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Abstract. Skill determination in video understanding remains challeng-
ing due to the intricate temporal dynamics of skill performance and the
complex cognitive processes inherently underlying human evaluation. Ex-
isting approaches often overlook the progressive evolution of evaluators’
cognitive states and the influence of key action stages on overall per-
formance. To address this limitation, we propose Sequential Primacy
and Attribution Ranking Modeling (SPAR). SPAR captures the tem-
poral evolution of cognitive states throughout the evaluation process,
enabling iterative refinement of evaluative understanding and producing
progressively enhanced representations of overall performance quality.
The framework integrates adaptive weighting based on the global tempo-
ral context, emphasizing critical segments through localized interaction
modeling and multi-scale temporal aggregation. To correct inconsisten-
cies in intermediate recognition signals, SPAR employs a bias-mitigation
loss to ensure a faithful and consistent reflection of intrinsic action qual-
ity. Extensive experiments on five public datasets validate the effective-
ness and generalization capability of the proposed framework.

Keywords: Cognitive Modeling - Cognition Adjust - Temporal Focus

1 Introduction

Skill determination aims to quantitatively evaluate the performance quality of
individuals in executing specific tasks through detailed analysis of their action
execution processes and dynamics. This capability has enabled a wide range
of real-world applications, including the recommendation of expert-level instruc-
tional videos for novice learners on online platforms |7,8], rigorous and consistent
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Fig.1: (a) Previous approaches do not model the progressive formation and evolu-
tion of cognitive states during performance evaluation. Stage-aware Cognitive Memory
(SaCM) captures this temporal evolution, representing iterative changes in the assess-
ment of performance as the sequence unfolds. (b) Building on this, Temporal Window
Weighting (TWW) assigns adaptive importance weights to video segments, emphasiz-
ing salient stages that facilitate a more accurate and comprehensive evaluation.

performance evaluation in competitive sports and Olympic events using rigorous
and objective performance evaluation metrics , and the monitoring
of motor function recovery in healthcare rehabilitation through systematic anal-
ysis and evaluation frameworks [3|38]. Contemporary methods employ pairwise
ranking to construct hierarchical skill structures for task-specific proficiency .

However, skill determination introduces additional challenges. Evaluators
must consider not only individual actions but also how earlier performance
shapes perception of subsequent stages, reflecting the evolution of cognitive
states during assessment . For example, in a tie-tying task, the preci-
sion of initial folds directly affects the complexity and feasibility of later steps.
Participants may adjust subsequent maneuvers to maintain a correct knot, show-
ing that evaluators interpret each step in the context of preceding actions .
Perception of later stages is thus influenced by earlier actions, forming a dy-
namic process characterized by temporal biases in human judgment , with
early-stage representations persisting across extended sequences .

Despite this, most existing methods rely on global feature aggregation
or static temporal modeling , which combine information from all stages
or treat each stage independently with fixed importance. Although recent ap-
proaches identify salient skill-relevant segments , transfer nuanced assessment
knowledge across stages or tasks , adopt hierarchical grading strategies ,
or enhance representations via semantic alignment , multimodal fusion ,
probabilistic embeddings , subaction localization [17], and vision-language
semantic learning , they focus on segment importance, knowledge
sharing, or feature refinement. None explicitly model the dynamic evolution of
evaluators’ cognitive states across the action sequence. Consequently, they fail
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to capture stage-wise variations in skill perception or temporal dependencies
induced by earlier actions, limiting their ability to reflect human-like evaluation.

While existing methods emphasize feature enrichment, uncertainty modeling,
or substage detection, they largely neglect the progressive evolution of evaluators’
cognitive states throughout performance observation [1,[36]. As a result, these
approaches are limited in capturing temporal variations in perceived skill quality
and representing nuanced quantitative differences in proficiency across segments,
both essential for modeling skill variations across sequential stages [5].

To address the challenge of modeling the progressive formation and shaping
of evaluators’ cognitive states in long-term skill determination, we introduce the
Stage-aware Cognitive Memory (SaCM) module within the Sequential Primacy
and Attribution Ranking Modeling (SPAR) framework. SaCM partitions each
video into a series of temporal segments and constructs a stage-specific cognitive
state for each segment that captures the perception of skill quality. As illustrated
in Figure [I] each segment is interpreted in the context of the cumulative cog-
nitive state accumulated from preceding segments and prior domain knowledge,
reflecting the process by which an evaluator integrates information over time to
form an informed perception of current actions. Observed action features are
projected into a latent space where prior cognitive context is incorporated and
potential perceptual biases are filtered, yielding a refined stage-specific cognitive
state. These states are iteratively updated across the sequence, with each stage-
specific cognitive state conditioned on the cumulative cognitive state and prior
observations, enabling gradual shaping and dynamic adjustment of evaluators’
cognitive understanding. Through this iterative refinement, SaCM captures how
skill evaluation emerges and evolves across the temporal sequence, providing
structured stage-specific and cumulative cognitive states that reflect the pro-
gressive formation and adjustment of human evaluative cognition over time.

Nevertheless, accurately quantifying the contribution of each temporal seg-
ment remains a core challenge in long-term skill determination, as intricate tem-
poral dependencies and inter-segment interactions can lead to inconsistent attri-
bution and unstable scoring. To address this, we introduce a Temporal Window
Weighting component that models the integration of information within a sliding
temporal window, enabling evaluation of segment importance from an observer’s
perspective. Each video is partitioned into multiple temporal windows, within
which local interactions between actions are analyzed and weighted according
to their relative significance in the global temporal structure, capturing context-
sensitive prioritization of critical action stages. Complementing this, a Judgment
Bias Mitigation Loss component explicitly quantifies and reduces potential eval-
uator bias by comparing feature representations of paired sequences, using a bias
mask to detect tendencies contrary to expected rankings and ensure faithful re-
flection of intrinsic action quality. Together, these components provide robust
temporal attribution, stabilize rank-based evaluation, and enable fine-grained
modeling of segment-level skill variations in long-term video assessments, en-
hancing both interpretability and methodological rigor of skill determination.
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Our main contributions can be summarized as (1) the Stage-aware Cogni-
tive Memory module, which models the progressive formation and refinement
of evaluator cognition in long-term skill determination, (2) Temporal Window
Weighting, which represents the process of evaluator assessment of segment im-
portance after observing each temporal stage, (3) the Judgment Bias Mitigation
Loss, which reduces cognitive tendencies contradicting expected rankings, en-
suring reflection of intrinsic action quality, and (4) achieving state-of-the-art on
pairwise ranking datasets and showing effectiveness on score prediction datasets.

2 Related Work

Skill Determination. Evaluating the proficiency of action execution is fun-
damental across multiple application domains. Daily tasks involve subtler skill
variations that differ across individuals 9], while competitive sports demand
precise coordination and strategic maneuvers |58|, and group dance neatness as-
sessment [45]. In surgical contexts, accurate motor control and timing are essen-
tial for patient safety [13]. Most existing approaches rely on supervised learning
with datasets annotated by experts. One focuses on predicting absolute scores
for an individual video using regression or deep learning models [25], whereas
another assesses pairwise differences to quantify relative skill disparity between
video pairs [2]. To address the scarcity of consistent annotations, ranking-based
datasets such as EPIC-Skills 7] and BEST [8] have been widely used to evaluate
comparative skill assessment methods. Building on these resources, recent stud-
ies have introduced adaptive pairwise comparison frameworks [31,59] that adjust
comparison strategies according to observed skill differences, temporal modeling
techniques [27] for capturing fine-grained motion dynamics and improving rank-
ing stability, as well as multimodal AQA via mixture-of-experts [48] and LLM-
driven reasoning [47]. More recently, large-scale long-term video datasets have
emerged to support detailed skill estimation, including the BASKET dataset [32]
for fine-grained basketball actions, the LOGO dataset |60] with multi-person
videos and rich annotations on formations and action procedures, and Cof-
feeCraft [53] with diverse skill levels for skill determination.

Temporal Stage-aware Modeling. Long-term skill determination requires
modeling fine-grained performance variations across temporal stages. However,
many existing methods still rely on global feature aggregation or static temporal
modeling, either merging all stages or treating them in isolation [23|. A method
employs an attention mechanism to emphasize critical temporal segments [2],
whereas another leverages procedure segmentation with contrastive regression
to enhance interpretability [50]. Causal reasoning has been introduced to disen-
tangle stage-wise dependencies and yield interpretable scores |14], and a recent
study attempts to align stage-level attention or weight-score patterns with hu-
man judgment |6]. However, these approaches generally neglect the progressive
integration of prior observations. In practice, human evaluators form an evolving
understanding of overall skill by anchoring initial impressions [21}35] and contin-
uously integrating previous observations with domain knowledge [11]. Existing
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Fig. 2: Overview of the proposed Sequential Primacy and Attribution Ranking Mod-
eling (SPAR) framework. Given a pair of video features, SPAR first employs the
Stage-aware Cognitive Memory (SaCM) to emulate human evaluators who progres-
sively integrate prior observations and domain knowledge when interpreting new seg-
ments, while generating stage-specific cognitive states that encode evolving skill under-
standing. Next, Temporal Window Weighting (TWW) evaluates intra-window feature
relationships and calibrates window contributions via global context, highlighting the
most decisive stages for overall skill determination. Finally, the Judgment Bias Mitiga-
tion (JBM) loss leverages cognition-derived masks to selectively penalize inconsistent
stage judgments, mitigating bias accumulation during sequential comparison.

methods rarely capture this evolving cognition. Our SaCM, combined with tem-
poral window weighting, models this progressive reasoning process, highlighting
critical segments and enabling fine-grained skill determination.

3 Approach

In this section, we introduce our SPAR framework, as illustrated in Figure
and describe its main components and design in detail.

3.1 Problem Formulation

Primary Task: Pairwise Skill Ranking. The core objective of SPAR is to
formulate skill determination as a relative ranking problem. Given a pair of
videos (V;,V;) € V, where V; represents a higher skill level than V;, the goal is
to predict a relative quality margin A§ that quantifies the skill difference:

As = M(Vi, V;]0), (1)

where M = {F, T} denotes the overall framework, comprising the feature ex-
tractor F and the SPAR framework 7 that processes these features in detail,
with © representing the learnable parameters. A positive A§ > 0 indicates that
Vi has a higher skill quality than Vj, and vice versa.
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Extension to Absolute Score Prediction. While our framework is primarily
optimized for relative comparisons, it seamlessly generalizes to absolute score
estimation through a reference-based inference mechanism [54|. Specifically, for
a query video V, with an unknown score 34, we introduce an exemplar video
Ve with a known ground-truth label s.. The absolute score of the query is then
derived by anchoring the predicted relative shift against this reference:

As = M(V,, V. | ©), 84 = se+ Aé. (2)

3.2 Stage-aware Cognitive Memory

In long-term skill determination, a central challenge is modeling fine-grained vari-
ations across temporal stages while preserving stage-wise dependencies. While
stage-specific features capture localized cues, independent modeling or naive ag-
gregation obscures performance progression. We therefore model the progressive
reasoning of human evaluators, who infer overall skill by integrating earlier-stage
observations with domain knowledge. Based on this principle, we propose the
Stage-aware Cognitive Memory (SaCM), which maintains a cumulative cogni-
tive state ¢; that evolves across stages. At each stage, a stage-specific cognitive
state cftg is computed from the current segment and used to recursively update
the cumulative state, enabling nuanced long-term skill assessment.

SaCM partitions the input video feature sequence X € RE*P into T non-
overlapping temporal windows for each stage, with window size reflecting the
temporal granularity at which human evaluators form judgments, and maps each
window to a dpyoq-dimensional latent space via a convolutional transformation:

{Wt}tT:1 = Conle({Xt}thl), Wy € R%Xdr‘“’d, 3)

where L and D denote the total sequence length and original feature dimension,
respectively. To incorporate domain knowledge, we introduce the initial cognitive
state vector ¢y € R%med | a learnable vector iteratively refined as each temporal
segment is processed. During training, cg progressively encodes domain-specific
expertise, forming the foundation for stage-wise cognitive states.

SaCM further employs a Cognitive Window Filtering (CWF') module to it-
eratively refine cumulative cognitive state. A temporal embedding operator & (-),
implemented as a depth-wise 1D convolution along the temporal axis, encodes
local temporal variations. To capture temporal dependencies and propagate con-
textual cues from preceding stages, we apply a two-layer convolution operator
Ri—xk(-) with GELU activation. Within each temporal window, the latent feature
W, is projected into latent multi-dimensional features {Wt/ k}kK:17 each combined
with its local temporal context to produce the refined window representation:

717 = DyT(Wo + Resic(E0M)), )

where K = 4 and DyT [64] stabilizes training in the recursive framework.
The cumulative cognitive state c;_; encodes information accumulated from
all preceding stages, while ¢ provides prior domain knowledge for the first stage
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in the absence of observations. Motivated by the human cognitive habit of eval-
uating while observing, this design models how evaluators interpret the current
action segment by integrating prior knowledge ¢y with previous assessments.
As subsequent action segments are processed, earlier judgments are iteratively
refined, with such refinement captured in the cumulative cognitive state c;_;.
Based on this updated state, adaptive modulation parameters are computed to
adjust the refined window representation f;*8:

[, 7P = MLP(co1), 75 = sigmoid(r®™), 7™ = tanh(r]&").  (5)

mod

The cognitively modulated feature f/°¢ is obtained by applying a learnable
linear projection Fiod(+) to the modulated window representation, thereby inte-
grating prior observations with domain knowledge for current action evaluation:

F0% = Funoa (i @ 718 + 20, (6)

To adaptively fuse information across the latent multi-dimensional features
within each stage, attention weights are computed by combining each dimension
with a context-enhanced mapping of the cognitively modulated feature. The
weights are scaled by a temperature parameter 7 and normalized via softmax:

£2; , = Softmax

(7)

O (Wi + 0n(f10h)) - ()T
()
where ¢y (+) is a multi-layer perceptron that maps the combined representation to
raw attention scores, and () is a lightweight MLP generating a context-aware
mapping. The final stage-wise cognitive representation is obtained by summing
the cognitively modulated features weighted by (2; j across all dimensions:

K

cog _ Z an ‘ftrf}cOd~ (8)

+ =
k=1

Since human observations inherently contain noise, the stage-wise cognitive
representation f;°® is probabilistically encoded by estimating its mean p;(£;°%)
and log-standard deviation via a fully connected layer [57], with the standard
deviation o (f;°®) obtained by exponentiating the log to ensure positivity. The
stage-specific output §; is then computed by sampling a variable e ~ N(0, 1):

8t = pe(£7°%) + € - o (£7°8). (9)

To model stage-specific cognition, as illustrated in Figure [2] the Cognitive

Feature Encoder (CFE) derives the stage-specific cognitive state ¢*® from f;°%.

Specifically, f;°® is first transformed through a ReLU-activated linear layer to
produce a neutral stage impression I;, and then processed by a linear layer with
Tanh activation to generate a stage-specific approval signal P; € [—1, 1], where
the sign indicates the direction of evaluation (positive for approval, negative
for disapproval) and the magnitude reflects the intensity of the impression. The

element-wise product citg = P, ® I; encodes the signed assessment of the current
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stage, with values near zero representing neutral impressions and large positive or
negative values indicating strong favorable or unfavorable evaluations. The stage-
specific cognitive state is subsequently integrated with the cumulative cognitive
state from the previous stage, c;_1, to update the aggregated understanding
across stages, forming the updated cumulative cognitive state c;:

=Gl 1] 06" + (1= Gl cia]) © i, (10)

where G(-) is a learnable gate that modulates the relative contributions of the
current stage-specific cognitive state citg and the cumulative cognitive state ¢;_1,
implemented as a linear layer with sigmoid activation. The scalar g; represents
the mean activation of G(-), indicating the overall influence of the current stage.
The cumulative approval intensity a;, which captures the aggregated recognition
aligned with the cumulative cognitive state c;, is updated by combining the
current stage-specific approval with the previous cumulative approval. The initial

approval ag is set to zero, representing a neutral starting point:

ar = gy -mean(P) + (1 — g¢) - ar—1, a¢ € [—1,1]. (11)

3.3 Temporal Window Weighting

In long videos, not all moments are equally informative. Temporal Window
Weighting (TWW) evaluates the importance of feature representations within
and across temporal windows {W;}]_,, highlighting decisive moments most rel-
evant to skill assessment. For intra-window evaluation, stage features are ex-
panded along the second and third dimensions, denoted W;*? and W;3, and
concatenated to form pairwise inputs for a learnable similarity function:

) 1
e = fsim(wﬁda Wt’—>2)7 €sym = 5 (6 + GT) y (12)
where Fyin, is implemented as two successive MLPs. To estimate the relative
significance of each stage within a temporal window, the symmetrized similarity
scores egym are normalized via a softmax function to obtain attention weights,
which are then applied to the linearly projected features:

Wéntra = Z SOftmaX(esym) : FC(Wt)T’ (13)

where FC(+) denotes a linear projection, and summation along the window di-
mension aggregates the contributions within the temporal window.

For inter-window assessment, aggregated intra-window features {Wintra}T |
are processed with positional encoding and contextual transformations to cap-
ture local and cross-window interactions. The relative contribution of each tem-
poral window «y is then obtained via a softmax over the transformed features:

oy = softmax (fczt (R(Wtimra) + Wéntra)) , (14)

where R and F.;; are convolutional and MLP blocks capturing intra-window
interactions and contextual dependencies. The inter-window representation is
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computed as the weighted sum of window features using these attention weights:

T
Wlntcr — Z Qg - Wtintra. (15)
t=1

During training, W™ is processed by an MLP to produce an auxiliary
score Saux, providing additional supervision to facilitate learning of window-
level discriminative cues. Independently, the importance weights «; are used to
aggregate the stage-specific predictions §; into the overall video score:

T T T
=Y s S N o Y aod), (16)
t=1 t=1 t=1

where §; is defined in Eq. @D with stage-specific mean p; and variance o2, and
N(-,-) denotes a Gaussian distribution.

3.4 Judgment Bias Mitigation Loss

Human evaluative cognition resists abrupt updates to established beliefs in
response to new information, as prior observations anchor subsequent judg-
ments [20]. To mitigate systematic deviations in cumulative judgments arising
from inconsistencies between stage-specific and cumulative cognitive states, we
propose the Judgment Bias Mitigation (JBM) loss. For a video pair (V;,V;)
with ground-truth ordering V; > V; and ranking direction v, each stage-specific
cognitive state citg and cumulative cognitive state ¢; is associated with approval
signals P, and a;, whose signs indicate preference direction and magnitudes indi-
cate confidence. The JBM loss penalizes deviations in cumulative judgments and
contrasts features with counterfactuals to maintain consistency between stage-
specific evaluations and integration, promoting alignment with desired ranking.
Deviation Loss. To enforce discriminative and consistent cognitive states, we
define a deviation loss that combines a discrimination term and a counterfactual
deviation term. For a video pair with cognitive states x; and x; and their signed
approval difference Agign, a discrimination penalty is imposed based on their
intrinsic similarity to prevent degenerate, indistinguishable states:

Paisc = tanh(1 + cos(x;, x;)), a7

where z; and x; are the cognitive states of two videos, and cos(-, -) denotes cosine
similarity. This term encourages distinguishable cognitive states across videos.
We identify stages where the cognitive approval contradicts the desired rank-
ing v using an indicator function 1, and define a flip indicator p = 1 ( sign(Asign) #
V). To correct these inconsistencies, counterfactual references are constructed
by flipping the vectors toward the idealized direction. This approach encourages
stronger adjustments for larger discrepancies while avoiding overly strict or in-
effective interventions that arise from simply zeroing or saturating the vectors.

(18)

k3

Jof _ |zi| - v, ifp=1, pof —lzj| v, ifp=1,
T;, otherwise, x5, otherwise.
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The discrepancy between original and counterfactual representations is quan-
tified via cosine similarity, forming the per-stage deviation penalty:

sim; = cos(xi7rff), sim; = cos(x;, r]C-f)7 Pdev = tanh(1 —sim;) +tanh(1 —simjy). (19)

This term penalizes components that cause deviations in cognitive states,
correcting inconsistent evaluations and ensuring higher-skill videos are properly
represented relative to lower-skill ones. The overall per-stage deviation loss com-
bines the discrimination and counterfactual deviation penalties:

£dev (xh Tj, Asign) = Pdev + Pdisc~ (20)

Mask Construction. When the cumulative cognitive state at stage t deviates
from the expected ranking v, penalization is applied under two distinct condi-
tions. The first condition corresponds to a simultaneous deviation of the current
stage-specific cognitive state, which is indicated by the stage-wise mask maskftg .
The second condition corresponds to a concurrent deviation of the cumulative
state from the preceding stage, as reflected in the cumulative mask maskfmlz

maski"® = 1(AP; # v) ©® 1(Aa; # v), maski™ = 1(Aa; # v) © 1(Aas_1 # v), (21)

where AP; and Aa; denote the stage-specific and cumulative cognitive differences
at stage t, and Aa;_1 denotes the cumulative difference from the preceding stage.
Aggregation. Per-stage deviation penalties for stage-specific and cumulative
cognitive states are computed using the loss Lyey:

D' = Laey (G5 (VD) G5 (V), AP:), D™ = Laev (ce(Vh), ct(V;), Aay). (22)
The overall JBM loss is computed by weighting per-stage deviations with the

stage-wise and cumulative masks:

T
LM = Z (maski’tg ® D5 + maski™ © ’D,fml). (23)

t=1

3.5 Optimization

Pairwise Ranking. We replace the conventional margin ranking loss with a
dynamic margin [53| to accommodate varying pairwise discrimination difficulty,
where for a score difference Az and a predefined margin my:

m = f1 tanh(B2Ax) + mo, Lpym(Az,mo) = max(0, m — Az). (24)

We compute the ranking and auxiliary losses using Lpym, where As and
AS,ux represent the predicted and auxiliary differences for the same video pair:

Lrank = [’DyM(Agv m1)> [faux = LDyM(AgauX7 m2)- (25)

For a video pair (V;,V;), the predicted score difference A3 ~ N (Ap, Ao?) is
derived from Eq.[16]and used to formulate the Mean-Variance Probability (MVP)
loss, which models ranking as probabilistic inference over score differences [53]:

P(A3 > my) = @(%), (26)
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where Ap and Ao? are the mean and variance of the Gaussian distribution of
AS, @ is the standard normal cumulative distribution function, and ms is a
predefined threshold. The MVP loss is then computed directly from the AS as:

—log P(A3 > ms)

v + A2 - log(As + Ac?), (27)

Lyvve = A1 -

where A1, Ao, and A3 are learnable parameters. With a weighting factor n con-
trolling the influence of Ljgn, the overall objective function is then defined as:

L = Lrank + Laux + Lvve + 1 - LiBM. (28)

Score Prediction. To adapt our framework to datasets with absolute score
annotations, we convert predicted relative score differences into absolute scores
using a reference exemplar. Given a query video V, and a exemplar video V
with known score s., the absolute score is predicted as:

§q = S¢ + Ag, §aux = Se¢ + Aéauxa (29)

where AS and AS,,x are the main and auxiliary predicted score differences, and
§q and Saux the corresponding predicted scores. The mean squared error (MSE)
with the ground-truth score s, of the query video defines the loss:

Ls = [(gq - Sq)2 + ((8aux — Sq)g]a (30)

N =

where ¢ is a weighting factor for the auxiliary score loss. To further encour-
age discriminative skill ranking, we additionally employ Lpyn. Combined with
LM, the overall training objective for absolute score prediction is defined as:

L = Ls+ Loym(AS, ASaux, ma) + 1 - LiBM. (31)

4 Experiments

4.1 Experiment Settings

Datasets. We conduct experiments on five established long-term action quality
assessment benchmarks. The first pairwise ranking dataset, EPIC-Skills |[7],
comprises tasks Surgery (SU), Dough Rolling (DR), Drawing (DW), and Chop-
sticks Using (CU). The second pairwise ranking dataset, BEST [8], includes
tasks Apply Eyeliner (AE), Braid Hair (BH), Origami (OR), Scrambled Eggs
(SE), and Tie Tie (TT). To extend our approach to score prediction, we evalu-
ate it on Fis-V [42|, Rhythmic Gymnastics (RG) |55, and LOGO |[60].

Evaluation Metrics. In line with previous studies [7,[8[31}/59], for pairwise
ranking tasks we adopt accuracy (Acc) as the primary evaluation metric, with
Np and Ng denoting the numbers of correctly and incorrectly ranked pairs:

Nt

Acc= ————
e Nr + Np

x 100%. (32)
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Table 1: Performance on the EPIC-Skills Table 2: Performance on the BEST
dataset. Bold and underline indicate the dataset. Bold and underline indicate the
best and second-best accuracies (%). best and second-best accuracies (%).

Method Year SU DR DW CU Avg. Acc Method Year AE BH OR SE TT Avg. Acc
RankSVM [18] 2006 65.20 72.00 71.50 76.60 71.33

AlexNet+C3D [51] 2016 66.10 78.10 72.00 7030 7163 SIPN o] 2018 - - - - - 7000
Who's Better [7]~ 2018 70.20 79.40 83.20 71.50  76.08 Who's Better (7] 2018 - - - - 7580
RAAN [8] 2019 68.50 86.90 82.30 84.70  80.60 RAAN [§] 2019 85.50 76.50 68.90 87.70 87.60 81.24
AAS BI[ 2022 71.89 88.47 88.15 87.73  84.06 AAS [31 2022 85.53 75.21 82.55 83.77 89.27 83.27
?E‘&QTI‘Q‘“‘Q 3833 ?'8921 gg’g; gé-?g 2322 2{3-33 ASAAS [50] 2024 85.53 76.50 85.38 89.61 89.70 85.34
D. R Rt . 9. 2 v P 4 90 P 5
Rhythmer [27 2025 73.54 90.94 0163 97.68 83.45 T2CR [19 2024 84.26 79.91 82.08 87.01 87.98 84.25
SPAR(Ours) - 76.69 91.42 94.19 9426 89.14 SPAR(Ours) - 86.38 82.91 87.74 92.21 93.56 88.56

Consistent with prior studies [19,/25][39], score prediction is evaluated using
Spearman’s Rank Correlation (p) and Relative L2-distance (R-f2), where p com-
pares the predicted ranking series ¢ with the ground truth ¢, and R-¢5 measures
the normalized difference between predicted scores § and ground-truth scores s:

N/ A =~ N ~
g 2= p, L S [8n = snl y2 o 00, (33)
_ ~ = N Smax — Smin
V@ -2 5,0 - =

Implementation Details. We implemented SPAR in PyTorch on a Tesla K80
GPU. To ensure fair comparison with prior works |25//31,59|, we use the officially
released pre-extracted features. Specifically, EPIC-Skills and BEST use 13D [4]
features extracted by [7,/8], whereas LOGO, Rhythmic Gymnastics (RG), and
Fis-V extract features using VST [26]. Each video includes 400 clips for pairwise
ranking and 48 for score prediction. To emulate the progressive comprehension
process of human evaluators, SPAR processes these clips in fixed-length temporal
windows, with a window size of 16 for ranking and 2 for scoring, which ensures
a comparable number of cognitive updates and maintains consistent reasoning
across tasks. The model is trained with a batch size of 64 using the AdamW
optimizer, with learning rates set to 1 x 10~* for ranking and 5 x 10~* for score
prediction, and a weight decay of 1x107°. In all experiments, the loss parameters
are initialized with the same values across datasets and are learnable during
training: 81 = 1.0, B2 = 0.5, m; = 1.55, my = 1.5 in Eq. A= A = 1.0,
A3 = 0.5, mg = 1.05 in Eq. ¢ =0.6 in Eq. andn =02, my =1x10"%in
Eq. 31} Further details and model complexity are provided in the Appendix.

4.2 Results and Analysis

Results on EPIC-SKkills. Table [I| reports the empirical performance of SPAR
on the EPIC-Skills dataset, evaluated using four-fold cross-validation. SPAR
achieves the highest average accuracy of 89.14%, surpassing the previous best
method by 0.7%. It attains the highest accuracy in most individual action tasks,
demonstrating consistent and reliable performance across the entire dataset.

Results on BEST. Table [2] presents the performance of SPAR on the BEST
dataset. The proposed method achieves an average accuracy of 88.56%, improv-
ing over the second-best approach by 3.2% and achieving notable gains in more
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Table 3: Performance comparison on the RG and Fis-V Table 4: Performance on
datasets. Bold denotes the best, underline the second best. the LOGO dataset.

Method Year RG (p1) Fis-V (p 1) Method Year p (1) R-l2 (1)
Ball Clubs Hoop Ribbon Avg. TES PCS Avg. MS-LSTM [12] 2019 0542  5.763
USDL 2020 0.473  5.076
C3D+SVR [33] 2017 0.375 0.551 0.495 0.516 0.483 0.400 0.590 0.501 \ g 2091 0697 5620
MS-LSTM 2019 0.621 0.661 0.670 0.695 0.663 0.660 0.809 0.744 = 2022 0.647 4148
ACTION- 55 2020 0.684 0.737 0.733 0.754 0.728 0.694 0.809 0.757 2022 0475 4778
2022 0.746 0.802 0.765 0.741 0.765 0.685 0.820 0.761 2022 0.589 5298
2023 - - - - ~0.680 0.820 0.759 2023 0541 4765

2023 - - - - ~ 0.679 0.823 0.760

2024 0.681 5.973
2024 0.661  5.754
2024 0.698  4.948
2025 0.704  5.695

1! 2023 - - - - ~0.700 0.830 0.773
PAM ouly RGB) [56] 2024 0.636 0.720 0.769 0.708 0.711 0.665 0.823 0.755
ASGTN 2025 0.792 0.825 0.784 0.793 0.799 0.703 0.845 0.784

MLAVL 2025 0.826 0.829 0.871 0.866 0.849 0.766 0.863 0.823 2025 0.804  2.269
PHI |6 . 2025 0.818 0.803 0.812 0.805 0.810 0.726 0.867 0.804 2025 0.835  2.752
CaFlow 2025 0.863 0.822 0.843 0.833 0.841 0.729 0.865 0.805 2025 0.856 1.425
SPAR (ours) - 0.788 0.811 0.827 0.836 0.816 0.748 0.855 0.802 SPAR (Ours) - 0.749 3.743

Table 5: Ablation of key components on the BEST and LOGO datasets. The upper
part sequentially adds components, while the lower part removes each component indi-
vidually. Red / Blue indicates performance increase / decrease. * denotes LSTM ,
and T indicates that SaCM is replaced by the Attention Module .

, | BEST | LOGO

Settings
‘ Avg. Acc ( ‘ R-ls (1)

Reference” 72.25 0.474 21.146
t SaCM 78.3718% 0.604127% 11.479146%
+ TWW (w/o JBM) 83.4917% 0.65218% 5.969148%
+ JBM (ours) 88.5676% 0.749115%  3.743137%
w/o SaCM' & w/o JBM 75.92414% 0.544427% 14.0491275%
w/o TWW 80.3819% 0.637+15% 0.6687158%

challenging tasks, with improvements of 6.4% and 3.9% in specific cases. These
results demonstrate that SPAR integrates information from prior segments and
highlights critical stages, enabling a progressive and structured understanding
of skill execution for accurate skill determination.

Results on absolute score prediction datasets. Table[3|and Table [ present
the overall performance of SPAR on three absolute score prediction benchmarks:
RG, Fis-V, and LOGO. On LOGO, SPAR attains a Spearman’s rank correlation
p of 0.749 and an R-{5 of 3.743. Relative to QTD and ASGTN, SPAR improves
p(x100) by 5.1 and 4.5 points, respectively, while reducing R-¢5 by 1.205 and
1.952. On RG and Fis-V, SPAR achieves average scores of 0.816 and 0.802, in-
dicating consistently competitive performance across both benchmarks. Overall,
these results suggest that SPAR generalizes effectively to absolute score predic-
tion and represents a reliable and competitive approach within this domain.

4.3 Ablation Studies

A comprehensive ablation study is conducted to evaluate the contribution of
each component within SPAR. As shown in Table [5] replacing the LSTM-based
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Lower Skill Level

Fig. 3: Visualization of SPAR’s evaluation process. The top row shows a high-skill
video and the bottom row shows a low-skill video. (a) SPAR attention, (b) temporal
window weights ay, (c) stage-specific cognitive approval P;, and (d) cumulative cogni-
tive approval a:. Red indicates positive approval and blue indicates negative approval.

=
|
Sre|
|
8o

— Video 1 (pred = 94.78)
— Video 2 (pred = 94.30)
Ground Truth = 94.37

Stage Score

10
Stage Index

Fig. 4: Stage-wise skill evolution for two videos (V4 and V) with identical ground-
truth scores. The blue and red curves show their predicted stage-wise scores. Although
both videos receive similar overall scores, V1 performs better in early stages, while V2
improves in later stages. Sampled frames illustrate these temporal variations.

reference with SaCM yields substantial improvements across all metrics,
demonstrating its effectiveness in encoding stage-specific information and inte-
grating segment-level cues into evaluative representations. Incorporating TWW
further enhances performance by adaptively emphasizing salient segments. In-
troducing JBM achieves the best performance by mitigating cumulative judg-
ment drift and aligning local and global evaluations, reaching 88.56% accuracy
on BEST and improving results on LOGO with p (x100) of 74.9 and R-f5 of
3.743. Ablating any component consistently degrades performance, confirming
their complementary roles in long-term skill assessment.

Additionally, to further validate the effectiveness of the proposed SaCM de-
sign, an ASGTN-style variant is constructed by replacing the original CWF
filtering while retaining CFE, TWW, and JBM. On the BEST dataset, it achieves
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accuracies of 80.85%, 72.65%, 75.94%, 85.71%, and 88.41% on AE, BH, OR, SE,
and TT, respectively, with an average accuracy of 80.71%. These results are con-
sistently lower than those of SPAR, indicating the effectiveness of the proposed
SaCM design within the overall framework.

4.4 Visualization

Figure [3] reveals a consistent correspondence between temporal importance,
stage-wise evaluation signals, and cumulative scoring dynamics. Regions corre-
sponding to key actions exhibit consistently higher temporal window weights ay,
while less informative regions show lower responses, indicating a clear alignment
between action relevance and temporal weighting. Meanwhile, stage-specific ap-
proval P; exhibits both positive and negative variations over time, and these
local evaluations are progressively integrated into a smoother cumulative trajec-
tory a; that captures the temporal evolution of the overall assessment process.
Across videos, high-skill cases exhibit more concentrated positive evaluations on
key temporal segments, whereas low-skill cases show weaker positive responses
and more dispersed evaluation signals across time.

This capability is further illustrated by the stage-wise predictions in Figure 4]
which show fine-grained temporal score trajectories rather than a single global
estimate. Although videos with identical ground-truth scores yield similar overall
predictions, their intermediate stage-wise scores differ across temporal segments.
In particular, poorly performed segments correspond to lower predicted scores,
while stronger execution stages receive higher scores, indicating that the model
reflects variations in local skill quality over time. Overall, SPAR captures dis-
criminative temporal scoring patterns beyond global score equivalence.

5 Conclusion

This work presents the Sequential Primacy and Attribution Ranking (SPAR)
framework for long-term skill determination. SPAR models the progressive evo-
lution of evaluative cognition, capturing how human assessors integrate prior
observations and update judgments over time. By combining a stage-aware cog-
nitive memory, temporal window weighting, and a judgment bias mitigation
component, the framework enables coherent temporal reasoning, fine-grained
segment attribution, and interpretable evaluation dynamics. Experiments on
multiple benchmarks demonstrate its effectiveness and robustness in modeling
skill progression and extending pairwise ranking to absolute score prediction.
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