability. Scenario-specific details
are provided in Appendix B.

Evaluation. After each task, we evaluate on all seen tasks
and summarize by final average performance Ar and av-
erage forgetting F'r when applicable. We use test splits
when available (otherwise the official validation split; Ap-
pendix B) and average over 3 seeds (£ std). Best/second-
best are highlighted per column, excluding joint training.
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Table 6. Overall performance of representative CL methods on the continual action anticipation. We report the final average Top-5 recall
(%, 1) for verb and noun prediction evaluated on egocentric and exocentric videos. -V, predict verb category. -N, predict noun category.

A eb Train: Ego Train: Exo Train: Ego+Exo
Ego-V Ego-N Exo-V Exo-N Ego-V Ego-N Exo-V Exo-N Ego-V Ego-N Exo-V Exo-N

Joint 33.4040.05 29.8840.16 32.6840.03 29.3240.11 35.1510.05 28.9440.05 33.0940.0s8 28.2910.00 35.50410.41 27.8040.17 33.1240.20 27.11:i0.12
Fine-tuning ~ 29.8311.05 20.7740.00 30.4710.s5 20.3410.s1 31.554140 20.3310.00 30.8710.0s 19.8710.77 31.2511.15 19.2610.67 30.3010.01 18.8240.54
ER 31.1540.49 26.4740.47 30.84,, 55 26504021 34.39,439 26011036 32.77.( 9 25.56, (., 34.49,, 55 25294024 32.70 4,5 24.75,,,3
DER++ 31.31, 434 2691 (69 30.6810.22 26.16,, 55 34.0240.33 25.5440.78 32.4410.05 25.2040.60 33.7040.37 24.5540.53 32.3740.26 24.1340.35
EWC 29.7241.12 20.63+1.00 30.16+0.37 20.194+0.84 31.6941.43 20.41t0.89 30.63+1.17 19.9540.75 31.2941.04 19.9610.4s8 30.6410.95 19.4440.25
LwF 20.8440.77 22244077 29751075 21.79+10.74 30.4740.71 21.1740.55 30.2740.30 20.6740.35 30.5710.21 21.3841.46 31.1941.32 20.584116
L2P+ 28.7641.14 16.241118 27.8811.20 155011324 30.0342.24 16574114 28.0641.82 15591117 28511180 16.1940.80 26.1210.03 15.2110.62
S-Prompt+ 30414111 18.3611.72 27.994162 18.23+1.35 32.6413.07 16.801262 28.441241 16.824240 31.8312.24 16.491043 27.6411.46 16.3612.02
VISTA (ours) 32374474 28084515 34834671 25124215 35370 25.69, o 34464363 2640.153 35231105 25.23,, 45 3277issr  2601i14s

Table 7. Ablation study of core design choices in VISTA on CE*L. We evaluate component combinations of subspace router and task
adapters under the Ego+Exo setting across all four CE*L scenarios. All numbers are reported as average performance after the last task.

Subspace Task Skill Segment (Ego+Exo) Association (Ego+Exo) Planning (Ego+Exo) Anticipation (Ego+Exo)
Router  Adapters RAAN (1) Ego (1) Exo (1) Ego—Exo (1) Exo—Ego (1) Ego () Exo (}) Ego-V (1) Ego-N (1) Exo-V (1) Exo-N (1)
X X 72944215 35.5141.82 20.3241.75 41.1341.99 35.57+0.17 85.534+0.56 82.68+1.21 31.25471.15 19.2640.67 30.3040.91 18.8240.54
Random v 69.4141.27 38.0341.82 26.0243.80 41.0040.36 36.9040.92 84.06+0.06 82.9940.08 28.66+1.7¢ 16.01+3.10 28.1541.03 16.2242 96
v v 80.38+0.32 45.35+1.34 31411087 44.741118 38.2941.16 82.8l10.21 80.7410.92 35.23+1.05 25.2341.33 32.771337 26.01+1.4s8
Oracle v 80421051 47.17+3.16 33.2312.11 45.0710.50 41.8710.87 82.35+0.27 81.0411.35 35.35+4.18 22.5745.06 35451375 23.7014.83

5.2. Experimental Results

Continual skill assessment. Table 2 reports ranking ac-
curacy and forgetting for RAAN and two reference-aware
variants. Fine-tuning forgets substantially and falls short
of joint training. Replay helps, with DER++ the strongest
replay baseline, but still does not fully recover joint train-
ing. Regularization-based baselines are less effective: EWC
largely tracks fine-tuning with high forgetting, while LwF
is inconsistent across variants, sometimes suppressing for-
getting but not translating into stronger final accuracy. In
contrast, VISTA achieves joint-level accuracy on all vari-
ants while maintaining near-zero forgetting. This suggests
that, for pairwise ranking, stabilizing updates via parameter
penalties or distillation alone is insufficient. It benefits from
parameter isolation with robust test-time task routing.

Continual action segmentation. Table 3 reveals a sharp
separation between two aspects: for within-view, most CL
methods improve clearly over fine-tuning, showing that
interference is a major factor for dense parsing; for cross-
view, zero-shot transfer remains low even for joint training,
pointing to viewpoint-conditioned mismatch beyond CL.
Ego+Exo co-training improves the cross-view evaluation
substantially, suggesting that multi-view evidence is the
primary lever for transferable segmentation problem, while
current CL methods mainly control within-view retention
and ignore such generalization ability.

Continual cross-view association. Table 4 shows that
Ego+Exo co-training improves both retrieval directions re-
markably, highlighting the important role of paired cross-
view evidence for alignment. Under single-view CL, replay
and regularization provide only modest, direction-dependent

gains over fine-tuning. The any-time curves (Figs. 6-8)
show that S-Prompt+ and VISTA can improve over time
with near-zero or negative forgetting, while curves for most
other methods remain relatively flat, consistent with gen-
erally small forgetting observed for such contrastive ob-
jective (Cha et al., 2021; Ni et al., 2023; Tan et al., 2025),
suggesting that task-wise statistics stabilize cross-view align-
ment while leveraging the evolving contrastive backbone.
However, the remaining gap to joint training highlights the
necessity of multi-view evidence for robust alignment, moti-
vating future CL methods to better exploit such information.

Continual action anticipation & planning. Table 6 re-
ports Top-5 recall for verb and noun prediction. In anticipa-
tion, ensemble-based baselines do not translate to consistent
gains: L2P+ and S-Prompt+ are generally weaker than re-
play and VISTA, and their degradation is especially visible
on noun prediction, suggesting that their routing signals
do not reliably capture the task structure. Replay-based
methods improve performance but only partially offsets
the degradation, while regularization-based methods largely
track fine-tuning. VISTA is consistently competitive across
training regimes and label heads, improving both within-
view and cross-view accuracy, which suggests that task-
conditioned adapters can preserve complementary temporal
cues across tasks without an explicit learned task classifier.

For planning (Table 5), regularization-based and replay-
based baselines become competitive, and the gap to joint
training is smaller. This suggests that, in our setup, planning
is comparatively less dominated by catastrophic forgetting
and more limited by the base representation of long-horizon
procedural structure. VISTA remains consistently strong
across views and training regimes, matching or improving
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Table 8. Generalization to future tasks during continual learn-
ing. We report the upper-triangle average performance A under
the Ego+Exo setting, averaging over both views when applicable.
Higher is better except planning ED@8 ().

Method Skill Seg. Assoc. Plan. Ant.-V Ant.-N
Fine-tuning 47.69 18.95 30.09 88.55 22.48 12.50
ER 47.37 18.11 28.82 87.69 24.29 14.90
DER++ 47.51 18.84 30.70 87.93 26.10 14.85
LwF 46.43 20.02 31.09 87.52 24.94 14.96
S-Prompt+ 44.61 19.92 26.21 87.97 20.97 12.45
VISTA (ours) 48.04 24.53 31.80 87.18 26.89 15.04

Table 9. Generalization to excluded tasks. We evaluate tasks not
used in the default CE*L Ego+Exo pipeline. E, Ego. X, Exo.

Method Segment Association Planning
Ego Exo E—X X—E Ego Exo
Fine-tuning  46.60 36.58 6.00 14.00 84.00 82.96
ER 42.54 38.28 6.00 17.00 84.11 79.00
DER++ 47.92 40.70 10.00 15.00 84.55 78.15
LwF 41.29 41.18 8.00 13.00 8345 78.10
S-Prompt+ 47.54 38.13 17.00 17.00 84.01 80.14
VISTA (ours) 48.36 42.58 17.00 19.00 83.97 77.14
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Figure 3. Hyper-parameter sensitivity and routing strategy analysis. (a) Different temperature parameter ~ for residual score
computation, (b) top-K choice of adapter mixture and (c) subspace dimension q. (d) Routing strategy comparison between kNN, cosine
similarity, whitened cosine similarity and whitened subspace router. We report the final average top-5 recall (%, 1) of the continual
anticipation trained on Ego+Exo data, evaluated on egocentric verb prediction (a-c), and task-router accuracy (%, 1) of VISTA (d).

upon other CL baselines while avoiding large replay buffers.

Generalization beyond seen tasks. The default CE*L pro-
tocol evaluates the union of seen tasks, while table 8 reports
performance on future tasks before they are introduced into
the continual stream, using the upper-triangle average of
the performance matrix. Table 9 evaluates EgoExoLearn
tasks excluded from the default CE*L stream. Across both
settings, VISTA achieves the strongest overall performance
in most cases, consistent with its robust subspace-based
routing under inputs outside the seen-task evaluation set.

We report complementary metrics, validation results, addi-
tional forgetting analyses, backbone variants, and supple-
mentary generality studies in Appendix B-D.

Ablation and sensitivity study. Table 7 isolates the roles of
task adapters and routing. Removing both components re-
duces VISTA to sequential fine-tuning and yields the weak-
est performance across CE*L. Adding task adapters with a
random router often degrades performance, indicating that
naive mixture selection can induce systematic mis-routing
and reintroduce interference despite parameter isolation. In
contrast, the whitened-subspace router combined with task
adapters consistently recovers strong performance across
all scenarios. An oracle router (100% routing accuracy)
provides an upper bound and is close to our router on most
metrics. Overall, these results indicate that CE*L requires
not only storing task-specific adaptation, but also perform-
ing accurate, view-robust task inference at test time.

Fig. 3 further examines hyper-parameter sensitivity and
router design choices. Performance is stable around the de-
fault configuration used in all main experiments, with a clear
optimum at intermediate routing temperature and a moder-
ate top-K mixture size, indicating that VISTA benefits from
confident (but not overly peaky) routing, and that mixing too
many adapters can dilute task-specific updates. Increasing
the task subspace dimension improves performance up to
a moderate rank and then saturates, suggesting that a com-
pact whitened subspace captures most task-discriminative
variation needed for routing. Fig. 3(d) compares routing
strategies and shows that whitening is consistently benefi-
cial, while the whitened-subspace residual router achieves
the highest router accuracy across benchmarks, validating
the second-order task statistics over instance-level nearest
neighbors for robust task inference under viewpoint shift.

Detailed analysis. We analyze the router behavior from
two complementary angles: task separability in the saved
subspace geometry and empirical routing accuracy. Fig. 5
visualizes the residual scores for skill assessment and shows
that test samples attain systematically lower residuals under
their ground-truth task subspace than under other tasks, ex-
plaining the near-perfect routing observed in this scenario.
To quantify task-level geometry, we compute distances be-
tween tasks using a principal-angle discrepancy between
their augmented bases (see Appendix C for details). Fig. 4
shows that separability varies substantially across bench-
marks: skill tasks form well-separated subspaces, while
segmentation and association exhibit much smaller inter-
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Figure 5. Task-wise subspace residual score. (a-d) We calculate
the residual score of each test set feature in different task’s sub-
space of continual skill assessment benchmark (RAAN).

task distances, indicating a more entangled task geometry.
Anticipation further reveals a clustered structure where tasks
in either kitchen or lab scenarios are mutually similar.

These geometric patterns align with routing difficulty in
Fig. 3(d), but do not fully determine it. In the harder cases
where task subspaces are closer, whitening and residual-
energy scoring still recover informative task signals, im-
proving router accuracy over cosine similarity and k-NN
baselines. This suggests that routing benefits from task sig-
natures that capture both mean shift and variability (first
and second order), and that routing quality depends on both
task separability and the metric used to compare. Appendix
Tables 25-26 further compare GMM/Mahalanobis routers
and adapter mixture choices.

Finally, Table 10 and Appendix Tables 27-30 compare and
summarize methods’ efficiency. Replay methods incur sub-
stantial memory storage due to buffering raw samples and
additional targets for DER++. Regularization methods avoid
large buffers but introduce extra state and computation for
Fisher estimation or teacher snapshots. In contrast, VISTA
adds only lightweight adapters and compact per-task statis-
tics, keeping storage overhead negligible and per-batch com-
pute close to fine-tuning. This makes VISTA a practical
baseline for long streams and large backbones where replay
buffers may be impractical or where resources are limited.

0.0

® Distance

Table 10. Evaluation of efficiency on continual cross-view asso-

ciation benchmark. We report the number of trainable and total
parameters in millions, storage cost in million floats, and average
computation time cost in millisecond per training batch.

Method Trainable (M) Total (M) Storage (M) Time (ms)
Fine-tuning 177.66 177.66 0.00 1023.5
ER 177.66 177.66 1696.67 947.3
DER++ 177.66 177.66 1698.22 1042.6
EWC 177.66 177.66 355.32 1516.8
LwF 177.66 177.66 177.66 1047.3
L2P+ 177.83 177.83 0.00 14254
S-Prompt+ 177.83 177.83 0.00 730.4
VISTA 177.83 177.83 0.01 793.2

Limitations and Scope. CE“L is instantiated on one ego-
exo corpus and assumes tasks with fixed boundaries, focus-
ing on embodied perception and semantic/procedural cross-
view understanding rather than full 3D spatial reasoning
or end-to-end decision making. VISTA stores one adapter
and compact routing statistics per task, so long streams may
benefit from adapter merging, compression, or hierarchical
routing despite the small per-task overhead in our setting.

6. Conclusion

We introduced CE*L, a benchmark suite for continual ego,
exo, and ego-exo learning that evaluates continual learn-
ers under heterogeneous video objectives while explicitly
separating within-view retention from cross-view general-
ization and multi-view co-training. Our empirical study
shows that the effectiveness of classic continual paradigms
varies substantially across problems, and that cross-view
evaluation exposes viewpoint-conditioned mismatch that
can persist even when within-view forgetting is reduced.
To provide a strong and practical baseline in this regime,
we proposed VISTA, a parameter-efficient continual learner
with training-free adapter routing, which consistently im-
proves performance and efficiency over baselines across
CE*L. As a general CL protocol, CE*L can be instantiated
on future ego-exo corpora with broader task coverage, addi-
tional viewpoints and sensors, and new supervision types,
enabling CL research to scale with the rapidly evolving data
landscape of embodied vision.
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A. Background and Related Work

A.1. Egocentric Video Learning

Egocentric vision research has transitioned from limited datasets (Pirsiavash & Ramanan, 2012; Bansal et al., 2022) to
large-scale unscripted collections capturing complex daily activities (Damen et al., 2018; 2022; Liu et al., 2022). This domain
recently integrated third-person perspectives to ground first-person experiences, a crucial development for understanding
skilled interactions and procedural demonstrations (Kwon et al., 2021; Sigurdsson et al., 2018). Specialized benchmarks now
target challenges such as asynchronous cross-view association (Sener et al., 2022; Xue & Grauman, 2023; Huang et al., 2024;
Grauman et al., 2024; Huang et al., 2025), action quality assessment (Li et al., 2024; Ragusa et al., 2021; Zhou et al., 2024c;
2025a;b; 2026), and skill transfer to embodied agents via Vision-Language-Action models (Nair et al., 2022; Ma et al., 2022;
Punamiya et al., 2025; Yang et al., 2025). Concurrently, representation learning has advanced toward unified backbones that
directly fuse multiple modalities for robust zero-shot transfer (Lin et al., 2022; Pramanick et al., 2023; Zhao et al., 2023;
Chen et al., 2022; Wang et al., 2022b; 2024b; 2025c¢;a). Related studies also examine static robustness and generalization
under occlusions, corruptions, benchmark sensitivity, cross-view prediction, and audio-aided domain shifts (Grover et al.,
2023; Schiappa et al., 2023; Thoker et al., 2022; Vyas et al., 2020; Zhang et al., 2022; Maharana et al., 2026). Despite these
strides toward lifelong perception, current methods rely heavily on static offline training protocols (Plizzari et al., 2024;
Mangalam et al., 2023). These standard approaches overlook the inherently non-stationary nature of visual streams where
tasks and viewpoints evolve dynamically, a limitation this work directly addresses.

A.2. Video Continual Learning

Video CL imposes unique demands due to the high-dimensional temporal dynamics absent in static image bench-
marks (De Lange et al., 2021; Wang et al., 2024a; Zhou et al., 2024b). Early approaches largely extended image-based
paradigms, including regularization and replay, by incorporating temporal constraints to mitigate catastrophic forgetting:
Park et al. (2021) proposed time-channel importance maps to guide knowledge distillation, while vCLIMB (Villa et al.,
2022) introduces temporal consistency regularization to optimize the selection of frame-level exemplars. Recently, the field
has shifted towards parameter-efficient adaptation of large-scale pre-trained models (e.g., CLIP) to avoid the computational
burden of full fine-tuning. Methods such as Space-time Prompting (Pei et al., 2023) and PIVOT (Villa et al., 2023) employ
learnable prompts to capture task-specific temporal semantics while freezing the backbone, thereby enhancing transferability
with minimal storage costs. Alternative strategies like STSP (Cheng et al., 2024) explore geometric constraints, utilizing or-
thogonal subspace projections to separate class representations without relying on privacy-invasive exemplars. Furthermore,
the scope of video CL is expanding beyond simple action classification: recent benchmarks like ViLCo (Tang et al., 2024)
and methods like Bisecle (Tan et al., 2025) investigate continuous adaptation in complex video-language understanding
tasks or incorporate audio streams (Pian et al., 2023). However, these works predominantly focus on single-view streams or
isolated recognition tasks, neglecting the complex coupled shifts in viewpoint and long-horizon procedural dependencies
that our CE*L seeks to bridge.

A.3. Pretraining-based Continual Learning

Traditional CL studies are mostly conducted by training artificial neural networks from scratch over non-stationary data
streams (Parisi et al., 2019; Wang et al., 2024a; Zhou et al., 2024b; Rolnick et al., 2019). With the rise of pretrained models
(PTMs), the research paradigm of CL has shifted from unlocking the potential of small models to leveraging the powerful
representational capabilities and generalization abilities of PTMs (Zhou et al., 2024a; Wang et al., 2022d). Theoretical studies
of canonical CL have proved that it is possible to decompose the task-free CL problem into two orthogonal subproblems:
task identity inference and within-task prediction (Kim et al., 2022). Yet the use of PTMs has changed the relation between
these two subproblems, given rich and general prior information from pretraining data (Wang et al., 2023b). Recent works
focus on adapting the frozen PTM backbone via parameter-efficient tuning (PET) techniques, in which lightweight trainable
modules are inserted into the backbone’s workflow (Wang et al., 2022d; Lester et al., 2021; Li & Liang, 2021; Rebuffi
et al., 2017; Hu et al., 2021; Yan et al., 2025). Such PET components can be either task-shared (Wang et al., 2022c) or
task-specific (Wang et al., 2022a; 2023b), and the latter often requires a routing strategy developed along the CL process.
It is worth noting that a learnable router itself can suffer from catastrophic forgetting, and therefore a variety of work has
proposed to address this issue using analytic or training-free algorithms (McDonnell et al., 2024; Zhuang et al., 2022).
Following this direction, VISTA further investigates the efficacy of a non-parametric router for video data by describing the
geometry of task-wise subspaces.
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B. Additional Benchmark Details and Results
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Figure 6. CE*L performance curve (Ego + Exo). (a-e) We visualize pairwise the performance curve throughout the complete CL
progress across 5 different scenarios. Trained on egocentric + exocentric data, and evaluated on egocentric test data, except continual skill
assessment using RAAN and only egocentric data for training.
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Figure 7. CE*L performance curve (Ego). (a-¢) We visualize pairwise the performance curve throughout the complete CL progress
across 5 different scenarios. Trained on egocentric data, and evaluated on egocentric test data, except skill assessment using relation
network (RN) and both egocentric training data and exocentric reference data.
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Figure 8. CE*L performance curve (Exo). (a-¢) We visualize pairwise the performance curve throughout the complete CL progress
across 5 different scenarios. Trained on exocentric data, and evaluated on egocentric test data, except continual skill assessment: triplet
loss (TL) and both egocentric training data and exocentric reference data.

Continual evaluation metrics. We evaluate continual learners by recording a performance matrix A € R"*T, where A; ;
denotes the performance on task j after learning up to task ¢t (1 < j <t < T'). The final average performance is defined as

_ 1 &
Ap = T;Am. )

The average forgetting summarizes how much performance on past tasks drops from its best historical value to the final
value:
=
Fr=_—— max Ay — Ar;|. 10
=71 ; (te{j,..%T} b T’]> (10)
We use the benchmark-specific metric Ay ; (e.g., ranking accuracy, frame-wise accuracy, Top-1 association accuracy, Top-5
recall, and ED @8) and report Ar and Fr when forgetting is meaningful for the task. For action planning where ED@8 is
lower-is-better, we use the monotone transformation 1 — ED@S so that larger values always indicate better performance.
We also report forward transfer as
1
T-1
t=2

T
FWT = ——— > (Ar-14 — Aoy), (11)
where Ay ; denotes the pretrained model performance on task ¢ before continual training.
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Table 11. Detailed CE*L benchmark statistics. CE*L is built on EgoExoLearn, which contains 8 high-level procedural tasks and 745
videos. Split format is train / val / test unless otherwise noted. Skill assessment uses train / val pairs only; association evaluation uses 800
validation and 2,000 test direction-balanced multiple-choice questions. All videos are standardized to 25 fps and 224 x 224 resolution.

Scenario Tasks Task Unit Ego Split Exo Split / Input

Skill assessment 4 Action groups 13,722/ 10,518 pairs — /10 segments per clip

Action segmentation 4 Procedural tasks 173 /28 /55 videos 176 /21 / 26 videos; full video, 5 X downsampled
Cross-view association 5 Procedural tasks  22.7k clips (314 videos) 5.4k clips (249 videos); 4 frames per clip

Action anticipation 8 Procedural tasks  34.6k / 7.7k / 17.3k clips 6.1k / 2.1k / 4.7k clips; 2 s context, 5 frames at 5 fps
Action planning 4 Procedural tasks 2,171 /395 /734 clips 1,847 /205 /270 clips; 2 s context, 5 frames at 5 fps

Table 12. Forward transfer on CE*L. We report FWT under Ego+Exo training. Higher is better for all metrics.

Method Skill Segmentation Association Planning Anticipation-V Anticipation-N
Fine-tuning 3.70 19.89 9.85 0.09 2.83 1.57
ER 293 18.53 0.33 0.81 4.07 3.01
DER++ 3.10 20.04 2.80 1.44 3.28 2.36
LwF 2.64 20.55 9.88 0.99 2.61 2.32
S-Prompt+ 1.18 2298 6.64 2.14 3.06 2.31
VISTA (ours) 3.11 27.68 11.66 1.57 3.61 248

We show the any-time average performance curve of all CL methods across all CE*L benchmarks in figures 6, 7 and 8. For

the future-task evaluation used in Table 8, we compute A= ﬁ EiT:_ll (Tl_l ZJT: i1 A, j), the upper-triangle mean of
the performance matrix before those tasks are learned. The excluded-task evaluation in Table 9 uses EgoExoLearn tasks not
included in the default CE*L stream. In the following sections, we provide detailed descriptions of the specific training

settings for each benchmark, the baseline frameworks, the adaptation of all CL algorithms, and additional results.

Shared continual baseline settings. Unless otherwise noted, we use a single set of baseline hyper-parameters across all
benchmarks. For ER (Rolnick et al., 2019) and DER++ (Buzzega et al., 2020), we set the buffer ratio to 0.2, meaning the
replay memory capacity is 20% of the total number of training samples observed in the entire stream, and we set the replay
batch ratio to 0.2, meaning 20% of each training mini-batch is replaced by replay samples while keeping the effective batch
size unchanged. For DER++, we use a distillation weight of 0.5. For EWC (Kirkpatrick et al., 2017), we use a regularization
weight of 1072, an online Fisher decay of 1.0, and estimate the diagonal Fisher from 50 mini-batches at the end of each task.
For LwF (Li & Hoiem, 2017), we use an MSE distillation weight of 0.5. For L2P+ (Wang et al., 2022d), we use a top-2
adapter selection and an adapter bottleneck dimension of 64. For S-Prompt+ (Wang et al., 2022a), we use hard top-1 routing
with 32 KMeans centroids per task. For VISTA, we use a top-2 adapter mixture, an adapter bottleneck dimension of 64,
router pooling with a single temporal segment, a subspace rank of 32, and a routing temperature of 10.0. Benchmark-specific
training hyper-parameters and method-specific targets are given below.

B.1. Continual SKkill Assessment

Training setup. For the baseline architecture of continual skill assessment, we follow the framework of Huang et al. (2024),
in which a margin ranking loss, a disparity loss and a rank-aware loss are utilized as the training objective for the ego-only
baseline variant RAAN (Doughty et al., 2019); and for the ego+exo case given exocentric video reference, a triplet-loss
based baseline variant TL is implemented by taking the reference video as anchor, and a relation-network baseline variant
RN is introduced by respectively concatenating the two egocentric video features and exocentric feature (Sung et al., 2018).
We train for 2000 epochs per task with Adam using a learning rate of 10~* and batch size 128.

Baseline method details.

Replay methods (ER and DER++). We follow the shared replay protocol above. In skill assessment, DER++ caches the pair
of aggregated ranking scores (s1, s2) produced at the time a sample is written to memory (averaged over RAAN branches
and time steps), and uses an MSE distillation loss with weight 0.5 on replayed samples.

Regularization methods (EWC and LwF). We follow the shared settings above. For EWC, we estimate a diagonal Fisher
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from 50 mini-batches at each task end and use a regularization weight of 10~2 with online decay 1.0. For LwF, we distill
toward a teacher snapshot via an MSE loss on ranking scores with weight 0.5.

Ensemble-based baselines (L2P+ and S-Prompt+). L2P+ maintains a fixed pool of adapters and learns a key vector per
adapter. For each input pair, it builds a query representation by temporally pooling the clip features into a single segment and
selects the top-2 adapters by cosine match between the query and the keys. The selected adapters are applied and averaged,
and an auxiliary similarity loss encourages stable key query matching. S-Prompt+ uses hard top-1 routing based on task-wise
KMeans centroids: after each task, it clusters task features into 32 centers and assigns a test input to the single nearest task
by the minimum average distance to that task’s centers, then applies only the selected task adapter. A key implementation
difference is whether the shared predictor is frozen: for S-Prompt+ and VISTA, adapters are explicitly task-indexed and past
adapters are not revisited once the stream moves on, so we freeze the shared learner (i.e., the prediction head) after the first
task to keep earlier adapters calibrated; in contrast, L2P+ draws from a shared adapter pool whose members can continue to
receive updates across tasks, so it does not require freezing the shared learner.

Table 13. TAS results on the validation split (frame-wise accu- Table 14. TAS forgetting on the test split (frame-wise accuracy).
racy). We report the final average frame-wise accuracy Ar (%, 1) We report the final average forgetting Fr (%, ) of frame-wise

for egocentric and exocentric evaluation under each training regime. accuracy for both view evaluation under each training regime.

Method Train: Ego Train: Exo Train: Ego+Exo Method Train: Ego Train: Exo Train: Ego+Exo
Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego  Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo
Joint 70515075 21401000 26991167 40.06:13s 71251055 40.601156  Joint — — — — — —
Fine-tuning 45414015 82lis15 22.854155 28984041 46.144010 2813414  Finetming 33124101 12981056 0551110 14.21i000 31531560 15.61is01
ER 45114062 10944576 22.98, 549 29.681168 44.231503 29.8941.29 ER 34124456 9294956  0.0d4300 11334247 33944657 14.31insa
DER++ 45481543 TA61203 18651550 316315, 43.954255 30591320 DER++ 32274777 8.881i262 5.08451s  12.014345 32901455 14.39457s
EWC 41234909  6.864031 21.314584 29.981312 45.881085 31.6542.04 EWC 36.89484s 114544420 1311601 8.961367 29.881316 13.7d1019
LwF 46.044357 113841, 22194076 31.1340.099 44.854049 32764229 LwF 33834544 8531075 1461432 12.0di063  32.381363 13.771o7
L2P+ 4777164 T7-891081 18364450 29241165 46.18, 545 30.931083 L2P+ 30114220 13414200 3474583 11374104 29491047 1151418
S-Prompt+ 40264106 6524075 15424045 26.351174 42.624158  23.171140 S-Prompt+ 113,044 7244500  3.T7r0a4  3ddyg65 10.15.59, 555,55
VISTA (ours) 50.57150s 12.801319 2498345 33731056 49.56:051 32.13., 6 VISTA (ours)  3.5610.20 6421466 —0.09,,,, 3.70,04 2.8lio7s 1681062

Table 15. TAS results on the test split (edit score). We report Table 16. TAS results on the test split (segmental F1QAvg). We
the final average edit score A7 (1) for egocentric and exocentric report the final average segmental F1QAvg Ar (1) for egocentric
evaluation under each training regime. and exocentric evaluation under each training regime.

Method Train: Ego Train: Exo Train: Ego+Exo Method Train: Ego Train: Exo Train: Ego+Exo
Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo
Joint 46341058 19.574083 33.934342 34.224072 43414042 34771071 Joint 41604015 7.01i0s0 8.75+076 18.501056 38.91i0ss 18.9540.92
Fine-tuning 4204308 24.654014 27.681451 28531301 40.381150 28.80130s Fine-tuning  30.63110s 6461105 6.854145 14154085 2719415 1440437
ER 42.6941.00 22954012 288211614 32.954335 38.661620 30.8813.70 ER 31404066  5.35+054 7671091 14.764129 27.871350 13.7941.02
DER++ 42514995 25194086 27.791577 35294230 38.321243 29.0241 13 DER++ 32.02, 564 6441074 T.09:100 15.254159 27441180 14.6541 55
EWC 40.354521  25.07£111 27494018 33.444051 40.85,5 55  30.264204 EWC 30.1244.01  5.75+139 7194104 154945, 284941196 1535, 94
LwF 43.1045 1, 26.77.55 26314142 34631057 4119:110  29.371050 LwF 31464110 7431031 742,05 15384102 29401164 13.741y g7
L2P+ 42851064 24771477 11.034062 36.124232 39.594469 33.6441.01 L2P+ 304141000 7.07+156 4454000 13194101 27.974316 14.2147939
S-Prompt+ 36.6641.97 15461686 14491106 36.764, 43 31.791162 34.58. 34, S-Prompt+ 22494062 3.764153 51640025 12.634020 19174106 12614004
VISTA (ours) 44.881090 27.901591 27.741341 37941193 39834623 36264037 VISTA (ours) 33.264078 7.23.1,; 6191047 15.681057 29.27.,,, 15.391¢6s

Table 17. TAS results on the validation split (edit score). We Table 18. TAS results on the validation split (segmental
report the final average edit score A (1) for egocentric and exocen- F1@Avg). We report the final average segmental F1Q@Avg At (1)
tric evaluation under each training regime. for egocentric and exocentric evaluation under each training regime.

Method Train: Ego Train: Exo Train: Ego+Exo Method Train: Ego Train: Exo Train: Ego+Exo
Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo
Joint 4T 91i050 22441105 3458440 37.324003 44724107 37.64s1g  Joint 44941085 86leos7  8.56m0s2 21074040 A156sors  22.3410.0
Fine-tuning 43174031 25414059 27474335 31114044 39954108 29.5647117 Fine-tuning 29.821171  5.6410ss 5941088 16464045 25264032 15.6211.90
ER 44.74 1 59 24154009 28971169 35421081 38261547  30.121004 ER 32.05.1 44 5371069 6421084 16.141084 27.091015 14.5510.60
DER++ 43724159  25.034152 26311181 36.15,043 37.944300 30.044256 DER++ 31864078  5.07x127 5731080 17.28,559 27484197 15304140
EWC 40.0415.68 24.754120 26.661204 32.6910.2s 40.184174 34.25,, 55 EWC 20284340 4561020 6414105 15624146 27.894057 16551169
LwF 44.621086 27.244 4 25201166 35.661352 42.521018  32.701169 LwF 30.6210.42 6781100  6.07x0.12  15.8540.88 29.02403 15951068
L2P+ 44045075 26491545 10.854000 31.8ligor 40.251430 33731042  L2P+ 30.865199 49102 4.0ls024 11914079 27.294200 13.844019
S-Prompt+ 36.6640.35 16444366 14.381148 32.651096 31.351172 32.Tdiz10 S-Prompt+ 23264118  3.571102 4591003 10984105 19461085 12.0640.54
VISTA (ours) 45354135 28871350 27.901 55, 37421090 4251655 3711454 VISTA (ours) 34.8941 44 5.87.,,5 58lioss 18.691020 30724360 16.52. 4,
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B.2. Continual Action Segmentation

Training setup. For the baseline architecture of continual action segmentation, we follow the framework of Huang et al.
(2024) and Chen et al. (2020), in which a per-stage training loss, consisting of a classification loss and a smoothing loss, is
used as the objective for MS-TCN (Farha & Gall, 2019) model. For experimental efficiency, the frame sequence of both
training and inference input video v is down-sampled by a factor of 5. We train for 150 epochs per task with Adam using a
learning rate of 5 x 10~* and batch size 1 video.

Baseline method details. We follow the shared baseline settings above. A replay item stores the feature tensor, frame-wise
labels, and validity mask; DER++ caches masked last-stage source logits and distills them on replayed samples. EWC and
LwF are applied to the same masked prediction tensor. Adapters act on per-frame features before MS-TCN. And we set
temporal pooling parameter M = 2 for VISTA because the input length of segmentation is longer.

Additional results. We additionally report validation performance, test performance on complementary metrics, and test
forgetting for continual temporal action segmentation in Tabs. 13—18.

B.3. Continual Cross-View Association

Training setup. For the baseline architecture of continual cross-view association benchmark of CE*L, we follow the
framework of Huang et al. (2024), whose dual-encoder backbone consisting of a TimeSformer-B (Bertasius et al., 2021)
video encoder and a CLIP text encoder (Radford et al., 2021) is initialized with EgQoVLP (Lin et al., 2022) weights pretrained
on Ego4D (Grauman et al., 2022) dataset. A contrastive loss between video embedding and annotation text embedding
is used to fine-tune the backbone model during training, while upon inference, only the video encoder is used to extract
features for query and candidate videos. The prediction is given by choosing one from 20 candidates, which has the highest
cosine similarity with the query. We train for 5 epochs per task with AdamW using a learning rate of 10~° and batch size 32.

Baseline method details. We follow the shared baseline settings above. For DER++, we cache per-sample embedding
targets consisting of the video embedding and the text embedding, and distill them on replayed samples. LwF distills both
embeddings toward the teacher snapshot with weight 0.5. Adapter-based routing methods act on the video embedding. And
we set the temporal pooling hyperparameter M = 2 for VISTA because the input length of association videos is longer.

Additional results. Additional validation results and test forgetting for continual association are reported in Tabs. 19 and 20.

Table 19. Association results on the validation split. We report Table 20. Association forgetting on the test split. We report the
the final average Top-1 accuracy Ar (%,?1) for Ego—Exo and final average forgetting Fr (%, ) for Ego—Exo and Exo—Ego
Exo—Ego retrieval under each training regime. retrieval under each training regime.

Method Train: Ego Train: Exo Train: Ego+Exo Mt Train: Ego Train: Exo Train: Ego+Exo
Ego—Exo Exo—Ego Ego—Exo Exo—Ego Ego—Exo Exo—Ego Ego—Exo Exo—Ego Ego—Exo Exo—Ego Ego—Exo Exo—Ego
Joint 35171072 40.831062 39.0041.08 40.084072 43.084123 45.8341.45 Joint —— — — — — —
Fine-tuning 25254177 26504265 33.251187 35.921116 36.254074  37.0012.76 Fine-tuning 3.0942.46 8254359  6.541153 2501302 2271106 2.694155
ER 28.6711.56  30.7540.41 31504213 35831042 39.25.49s 39.5012.67 ER 2371001 6.29:080  5.37i14s 2101004 0.19:i092  0.6613.19
DER++ 20.084101 30254054 31.581286 35.0840.12 38171062 40.834057 DER++ 2981080  6.96117s  6.04p12s  3.04425 1234051 2851163
EWC 27174058 26581171 29.254056 31.424012 36.751181 37.751041 EWC 3.3211 58 9.92:1 84 8071305  4.401337 1.944915 1.4941 99
LwF 25.67+2.62  26.08+360 33.7511 05 37.084155 35.83+047 36.67+2.79 LwF 5.63+5.18  8.32:432  6.441005 1792377 2501231 3.0011.26
L2P+ 29.08, 07, 26424178 32.T54143 37424185 36.924047  37.0841.01 L2P+ 2684065  8.58i161 7161217 5804041 4424103 2.9611.02
S-Prompt+ 29.001105 32.33,077 31.08:004 34.831047 35.581051 39.081031 S-Prompt+ —6.84,,,, T421i207  28liy,, —3.75, . 654, -370i36s
VISTA (ours) 31041295 32701025 35.524524 3733147 40.701524 40.00.¢ o VISTA (ours)  -7.201051 =639, ., 24li17s 4054080 6581075 =340,

B.4. Continual Action Anticipation & Planning

Training setup. For the baseline architecture of continual action anticipation and planning, we follow the framework
of Damen et al. (2022); Grauman et al. (2022) and Huang et al. (2024), the model is structured as a trainable temporal
relation module TA3N (Chen et al., 2019) over a pretrained CLIP encoder (Radford et al., 2021) which is frozen. For both
anticipation and planning, the training objectives are cross-entropy based classification losses, but one is calculated over one
action step and the other is evaluated over an action sequence. The evaluation metrics for anticipation and planning are
Top-5 recall and edit distance at 8 steps (ED@8). We train for 40 epochs per task with SGD using a learning rate of 0.003.
The batch size is 128 for anticipation and 16 for planning.

Baseline method details. We follow the shared baseline settings above. DER++ caches the output logits as distillation
targets and distills them on replayed samples. LwF distills output logits toward the teacher snapshot.
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Additional results.

Table 21. Anticipation forgetting. We report the final average forgetting F'r (%, |) of Top-5 recall for verb and noun prediction evaluated
on egocentric and exocentric videos under each training regime.

Method Train: Ego Train: Exo Train: Ego+Exo
Ego-V Ego-N Exo-V Exo-N Ego-V Ego-N Exo-V Exo-N Ego-V Ego-N Exo-V Exo-N

Joint - —_— —— —_ - - — — — —— I -
Fine-tuning ~ 2.8240.80 10.4140.20 2.49+0.31 10.55+0.55 5.79+0.76 8.36+0.28 4.4941.55 8.4lto.7a 5.76+0.50 8.61t0.26 4.6211.35 8.47+o0.51
ER 0.5940.23 2.30+0.60 1.17+0.6a 2.25t0.70 1.49t0.63 1.63t0.62 1.33t0.6s8 1.78+0.45 1.59+0.40 1.3310.60 0741050 1.1210.45
DER++ 019,635 1434055 0.4610.4s 1'75710.76 0881009 L1.044445 0981435 1.294¢57 0‘77910.40 0.531045 0.764¢35 0.621¢ 5,
EWC 3.0241.06 10.3410.58 2.8240.99 10.6410.83 5.6710.94 8471032 4.8211.31 8431063 5.641054 7.8510.20 3.88+1.65 7.7940.24
LwF 1414089 7.63+0.23 2.3610.54 7.83+0.45 3.6lto.28 7.0840.86 3.9110.61 7.04dt0.90 3.37+0.73 5.68+t0.91 3.6010.98 5.7610.50
L2P+ 1.9911.05 3.3042.14 2994071 3.73+1.03 2.0l10.00 3.0d440.02 2.2240.65 3.6141.05 2.1040.85 4.4441.00 2.83+1.25 4.8741.05

S-Prompt+ 0.3540.22 2.10+2.17 043,45, 2414250 1924113 1.8741.83 2974278 2.01t2.04 1.3440.65 1.4141.20 1.1441.02 1.5641.42
VISTA (ours) 0.07+0.05 0.76+0.53 0371022 0801059 0441017 0531045 0851096 0.621051 0331020 0461054 1.2410.93 04941057

Table 22. Planning forgetting. We report the final average forgetting Fr (%, |) computed on 1 — ED@S.

Method Train: Ego Train: Exo Train: Ego+Exo

Eval: Ego Eval: Exo Eval: Ego Eval: Exo Eval: Ego Eval: Exo

Joint — — — — — —

Fine—tuning 2.2610.09 3-71i0.90 0.5210.08 4-23i1.58 3.33+10.74 6.3041 40

ER 2.63+089  2.58+046  1.30x075 3401095  3.60r060  2.78+0.53
DER++ 1461043 177050 —0.04, 060 2161071  1.5910220  1.3911.47
EWC 4744061 0971005  1.79+031  3.39+165 4961038 4.1741.23
LwF 1711073 0861050  0.21i0s9 4123045  1.961100  2.7610.64
L2P+ 2614140 1.851063 2734104  3.2214002 3274212 5.704454
S-Prompt+ 0044005 0374019 160037 045456 1254045 L0240

VISTA (Olll'S) 0'53i1.15 0.36i1_03 '0'26i1.16 0-15i1.15 0.87i0_49 0.66i]_14

B.5. Backbone Variants

We further evaluate the same CE*L protocol with EgoVLPv2 (Pramanick et al., 2023) and VideoMAEvV2 (Wang et al.,
2023a) backbones. Tables 23 and 24 show that the relative behavior of CL methods and VISTA’s advantage are largely
preserved across backbone choices, suggesting that the findings are not artifacts of a single encoder.

Table 23. Additional results with EgoVLPv2 backbone. We Tuble 24. Additional results with VideoMAEv2 backbone. We
report the final average performance under the Ego+Exo setting. report the final average performance under the Ego+Exo setting.
Higher is better except planning ED@8 ().

. . — Method Skill Planning Anticipation
Method Skill Assoc. Planning Anticipation RAAN Ego Exo Ego-V Ego-N Exo-V Exo-N
RAAN E—X X—E Ego Exo Ego-V Ego-N Exo-V Exo-N K K

Fine-tuning 71.15 81.59 82.04 20.38 2624 20.35 22.69
Fine-tuning ~ 65.08 26.20 20.30 82.91 84.71 1647 20.81 16.62 18.61 ER 77.66 78.55 79.64 2634 3138 2720 26.81
L Ly g

++ R . . .. B K B N .

EWC 7020 3120 29.00 82.54 8226 17.62 21.65 1785 1923 EWC 7602 80.79 80.50 2126 28.18  22.29  24.07
LwF 69.05 3240 30.10 80.78 81.66 1871 2630 1896 2263 LWF 7796 7854 8118 23.05 3176 23.02 2833
L2P+ 76.66 31.00 29.10 81.70 81.89 1922 2321 1934 2022  L2P+ 79.88 7890 79.72 2249 2859 23.72 2430

S-Prompt+  77.36 32.60 28.40 81.81 81.15 19.86 2294 19.77 20.52  S-Prompt+ 80.01 79.61 80.77 23.39 2837 2331 25.00
VISTA (ours) 78.18 33.60 30.70 79.72 79.42 23.72 28.12 23.71 2594  VISTA (ours) 81.67 7836 78.31 27.87 32.12 28.84 27.83

C. Additional VISTA Analysis

C.1. Subspace Visualization

We quantify task-level geometry by comparing augmented whitened-subspace bases through principal-angle discrepancy.
Given two orthonormal bases B; € R%*" and B; € R%*"i, we compute the singular values {o,} of B;' B;, which satisfy
o¢ = cos 0y where {6} are the principal angles between the two subspaces. We then define the discrepancy

m

1
— E sin? 6y, m = min(r;, 1), (12)
m

=1
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Figure 9. Whitened-subspace distances across tasks. (a-¢) We visualize pairwise distances between task-specific subspaces (spanned by
B with ¢ = 32) used by the router (smaller distance means more similar) across 5 different scenarios.
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Figure 10. Whitened-subspace distances across tasks. (a-e) We visualize pairwise distances between task-specific subspaces (spanned
by B; with ¢ = 32) used by the router (smaller distance means more similar) across 5 different scenarios.

so that smaller D;; indicates more similar subspaces.

C.2. Routing and Adapter Mixture Ablations

Table 25 compares the whitened-subspace router with first-order and density-based alternatives. First-order methods are
strong on some short-clip cases but degrade when longer inputs and view-induced variance dominate; Gaussian Mixture
Model (GMM) and Mahalanobis modeling help in selected scenarios but remain less consistent overall. Table 26 compares
hard and soft adapter selection. Top-1 routing is sufficient for well-separated skill subspaces, while residual-weighted top-2
mixing is more reliable on harder benchmarks.

Table 25. Router comparison on CE*L. We report task-router accuracy (%, 1) using the same task-specific adapters and only changing
the routing rule. “Whitened” denotes applying the same variance normalization used by VISTA.

Router Skill Segmentation Association Planning Anticipation
kNN 88.50 55.95 57.96 44.56 54.94
Cosine 97.58 56.14 62.25 42.78 60.55
Whitened Cosine 98.31 57.14 70.96 42.78 61.15
GMM 88.06 64.29 59.25 44.81 54.23
Mahalanobis 88.78 65.00 62.88 50.63 53.58
Whitened Subspace (ours) 98.86 75.00 63.42 58.48 73.04

Table 26. Adapter mixture ablation across CE*L. We compare oracle routing, hard top-1 routing, unweighted top-2 averaging, and the
residual-weighted top-2 mixture used by VISTA. Higher is better except planning ED@8 ().

Mixture Rule Skill Segmentation Association Planning Anticipation

RAAN Ego Exo Ego—Exo Exo—Ego Ego Exo Ego-V Ego-N Exo-V Exo-N

Oracle 8042 4717 3323 4507 49.87 8235 81.04 3535 2257 3545 2370
Top-1 79.62 4270 2774 41.50 38.10 8385 8272 3468 20.81 3237 2080
Top-2 Avg. 76.05 42.15 3091  40.50 3755 8396 81.14 3282 1510 3113 1530
Top-2 Mix (ours) ~ 80.38 4535 3141  44.74 3829 8281 80.74 3523 2523 3277 2601

C.3. Computational Efficiency

All of our experiments are implemented using PyTorch on Ubuntu 22.04 LTS. The hardware environment consists of
an Intel Xeon Gold 6530 CPUand 8 NVIDIA GeForce RTX 5090 GPUs. Notably, our proposed framework
is efficient enough that each run requires only a single GPU for both training and inference. In the largest current VISTA
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Table 27. Evaluation of computational efficiency on continual
skill assessment benchmark. We report the number of trainable
and total parameters in millions, storage cost in million floats, and
average computation time cost in millisecond per training batch.

Table 28. Evaluation of efficiency on continual temporal action
segmentation benchmark. We report the number of trainable
and total parameters in millions, storage cost in million floats, and
average computation time cost in millisecond per training batch.

Method Trainable (M) Total (M) Storage (M) Time (ms)

Method Trainable (M) Total (M) Storage (M) Time (ms)

Fine-tuning 1.84 1.84 0.00 32.7
ER 1.84 1.84 28.10 47.7
DER++ 1.84 1.84 28.10 49.6
EWC 1.84 1.84 3.68 126.8
LwF 1.84 1.84 1.84 71.9
L2P+ 2.38 2.38 0.00 67.6
S-Prompt+ 2.38 2.38 0.00 31.2
VISTA 2.38 2.38 0.04 34.7

Fine-tuning 0.74 0.74 0.00 395.0
ER 0.74 0.74 213.81 392.0
DER++ 0.74 0.74 219.50 364.4
EWC 0.74 0.74 1.48 1166.4
LwF 0.74 0.74 0.74 535.8
L2P+ 1.28 1.28 0.00 731.9
S-Prompt+ 1.28 1.28 0.00 359.7
VISTA 1.28 1.28 0.04 357.2

Table 29. Evaluation of computational efficiency on the continual
action planning benchmark. We report the number of trainable
and total parameters in millions, storage cost in million floats, and
average computation time cost in millisecond per training batch.

Table 30. Evaluation of computational efficiency on continual
action anticipation benchmark. We report the number of trainable
and total parameters in millions, storage cost in million floats, and
average computation time cost in millisecond per training batch.

Method Trainable (M) Total (M) Storage (M) Time (ms)

Method Trainable (M) Total (M) Storage (M) Time (ms)

Fine-tuning 3.39 3.39 0.00 16.0
ER 3.39 3.39 6.97 91.5
DER++ 3.39 3.39 7.02 148.5
EWC 3.39 3.39 6.78 54.9
LwF 3.39 3.39 3.39 38.6
L2P+ 3.79 3.79 0.00 58.4
S-Prompt+ 3.79 3.79 0.00 25.0
VISTA 3.79 3.79 0.03 28.5

Fine-tuning 3.24 3.24 0.00 19.3
ER 3.24 3.24 148.73 123.6
DER++ 3.24 3.24 149.46 169.0
EWC 3.24 3.24 6.47 83.4
LwF 3.24 3.24 3.24 29.8
L2P+ 4.05 4.05 0.00 37.7
S-Prompt+ 4.04 4.04 0.00 26.2
VISTA 4.04 4.04 0.03 19.9

setting, skill assessment uses C' = d = 1024, r = 64, and ¢ = 32, corresponding to about 0.17M scalars per task (=0.68

MB in fp32). This is far smaller than replay storage such as
and 148.73M scalars respectively (Tables 27 and 30).

D. Additional Generality Analysis

Beyond CE*L, we include two supplementary evaluations to

ER on skill assessment and anticipation, which stores 56.20M

investigate the applicability of VISTA. VISTA-Prompt replaces

adapters with prompts on general CL image benchmarks under online blurry-boundary settings (Moon et al., 2023; Kang

et al., 2025; Sun et al., 2026; Yan et al., 2026); results are

shown in Table 31. We also report continual VLA results on

LIBERO-10 (Liu et al., 2023; Romer et al., 2026) in Table 32, connecting the same design to embodied decision-making
tasks. These experiments are not part of the main CE*L benchmark, but they indicate that the routing principle is applicable

beyond continual multi-view video perception.

Table 31. VISTA-Prompt on general continual learning benchm

arks. We re-  Table 32. Continual LIBERO-10 performance. We

place adapters with prompts and evaluate under online blurry-boundary settings.  report success-rate AUC, forward transfer (FWT), and
Aauc denotes anytime accuracy AUC and Aj,s¢ denotes final average accuracy. negative backward transfer (NBT). The model uses

The backbone is ViT-B/16 pretrained on ImageNet-21K.

DINOV2, CLIP text features, and DiT flow matching,
pretrained on LIBERO-90. We follow the standard

CIFAR-100 ImageNet-R CUB-200 pipeline of previous work (Romer et al., 2026).
Method
AAUC Alast AAUC Alast AAUC Alast Method AUC (T) FWT (T) NBT (sL)

L2P 76.23  79.11 4440 4203 6430 6142 SeqFFT 22.37 76.13 74.70
DualPrompt 76.04 76.62 46.13 40.80 65.03 6243 SeqLoRA 21.37 73.10 71.64
CODA-Prompt 79.13 8091 51.87 48.09 66.01 62.90 PackNet 4.84 37.20 41.34
MISA 80.35 80.75 51.52 4508 6540 60.20 ER 60.54 76.60 22.74
HiDe-Prompt 77.10 81.77 5377 49.87 67.05 67.12 CLARE 74.07 74.27 0.18
VISTA-Prompt (ours) 81.10 83.52 54.50 5247 65.03 64.72 VISTA (ours) 74.92 74.17 -0.39
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CEA4L: Continual Ego, Exo, and Ego-Exo Learning

D.1. Pseudo Code

Algorithm 1 VISTA: Video Incremental Subspace-routed Task Adapters

1: Inputs: task stream {Dt}thl, backbone fy, shared head gy, subspace rank ¢, € = 109, ~v=10.0, top-K=2.
2:

3: (1) Continual training and router fitting
4: Initialize seen task set S < ()

5. fort =1to T do

6:  Train the current task adapter parameters ¢, on D, (freeze fy; freeze gy, after task 1).
7. S+ SU{t}

8:  Collect routing vectors {r, }2*, < {r(fo(z)) : € D;}.

9

t 1 Ny
Tn, VAt < 37 2 p=1"n Orp — e © .

; ; . 1
Compute mean and diagonal variance: pi; <— ~ Yoo

10:  Whitening weights: w; < y/var; + €.

11:  Centered whitened residuals: z, < (r, — ) © wy.
. ; . 1 N T

12 Covariance: ¢ <= 57 2., ZnZp -

13:  Top-q eigenvectors: Uy < eig, (¥;) € R4*9.

14:  Whitened mean direction: my; « &%t
[t Owe |2

15:  Augmented basis: B; < QR([m; Uy]) € R4x(a+1)
16: end for

18: (2) Task-agnostic inference
19: for test input v do

20:  x <+ fo(v); 1+ r(x).
21: foreacht € S do

22: ’Ft —r© wy.
: eer 7el3+e -
24:  end for

25:  py(r) + softmax(—~e(r)).

26:  Select top-K =2 tasks {t,}7_, with largest p;(r) and normalize {7}
27:  Adapter mixture: & < Z?Il T ag,, ().

28:  Prediction: § <+ gy (Z).

29: end for
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