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Abstract

Action Quality Assessment (AQA) aims to score how well
an action is performed and is widely used in sports analy-
sis, rehabilitation assessment, and human skill evaluation.
Multi-modal AQA has recently achieved strong progress
by leveraging complementary visual and kinematic cues,
yet real-world deployments often suffer from non-stationary
modality imbalance, where certain modalities become miss-
ing or intermittently available due to sensor failures or an-
notation gaps. Existing continual AQA methods overlook
this issue and assume that all modalities remain complete
and stable throughout training, which restricts their prac-
ticality. To address this challenge, we introduce Bridged
Modality Adaptation (BriMA), an innovative approach to
multi-modal continual AQA under modality-missing con-
ditions. BriMA consists of a memory-guided bridging im-
putation module that reconstructs missing modalities using
both task-agnostic and task-specific representations, and a
modality-aware replay mechanism that prioritizes informa-
tive samples based on modality distortion and distribution
drift. Experiments on three representative multi-modal AQA
datasets (RG, Fis-V, and FS1000) show that BriMA con-
sistently improves performance under different modality-
missing conditions, achieving 6—-8% higher correlation and
12—15% lower error on average. These results demonstrate
a step toward robust multi-modal AQA systems under real-
world deployment constraints. Our code is available at
https://github.com/ZhouKanglei/BriMA.

1. Introduction

Action Quality Assessment (AQA) [11, 12, 31, 36, 40, 64]
aims to measure how well an action is performed, support-
ing applications in sports analysis [50, 51], rehabilitation as-
sessment [3, 63], and skill evaluation [14, 27]. With the rise
of multi-modal sensing, recent AQA models [43, 45, 46, 49]
increasingly combine visual and other cues such as audio
and motion flow, achieving notable progress in accuracy.
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Figure 1. Our motivation: non-stationary modality imbalance (a)
significantly challenges continual AQA performance (b).

However, real-world AQA rarely operates under fully reli-
able sensing conditions [20, 42, 58]. Cameras drop frames,
sensors degrade over time, annotations are often missing,
etc., leading to non-stationary modality imbalance, where
modality availability varies over time (see Fig. 1(a)). This
phenomenon naturally arises in practical AQA workflows
and poses a significant obstacle to stable scoring.

Despite its practical prevalence, our empirical study re-
veals that current AQA efforts fail under such changing
modality availability. Multi-modal AQA methods [45, 46]
assume fully observed inputs and therefore suffer noticeable
failures once modalities become missing (supported by the
performance decline in Fig. 1(b) and Appendix Fig. S1).
Meanwhile, continual AQA approaches [6, 22, 66] miti-
gate task-level forgetting but also rely on complete and sta-
ble modalities during training, resulting in notable degra-
dation under evolving modality imbalance (see the subopti-
mal performance of Fs-Aug [22] and MAGR [66] in Tabs. 1
to 3). These failures show that non-stationary modality im-
balance is not a single missing-data issue. In AQA, modal-
ity changes reshape both the feature space and its tempo-
ral dynamics, forcing the model to cope with simultaneous
input sparsity and shifting task distributions. This interac-
tion destabilizes representation learning and amplifies for-
getting, ultimately degrading scoring reliability.

The inherent complexity of AQA makes this problem
fundamentally different from related challenges in recog-
nition or general multi-modal learning [39, 41, 70]. AQA
requires fine-grained score reasoning, where subtle tempo-
ral cues directly determine the score [45, 46]. This tight
coupling between modalities and score semantics breaks the
assumptions underlying standard completion techniques.
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Simple imputation [42] introduces bias, retrieval-based re-
construction [19, 41] pulls mismatched contexts, and gen-
erative synthesis [9, 26] fails to preserve score-critical ge-
ometry under limited supervision. While these methods can
restore missing modalities at the representation level, they
distort the scoring manifold and undermine the ranking con-
sistency essential for AQA. Consequently, directly applying
these techniques to multi-modal continual AQA yields only
suboptimal performance (see Tab. 5 and Fig. 5), highlight-
ing the need for a tailored solution that explicitly respects
the score-sensitive nature of this task.

To address these challenges, we propose Bridged
Modality Adaptation (BriMA), an innovative approach
to handling evolving modality imbalance and distribution
shifts in multi-modal continual AQA. Our core idea is to
construct a stable bridging space that aligns missing modal-
ities with shared task structure and memory, enabling re-
liable modality completion and drift-aware adaptation that
existing imputation, retrieval, and generative strategies can-
not provide. BriMA is instantiated with two components.
The first is a memory-guided bridging module that retrieves
structurally aligned exemplars from past tasks and predicts
only a minimal residual correction instead of full-feature
synthesis, ensuring stable and score-faithful modality com-
pletion. The second is a modality-aware replay module that
maintains a curated buffer of representative samples with re-
liable modalities and balanced score coverage, and dynam-
ically prioritizes replay by modality distortion and score
drift, effectively counteracting distribution shifts over time.

Experiments on three representative multi-modal AQA
datasets (RG [57], Fis-V [30], and FS1000 [43]) show
that BriMA consistently improves scoring accuracy and
mitigates forgetting under heterogeneous and incomplete
modality conditions. On average, it boosts rank correlation
by 6.1%, 8.3%, and 1.4%; reduces error by 12.7%, 15.3%,
and 6.4%; and lowers relative error by 13.9%, 14.1%, and
5.2% on the three datasets, establishing a strong baseline for
multi-modal continual AQA under realistic scenarios.

Our contributions can be summarized as follows:
¢ We identify non-stationary modality imbalance in multi-

modal continual AQA and show its practical significance.
* We propose BriMA, consisting of memory-guided bridg-
ing imputation and modality-aware replay to stabilize
modality completion and mitigate distribution shifts.
» Extensive experiments on RG, Fis-V, and FS1000 show
consistent gains in correlation and error, establishing a
strong baseline for this realistic setting.

2. Related Work

Action Quality Assessment (AQA) [28-30, 47, 52, 65, 69]
aims to automatically evaluate how well an action is per-
formed and has been widely applied in sports scoring [1,
25], skill assessment [7, 27], and rehabilitation [3, 21, 63].

Existing efforts evolve from hand-crafted representations to
deep video models based on CNNs [44], RNNs [16], 3D
ConvNets [44, 62], and Transformers [2], as well as ranking
and contrastive supervision [17]. Despite these advances,
AQA remains challenging due to its fine-grained, score-
sensitive nature, and large variations across action types
[50, 51, 64]. Recent studies demonstrate that multi-modal
cues such as pose [8, 13, 32], flow [56], audio [43, 46],
or gaze [14] can significantly enhance AQA. Fusion and
alignment strategies, including cross-attention, graph mod-
eling [45, 48], and correlation-based alignment, have been
proposed to leverage complementary information. How-
ever, real-world AQA data often exhibit modality imbal-
ance, missing-modality cases, and inconsistent modality
quality, whereas existing multi-modal AQA methods gen-
erally assume complete and synchronized inputs [64]. Al-
though some studies [6, 22, 66] adopt continual learning
techniques to mitigate task-wise non-stationarity, they are
limited to single-modality settings and do not address the
additional challenges introduced by modality heterogeneity
with missing modalities in real-world scenarios.

Continual Learning (CL) [37-39] seeks to incremen-
tally learn new tasks without forgetting previously learned
knowledge. Prior work spans regularization-based [18, 59],
replay-based [4, 34, 54], and architecture-based [35, 37]
methods. Although effective on classification benchmarks,
these methods struggle with the fine-grained regression,
heterogeneous distributions, and modality inconsistencies
inherent to AQA. Existing multi-modal CL methods [15,
24, 61] do not address modality imbalance issues, leaving
multi-modal continual AQA largely unexplored.
Incomplete Multi-Modal Learning [42, 70] deals with
scenarios where one or more modalities are missing dur-
ing training or inference. Existing efforts typically rely
on simple imputation strategies such as zero-filling, feature
masking, or hallucination networks that reconstruct missing
modalities from available ones. More advanced methods
[19, 20, 53, 58] employ cross-modal alignment or shared
latent spaces to mitigate modality gaps, yet these methods
assume stationary data distributions and consistent cross-
modal relationships. In contrast, our approach addresses in-
complete multi-modal learning in a continual setting, where
modality availability evolves across tasks and distribution
shifts amplify modality imbalance.

3. Problem Definition and Notations

We define the multi-modal continual AQA setting with non-
stationary modality imbalance and introduce the notations.
Multi-Modal AQA. Traditional multi-modal AQA meth-
ods [43, 45, 46] operate under a fully observed multi-
modality setting. An action instance is represented by M
heterogeneous modalities {z!, ..., 2} with an associated
score y € R. Each modality " is encoded as a feature vec-
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Figure 2. Overview of BriMA. At each session, incomplete multi-modal inputs are encoded and completed via memory-guided bridging
imputation (see Sec. 4.2), then scored by the AQA model. The modality-aware replay optimization (see Sec. 4.3) selects and updates
representative prototypes in the memory bank to maintain consistency in continual adaptation across tasks.

tor z™ = E™ (™), and the AQA model f jointly performs
feature fusion and score prediction as § = f(z!,...,2M).
Continual AQA. Existing continual AQA methods [6, 22,
66] consider a sequence of tasks {77, ..., 77}, where each
task 7; provides samples for score prediction. The model
updates its parameters ¢ using only data from the current
task, while being required to retain performance on all pre-
viously learned tasks. A standard formulation is

(1

Helin Licore + Amem Lmem
f

where Lgcore is typically a mean-squared error loss on the
current task, and Ly, (see Eq. (10)) leverages a memory
buffer 3;_ to regularize updates and mitigate forgetting.
Non-Stationary Modality Imbalance. The above formu-
lations assume that all modalities remain fully observed
across tasks, which rarely holds in real-world AQA. For a
sample (4,t) at task ¢, only a subset of modalities O, ;, C
{1,..., M} may be available, while the remaining M, ; =
{1,...,M}\ O, are missing due to sensor failures or an-
notation gaps. Whenm € M, ;, the modality input =", and
its feature 2"} are absent, altering both the input structure
and the underlying data distribution. As the missing pattern
M, + evolves over tasks, the model must cope with simulta-
neous input sparsity and temporal distribution drift, posing
a modality-driven CL challenge that existing multi-modal
and continual AQA methods cannot handle.

Multi-Modal Continual AQA. We consider multi-modal
continual AQA under non-stationary modality imbal-
ance, where each task 7; provides samples D,
{{z] tmeos s yi0)}Nt, with only a subset of modali-
ties O, ; observed and the rest M, ; missing. Observable
modalities are encoded as z{", = E™(x];), while missing
ones require reconstructed features z;";. Compared with
continual AQA, multi-modal continual AQA additionally

learns both the scoring parameters 6y and the reconstruc-
tion parameters 6,, which are jointly optimized to produce
accurate score predictions while maintaining cross-task sta-
bility. This leads to the optimization objective

min Lgcore + Amem Lmem + Arec Lrec
fYg
where Lyeore and Ly follow Eq. (1), and L. (see Eq. (7))
enforces feature-level reconstruction for missing modali-
ties. Unlike raw-data imputation, we store and reconstruct
lightweight feature embeddings for efficiency and privacy.

@

4. BriMA: Bridged Modality Adaptation

We propose Bridged Modality Adaptation (BriMA) for
multi-modal continual AQA under practical modality im-
balance, outlining its core idea and two main components.

4.1. Core Idea and Framework Overview

Challenges. Multi-modal continual AQA is challenging be-
cause evolving modality availability reshapes the feature
space, while score prediction is highly sensitive to these
shifts, leading to representation drift that interacts with con-
tinual forgetting. Existing strategies fall short: simple im-
putation [42] amplifies noise in score estimation, retrieval-
based completion [19, 41] often pulls mismatched scoring
contexts that disrupt representation alignment, and gener-
ative synthesis [9, 26] cannot maintain score fidelity under
limited supervision common in AQA. These errors accumu-
late across tasks and interact with CL dynamics, making it
difficult to jointly achieve accurate scoring in Eq. (2).

Core Idea. BriMA introduces a stable bridging space that
anchors incomplete modalities to shared task structure and
cross-task memory. By reconstructing missing features
through exemplar-aligned residuals and reinforcing tempo-
ral consistency via modality-aware replay, BriMA produces
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robust, drift-resistant scoring. Grounding completion in this
structured space avoids the noise of imputation and the in-
stability of generative synthesis, preventing error accumu-
lation and maintaining reliable performance across tasks.
Framework Overview. The framework of BriMA is il-
lustrated in Fig. 2. At session ¢, observed modalities pro-
duce features 2], = E™(x]), while missing modalities
M, require reconstructed features z;;. The Memory-
guided Bridging Imputation (MBI) module (see Sec. 4.2)
generates these reconstructed features by retrieving struc-
turally aligned exemplars from the memory B;_; and pre-
dicting a residual correction that anchors each modality to
a stable, task-consistent bridging space. The scoring model
f then performs multi-modal fusion and prediction jointly
as Jir = f({2li}meo; s {2 }mem,,). To maintain
temporal stability, the Modality-aware Replay Optimization
(MRO) module (see Sec. 4.3) selects informative samples
from B;_1 based on modality distortion and score drift, re-
playing them to counteract distribution shift and forgetting.
After learning on task ¢, representative and reliable samples
are updated into the memory. A complete description of the
training pipeline is given in Appendix Algorithm 1.

4.2. MBI: Memory-Guided Bridging Imputation

Design Idea. MBI targets the core difficulty of modal-
ity absence in multi-modal continual AQA, where direct
imputation [42, 58] amplifies noise, retrieval-based filling
[19, 41] retrieves mismatched scoring contexts, and gener-
ative synthesis [9, 26] is unreliable under limited supervi-
sion. To overcome these limitations, MBI constructs a task-
consistent bridging space that anchors incomplete inputs to
stable cross-task structure. It operates in three steps: (1) re-
trieve structurally aligned exemplars from memory, (2) esti-
mate a residual correction rather than full-feature synthesis,
and (3) combine task-specific cues to regularize reconstruc-
tion. This design yields noise-resistant and score-preserving
modality completion suitable for continual adaptation.
Candidate Selection. For each missing modality m &
M; ¢, MBI retrieves a set of K exemplar features {27}/,
from the memory buffer B;_1, where ¢’ < ¢ indexes pre-
vious continual sessions. Retrieval is performed by com-
puting the cosine similarity between the current observed
representation zf?t and stored cross-modal embeddings:

<z7,ot3 ]t’>

t/
1251111

55 {]t/}] 1= TOPKj(Sj,t/)- (3)

)

]t’H

This selects semantically aligned exemplars from earlier
tasks, ensuring that modality reconstruction is anchored to
contextually consistent cross-modal structure.

Task Indicator. We introduce a task indicator to specify
which modalities are missing and to provide lightweight
task-specific conditioning for the bridging network. In this

study, we follow the standard assumption that the missing-
modality set M, ; is known during training, so no detector
needs to be learned. Accordingly, we define a binary mask

rip € {0, 1}, =1[m € M, ], )

and use it to select a task-speciﬁc embedding p;* from a
learnable pool P = {p}, ..., p; M1 The conditioning vector

= MLP([p{"]) &)

modulates the bridging network for modality m, ensuring
that reconstruction remains consistent with the task domain
under evolving modality imbalance.

Imputation Bridge. Given the retrieved exemplar set
{z;.“’t,}f:1 with similarity scores {s, }, we compute nor-
malized exemplar weights w; = softmax(s; ) and form
an initial estimate 2, = Zszl wj 27, Conditioned on
zZOt and the task-specific vector ¢, the bridging network
learns a residual refinement:

Az, = Bo(z ”,szt, c'), Z =z + Az (6)

The reconstruction loss enforces alignment between recon-
structed and ground-truth features:

2712, @)

where the weighted exemplar prior offers a well-justified
starting point and the residual correction adapts to task-
dependent modality shifts, yielding semantically consistent
imputation under non-stationary modality imbalance.

4.3. MRO: Modality-Aware Replay Optimization

Design Idea. MRO is designed to address the combined
challenges of catastrophic forgetting and evolving modal-
ity imbalance in continual AQA. Unlike uniform replay
[22, 66], which indiscriminately reuses all stored sam-
ples and propagates noisy or distorted modalities, MRO
performs reliability-aware replay by (1) maintaining a
clean, modality-balanced memory, (2) selecting past sam-
ples based on modality distortion and score drift, and (3)
prioritizing those most critical for stabilizing prediction un-
der shifting modality availability. This strategy ensures
that only informative exemplars contribute to updating the
model, resulting in more stable cross-task scoring.

Sample Selection. After completing task 7;, we construct
a compact and reliable memory buffer B; for future re-
play. All training samples are first ranked by their predicted
scores ¥; ; and partitioned into () quantile bins. From each
bin, we aim to uniformly select instances that satisfy the
modality-completeness constraint:

Lrec = ||z1 t

M
By ={(@is,yir) |1 €S, Z 1[m € M;4] =0}, (8)

m=1
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Table 1. Performance comparison on the RG dataset. Bold values indicate the best results. Joint Training (JT) and Sequential Training

(ST) denote the upper and lower bounds, while

and

methods represent different CL strategies. 1: higher is

better; J: lower is better. Average SRCC is computed using Fisher-z transformation.

SRCC (1) MSE () RL2 ()
Method Publisher
Ball Clubs Hoop Ribbon Avg. Ball Clubs Hoop Ribbon Avg. Ball Clubs Hoop Ribbon Avg.
JT-MLAVLI[46] CVPR’25 0.826 0.829 0.871 0.866 0.849 5.57 4.20 4.11 3.99 447 N/A N/A N/A N/A N/A
Modality Missing Rate 8 = 10%
ST-MLAVL [46] CVPR’25 0480 0.575 0.659 0.664 0599 14.34 9.19 7.26 8.98 9.94 3829 4311 2734 3.358 3.558
SI[59] ICML’17 0481 0597 0.605 0.685 0.597 14.61 8.70 8.63 8.74 10.17 3.903 4.083 3249 3.271 3.626
EWC [18] PNAS’17 0524 0.594 0.597 0.692 0.605 13.35 941 9.16 9.11 10.26  3.565 4.415 3.448 3.409 3.709
LwF [23] TPAMI'17 0484 0468 0.542 0.664 0545 1643 1036 1649 8.17 12.86 4387 4.861 6.206 3.056  4.628
MER [34] ICLR’19 0.594 0.773 0.704  0.786 0.722 8.33 6.06 8.22 5.00 6.77 2223 2.843 3.093 1.870 2473
DER++ [4] NeurIPS’20 0.543 0.605 0.727 0.753 0.665 12.92 8.29 9.86 7.31 9.60 3.451 3.800 3.712 2.736 3.447
NC-FSCIL [54] ICLR’23 0457 0.620 0.664  0.731 0.628 14.10 9.06 7.70 9.40 10.06 3.766 4248 2.899 3.515 3.607
SLCA [60] ICCV’23 0467 0.569 0.695 0.744 0.631 18.52 831 2385 8.52 14.80 4946 3.898 8976 3.186  5.251
Fs-Aug [22] TCSVT24 0463 0.585 0.703 0.703 0.623  14.89 8.46 12.56 8.51 11.10 3976 3.970 4.728 3.182 3.964
MAGR [66] ECCV’24 0460 0.606 0.672 0.720 0.623 13.85 8.52 9.23 8.32 998 37700 3.996 3475 3.113 3.571
ASAL [67] TVCG’25 0552 0.629 0.693 0.678 0.641 13.37 10.02 9.30 8.35 10.26  3.571 4.699 3.501 3.123 3.724
BriMA (Ours) - 0.648 0.788 0.710 0.836 0.746 8.65 4.88 712 4.39 6.26 2310 2291 2.681 1.641 2.231
Modality Missing Rate 3 = 25%
ST-MLAVL [46] CVPR’25 0406 0.576 0549 0.674 0558 16.89 8.42 9.39 9.15 1096 4512 3949 3.536 3.423 3.855
SI[59] ICML'17 0409 0.589 0.584 0.649 0.564 17.18 8.65 7.81 9.33 10.74 4.587 4.057 2.940 3.489 3.769
EWC [18] PNAS’17 0379 0.580 0.638 0.652 0.571 16.85 9.13 8.91 9.60 11.12 4499 4284 3354 3.592 3.932
LwF [23] TPAMI'17 0.448 0.586 0.487 0.642 0.545 13.55 7.55 9.98 9.05 10.03 3.618 3.541 3.757 3.384 3.575
MER [34] ICLR’19 0.527 0.766 0.519 0.761 0.660 9.39 7.10 13.36 5.29 879 2509 3329 5.028 1.980 3212
DER++ [4] NeurIPS’20 0.528 0.574 0.683 0.739 0.639 14.97 833 10.94 791 10.54 3999 3910 4.119 2.958 3.746
NC-FSCIL [54] ICLR’23 0422 0.608 0.615 0.721 0.601 15.04 8.85 9.87 9.07 10.71  4.016 4.150 3.717 3.394 3.819
SLCA [60] ICCV’23  0.397 0551 0.720 0.715 0.612 18.92 8.44 2482 9.30 15.37 5.054 3962 9.343 3480  5.460
Fs-Aug [22] TCSVT24 0472 0565 0.607 0.699 0.592 17.04 8.56 16.65 9.23 12.87 4551 4.016 6.268 3.453 4.572
MAGR [66] ECCV’24 0.364 0.542 0.589 0.695 0.558 15.11 8.63 1193 8.39 11.02  4.035 4.051 4.490 3.140 3.929
ASAL [67] TVCG’25 0505 0.609 0.676  0.682 0.623 1436 10.15 1031 8.24 10.77 3.835 4.762 3.880 3.084 3.890
BriMA (Ours) - 0592 0771 0522 0.794  0.686 9.43 6.10 10.11 4.92 7.64 2519 2.860 3.806 1.841 2.757
Modality Missing Rate 3 = 50%
ST-MLAVL [46] CVPR’25 0.142 0436 0444 0.613 0422 2342 8.67 1221 10.08 13.59 6.255 4.067 4.595 3.770  4.672
SI[59] ICML'17 0.163 0.441 0.463 0.622 0436 23.39 8.69 9.31 10.30 1292 6.248 4.078 3.503 3.854 4421
EWC [18] PNAS’17 0.046 0410 0.370  0.528 0.349 25.13 895 12.72 12.47 14.82 6.712 4201 4786 4.664 5.091
LwF [23] TPAMI'17 0.136 0.227 0.310 0.628 0.342  24.18 14.04 12091 9.02 15.04 6458 6.584 4.858 3.373 5.318
MER [34] ICLR’19 0499 0.752 0.389 0.662 0.594 10.55 531 15.15 8.69 992 2818 2493 5.701 3.249 3.565
DER++ [4] NeurIPS’20 0.225 0510 0.467 0.571 0452  19.68 874 11.32 9.73 12.37 5257 4.100 4.262 3.639 4.315
NC-FSCIL [54] ICLR’23  0.226 0.561 0.499 0.625 0.490 19.37 944 1241 11.24 13.11  5.172 4428 4.669 4205 4.619
SLCA [60] ICCV’23  0.198 0.508 0.406  0.658 0458 21.03 8.52 2452 9.72 1595 5618 3.997 9.230 3.637 5.620
Fs-Aug [22] TCSVT’24 0.216 0508 0.535  0.651 0.492  20.09 895 17.78 9.84 14.17 5366 4.199 6.692 3.680 4.984
MAGR [66] ECCV’24 0210 0.520 0.423 0.668 0471 1645 8.64 1299 9.92 12.00 4393 4.054 4.888 3.712 4.262
ASAL [67] TVCG’25 0305 0.543 0.544 0531 0486 17.30 10.23  10.90 10.34 12.19  4.620 4.801 4.104 3.868 4.348
BriMA (Ours) - 0569 0.739 0.583 0.716 0.659 9.77 513 10.85 6.99 8.18 2.609 2407 4.085 2.614 2928

where S; denotes selected indices across bins. Suppose a
bin contains no samples satisfying the constraint, we itera-
tively re-rank the unselected samples, re-partition them, and
repeat the selection until the buffer is filled.

Replay Prioritization. When learning the next task 7;41,
replay samples are prioritized according to their vulnera-
bility to continual drift. We compute (i) the modality dis-
tortion d; = |2} — 274||3 and (ii) the score drift Ay; =
[ (L2 — oy (£231)
scoring-network parameters before and after learning 7;1.
Each sample’s priority is defined as

, where 6% and 9}“ denote the
¢ = ad; + (1 —a) Ay,

€))

where « controls the trade-off between modality discrep-
ancy and scoring stability. Samples with larger ¢; are re-

played more frequently, enabling targeted correction for in-
stances most susceptible to drift.

Score Consistency. To further stabilize continual adapta-
tion, we regularize the scoring network against its previous
snapshot on stored memory features. Given a replay exem-
plar with multi-modality embeddings {2]"; }, the loss is

Lnem = Bics, ||| £y (1201 = fo; (=3DI5)- - 10)

This term penalizes temporal prediction drift and comple-
ments prioritized replay, yielding a more stable continual
AQA process under evolving modality imbalance.

S. Experiments

In this section, we present the main results and analyses.
Additional results and analyses are provided in Appendix.
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Table 2. Performance comparison on the Fis-V dataset.

SRCC (1) MSE (}) RL2 (})
PCS TES Avg. PCS TES Avg. PCS TES Avg.
JI-MLAVL[46] CVPR’25 0.863 0.766 0.823 7.17 19.44 1331 N/A N/A N/A

Method  Publisk

Table 3. Performance comparison on the FS1000 dataset. Sub-
score results are shown in Appendix Tab. S2.

SRCC (1) MSE (}) RL2(})
10% 25% 50% 10% 25% 50% 10% 25% 50%

Method  Publist

Modality Missing Rate 3 = 10%

JT-MLAVL[46] CVPR’25 090 N/A N/A 1039 N/A N/A N/A NA NA

ST-MLAVL [46] CVPR’25 0.648 0.566 0.609 17.03 33.31 25.17 2.721 2.795 2.758
SI[59] ICML’17 0.630 0.556 0.594 16.81 28.77 22.79 2.685 2.414 2.550
EWC[18] PNAS’17 0.584 0.551 0.568 18.36 33.43 25.89 2.933 2.805 2.869
LwF [23] TPAMI’17 0.369 0.165 0.270 25.43 52.97 39.20 4.062 4.446 4.254
MER [34] ICLR’19 0.624 0.416 0.528 19.86 43.13 31.50 3.173 3.620 3.396
DER++ [4] NeurIPS’20 0.682 0.539 0.616 14.05 33.56 23.81 2.244 2.816 2.530
NC-FSCIL [54] ICLR’23 0.702 0.540 0.628 15.34 30.08 22.71 2.451 2.524 2.487
SLCA [60] ICCV’23 0.671 0.501 0.592 24.25 36.53 30.39 3.874 3.066 3.470
Fs-Aug [22] TCSVT’24 0.664 0.514 0.594 14.65 36.34 25.50 2.341 3.049 2.695
MAGR [66] ECCV’24 0.717 0.488 0.615 17.39 38.18 27.79 2.778 3.204 2.991
ASAL [67] TVCG’25 0.695 0.457 0.589 14.53 39.12 26.83 2.322 3.283 2.802
BriMA (Ours) — 0.705 0.594 0.653 13.60 25.78 19.69 2.173 2.164 2.168

ST-MLAVL [46] CVPR’25 0.728 0.724 0.665 32.56 3547 54.24 1.592 1.645 2.012
SI[59] ICML’17 0.719 0.725 0.656 36.77 39.83 46.74 1.650 1.631 1.932

EWC [18] PNAS’17 0.716 0.710 0.635 54.97 56.58 58.06 2.150 2.041 2.354
LwF [23] TPAMI'17 0.699 0.626 0.583 35.19 34.67 45.76 1.726 2.271 2.625
MER [34] ICLR’19 0.739 0.710 0.627 29.95 32.58 39.40 1.758 1.818 2.596
DER++ [4] NeurIPS’20 0.755 0.733 0.668 31.23 41.45 46.17 1.513 1.623 2.003
NC-FSCIL [54] ICLR’23 0.746 0.728 0.659 32.62 38.59 49.92 1.493 1.643 2.011
SLCA [60]  ICCV’23 0.740 0.719 0.675 53.75 58.41 59.01 2.109 2.133 2.036
Fs-Aug [22] TCSVT’24 0.741 0.725 0.677 34.81 38.38 47.98 1.637 1.711 1.999
MAGR [66] ECCV’24 0.730 0.711 0.658 32.75 39.53 42.62 1.609 1.681 2.067
ASAL [67] TVCG’25 0.739 0.724 0.666 29.90 35.61 38.75 1.623 1.667 1.923
BriMA (Ours) — 0.756 0.740 0.698 33.35 31.35 35.29 1.441 1.572 1.823

Modality Missing Rate 3 = 25%

ST-MLAVL [46] CVPR’25 0.622 0.572 0.598 17.98 30.11 24.05 2.873 2.527 2.700
SI[59] ICML’17 0.594 0.544 0.569 18.30 31.37 24.83 2.924 2.632 2.778
EWC[18] PNAS’17 0.625 0.573 0.599 17.69 30.90 24.29 2.826 2.593 2.709
LwF [23] TPAMI'17 0.216 0.136 0.177 33.66 53.09 43.37 5.377 4.455 4.916
MER [34] ICLR’19 0.545 0.459 0.503 21.57 38.43 30.00 3.446 3.225 3.336
DER++ [4] NeurIPS’20 0.649 0.537 0.596 16.85 36.47 26.66 2.691 3.060 2.876
NC-FSCIL [54] ICLR’23 0.617 0.576 0.597 18.58 31.96 25.27 2.968 2.682 2.825
SLCA [60] ICCV’23 0.597 0.569 0.583 20.93 41.93 31.43 3.344 3.519 3.431
Fs-Aug [22] TCSVT’24 0.649 0.551 0.602 21.61 35.30 28.45 3.451 2.962 3.207
MAGR [66] ECCV’24 0.667 0.513 0.596 16.04 33.30 24.67 2.563 2.795 2.679
ASAL [67] TVCG’25 0.664 0.519 0.596 20.24 36.20 28.22 3.233 3.037 3.135
BriMA (Ours) — 0.688 0.632 0.661 15.37 26.94 21.15 2.455 2.261 2.358

Modality Missing Rate 3 = 50%

ST-MLAVL [46] CVPR’25 0.386 0.569 0.483 23.41 29.33 26.37 3.740 2.461 3.100
SI[59] ICML’17 0.493 0.551 0.523 21.82 31.65 26.73 3.486 2.656 3.071
EWC[18] PNAS’17 0.442 0479 0.461 31.39 4839 39.89 5.014 4.061 4.537
LwF [23] TPAMI'17 0.435 0.257 0.349 25.72 46.07 35.90 4.109 3.866 3.988
MER [34] ICLR’19 0.494 0.351 0.425 26.59 43.90 35.25 4.248 3.684 3.966
DER++ [4] NeurIPS’20 0.592 0.530 0.562 18.88 31.12 25.00 3.016 2.611 2.814
NC-FSCIL [54] ICLR’23 0.630 0.544 0.588 17.58 37.10 27.34 2.808 3.114 2.961
SLCA [60] ICCV’23 0.441 0.564 0.505 35.12 46.28 40.70 5.610 3.884 4.747
Fs-Aug [22] TCSVT’24 0.602 0.488 0.547 24.22 41.61 32.92 3.869 3.492 3.681
MAGR [66] ECCV’24 0.634 0.446 0.547 18.31 35.12 26.72 2.925 2.947 2.936
ASAL [67] TVCG’25 0.407 0.494 0.451 37.05 38.71 37.88 5.918 3.249 4.583
BriMA (Ours) — 0.648 0.620 0.634 15.70 28.03 21.86 2.508 2.352 2.430

5.1. Experimental Setting

Datasets. We evaluate BriMA on three representative
multi-modal AQA benchmarks, considering three com-
monly available modalities: video, audio, and textual com-
mentary. The Rhythmic Gymnastics (RG) dataset [57]
contains 1,000 videos with a relatively small sample size
but diverse action types (Ball, Clubs, Hoop, Ribbon), with
200 training and 50 evaluation samples per type. In con-
trast, the Figure Skating Video (Fis-V) dataset [30] of-
fers a moderate-scale collection of 500 videos but includes
only two score types: Total Element Score (TES) and Pro-
gram Component Score (PCS). The FS1000 dataset [43] is
a large-scale benchmark with 1,000 training and 247 valida-
tion videos, providing seven component scores (TES, PCS,
SS, TR, PE, CO, IN). Following prior works [45, 46], we
train separate models for each action or score type and split
each action or subscore into 7' = 5 sequential tasks.

Evaluation Metrics. Existing works adopt different evalu-
ation metrics, making direct comparison difficult. To ensure
fairness and comprehensiveness, we report all three existing
metrics: Spearman’s Rank Correlation Coefficient (SRCC),
MSE, and RL2. SRCC measures the monotonic relation-

ship between predicted scores g; and ground-truth scores y;
based on their rank correlation, defined as

S (ri =) (7 — 7)
VEN =2 2N (5 — 72

where r; and 7; denote the rank values of the ground-truth
and predicted scores, respectively. MSE quantifies the aver-
age squared prediction error between g; and y;, while RL2
represents the normalized mean squared error, defined as

SRCC =

, (D

RL2 — izN: (yi — 9:)°
N ~ (max(y) — min(y))

S %100 (12)

Implementation Details. All experiments are implemented
in PyTorch and run on a single NVIDIA RTX 5090 GPU.
All models are trained for 50 epochs using Adam optimizer
with an initial learning rate of 3 x 10~%, weight decay of
10~*, and a cosine learning rate scheduler with decay rate
0.01. The batch size is set to 4 for RG and 8 for Fis-V
and FS1000. The mini-batch size for replay sampling is 2
and 4 for the respective datasets. Following [66], we set
Amems Arec t0 1 and the memory buffer size to 50 for all re-
hearsal methods (@) = 10). The replay coefficient is fixed to
a = 0.5. To simulate non-stationary modality imbalance,
we vary the missing-modality rate 8 € {10%, 25%, 50%}.
For fair comparison, all methods use the same random seed
to generate missing-modality patterns. Other implementa-
tion details are supplemented in the Appendix.

5.2. Comparisons with State-of-the-Arts

Assessment Performance. Across Tabs. 1 to 3, Sequential
Training (ST) [46] suffers the largest drop from the Joint
Training (JT) upper bound as 3 increases, confirming severe
forgetting under evolving modality imbalance. Rehearsal-
free methods (SI [59], EWC [18], LwF [23]) moderately
alleviate forgetting but remain unstable when modalities
are corrupted or missing, while rehearsal-based methods
(MER [34], DER++ [4], NC-FSCIL [54], SLCA [60], Fs-
Aug [22], MAGR [66], ASAL [68]) improve stability yet
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Table 4. Efficiency and relative performance comparison on RG
(average across all items). Results are reported relative to [46].

SRCC MSE RL2 Params Training Inference Storage

Method (. i Drop Drop (M) Time(h) (Samplelsy (MB)
ST-MLAVL [46] 0% 0% 0% 830 0416 0078  0.00
EWC[18] +3.1% +7.5% +58% 830  0.597 0078 0.00
NC-FSCIL [54]  +52% +13.6% +9.3% 830  1.025 0078 3225
MAGR [66] +9.5% +22.8% +152% 840  1.154 0080 3225
ASAL[67] +112% +267% +19.0% 830  0.876 0.084 3225
BriMA (Ours) +14.6% +334% +231% 880 1417 0.118 3225

Table 5. Ablation study on the RG dataset (5 = 10%).

SRCC (1)
ID Setting
Ball Clubs Hoop Ribbon  Avg.
1 Ours 0.648 0.788 0.710 0.836  0.746
2 Ours w/o MBI 0471  0.660 0.693  0.742  0.640
3 Ours w/o Bridge 0.640 0.727 0.656 0.796  0.730
4 Ours w/o Candidate  0.639  0.755 0.628  0.773  0.699
5 Ours w/o MRO 0.640 0.727 0.656  0.775  0.702
MSE ()
1 Ours 8.65 4.88 7.12 4.39 6.26
2 Ours w/o MBI 10.70 6.80 8.03 9.34 8.72
3 Ours w/o Bridge 7.39 6.82 8.34 5.19 6.94
4 Ours w/o Candidate ~ 7.76 6.57 9.20 5.08 7.15
5  Ours w/o MRO 7.39 6.82 8.34 5.51 7.02
RL2 (})
1 Ours 2310 2291  2.681 1.641 2231
2 Ours w/o MBI 2.857 3.190 3.024 3495 3.142
3 Ours w/o Bridge 1974 3.197 3.140 1941 2563
4 Ours w/o Candidate ~ 2.072  3.083  3.461 1.900  2.629
5  Ours w/o MRO 1.974  3.197 3.140 2.060 2.593

fail to balance modality completion and cross-task reten-
tion. BriMA consistently achieves the best performance
across all datasets and missing rates, surpassing the second-
best baseline by 3.8%, 4.5%, and 5.2% in average SRCC
on RG, Fis-V, and FS1000, respectively. As f rises from
10% to 50%, our relative improvement further expands by
up to 7.1%, demonstrating that the proposed MBI and MRO
jointly provide robust generalization and stable scoring un-
der increasingly severe modality degradation.
Computational Efficiency. Due to its lightweight resid-
ual reconstruction design, BriMA maintains a favorable ef-
ficiency—performance trade-off. As shown in Tab. 4, BriMA
achieves the largest SRCC improvement (+14.6%) and error
reductions (MSE —33.4%, RL2 —23.1%) with only a mod-
est increase in parameters (+0.10M), training time (+1.001
hours), and inference latency (+0.100 sample/s). These re-
sults show that the proposed mechanisms achieve substan-
tial accuracy gains with limited computational overhead.

5.3. Ablation Study

Core Modules. As shown in Tab. 5, removing either MBI
or MRO notably degrades performance, verifying that both
modules are critical to handle evolving modality imbal-
ance. Without MBI (Row 2), SRCC drops by 10.6% and
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Top K Candidates

Figure 3. Results of different candidates.
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Figure 4. Results of different imputation strategies.

MSE rises by 39.3%, indicating the importance of sta-
ble bridging-based imputation. Excluding MRO (Row 5)
yields weaker score consistency across tasks, reflected by a
16.2% increase in RL2. Further ablations within MBI re-
veal complementary roles of the bridge and candidate se-
lection mechanisms. Removing the bridge (Row 3) leads
to higher reconstruction bias and temporal instability, while
omitting candidate selection (Row 4) causes uneven mem-
ory sampling and degraded score correlation. Both compo-
nents contribute jointly to modality-consistent reconstruc-
tion, validating the necessity of the full MBI design.

Effect of Different Candidates. Fig. 3 analyzes the impact
of the retrieval size K in the bridging imputation. When
retrieval is disabled (X = 0, Row 4 in Tab. 5), SRCC no-
tably drops and both MSE and RL2 increase, demonstrat-
ing that retrieved exemplars are crucial for stabilizing im-
putation. Introducing retrieval (KX > 0) consistently im-
proves all metrics, confirming that exemplar-guided resid-
ual correction mitigates reconstruction bias. Across actions,
the optimal K varies slightly (e.g., K=2 for Ball, K=4
for Hoop, K=5 for Ribbon), but the differences remain
marginal (< 2% SRCC), indicating that once retrieval is en-
abled, the generative bridge dominates reconstruction qual-
ity rather than the exact number of exemplars.

Effect of Different Imputation Strategies. Fig. 4 com-
pares different imputation strategies on the RG dataset. The
zero imputation baseline (see Fig. 4(a)) shows a weak cor-
relation (y; = 0.36y; 4+ 0.55) and large variance, implying
severe underfitting and bias accumulation. Retrieval-based
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Figure 5. Task-wise SRCC performance comparison.
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imputation (see Fig. 4(b)) achieves moderate improvement
(9; = 0.41y; 4+ 9.48) by incorporating exemplar informa-
tion but still suffers from inconsistent scaling and offset er-
rors. In contrast, our method (see Fig. 4(c)) produces the
strongest linearity (y; = 0.54y; + 0.70) with minimal de-
viation, demonstrating that the proposed bridge-guided im-
putation effectively aligns reconstructed scores with ground
truth while maintaining stable distribution across tasks.

5.4. Visualizations

Forgetting Mitigation. To examine whether forgetting is
effectively mitigated, we visualize task-wise SRCC perfor-
mance in Fig. 5 on RG. In Fig. 5(a), ST-MLAVL [46] suffers
from severe forgetting, where after training on the fifth task,
the performance on the fourth task drops noticeably com-
pared to that after the fourth task training. With MAGR [66]
(see Fig. 5(b)), forgetting is partially alleviated; the fourth-
task performance remains stable between the fourth and
fifth training stages, although mild degradation still appears
on the third task. In contrast, our method (see Fig. 5(c))
shows slight forgetting, exhibiting a stable SRCC increase
across tasks 3 and 4. This indicates that our method not only
preserves prior task knowledge but also leverages new data
to enhance earlier task performance.

Flat Minima. To analyze generalization stability, we per-
turb model weights ten times and average the resulting loss
surfaces across tasks. Fig. 6(a) compares the loss land-
scapes of ST-MLAVL [46], NC-FSCIL [54], MAGR [66],
ASAL [67], and our method. Our model exhibits a flatter
and lower loss basin than the others, indicating better con-
vergence stability and stronger generalization under CL.
Error Analysis. As shown in Fig. 6(b), our method
achieves the lowest mean absolute error (—0.31) among
all compared approaches, substantially outperforming ST-
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Figure 7. Case study. See Appendix Fig. S2 for more cases.

MLAVL [46] (0.98), NC-FSCIL [54] (1.13), MAGR [66]
(0.84), and ASAL [67] (0.62). It also yields the most sta-
ble predictions with a standard deviation of 2.63, indicating
strong robustness to task transitions. Fig. 6(c) further shows
AUC improvements, where ours (0.88) clearly surpasses
ST-MLAVL (0.75), NC-FSCIL (0.77), MAGR (0.78), and
ASAL (0.78), confirming superior accuracy and generaliza-
tion across continual AQA tasks.

Case Study. Fig. 7 presents a rhythmic gymnastics ball rou-
tine (Ball #022) used to evaluate the scoring accuracy of dif-
ferent methods. The left part shows key frames, while the
right part compares predicted scores from ST-MLAVL [46],
NC-FSCIL [54], MAGR [66], ASAL [67], and ours against
the ground truth (16.70). ST-MLAVL and ASAL achieve
close predictions (16.48 and 16.31), while NC-FSCIL and
MAGR underestimate (14.29 and 14.19). Our method pro-
duces the most consistent visual-score alignment, demon-
strating robust perception of fine-grained motions and supe-
rior temporal reasoning in complex routines.

6. Conclusion and Discussion

In this work, we present BriMA, a novel approach to
multi-modal continual action quality assessment under non-
stationary modality imbalance. BriMA integrates memory-
guided bridging imputation and modality-aware replay opti-
mization to jointly address missing-modality reconstruction
and cross-task stability. Extensive experiments across mul-
tiple datasets demonstrate that BriMA consistently outper-
forms state-of-the-art methods, achieving superior correla-
tion, lower errors, and stronger resistance to forgetting. We
believe BriMA offers a general paradigm for building more
reliable multi-modal systems, advancing robust perception
and evaluation in real-world scenarios.

Limitations and Future Work. BriMA introduces mod-
erate training overhead due to exemplar retrieval, resid-
ual bridging, and priority-based replay, achieving an ef-
ficiency—stability trade-off. Its pattern-level conditioning
may face scalability challenges with larger modality sets.
The framework does not explicitly model fine-grained tem-
poral dynamics and assumes observable modality avail-
ability. Moreover, while the residual bridging design is
conservative, handling weak modalities and unseen miss-
ing patterns at scale requires further investigation. Future
work will explore more efficient retrieval, adaptive memory
compression, lighter reconstruction modules, and temporal
modeling to enhance scalability and robustness.
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