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Figure 1: Overview of the action difference reasoning (ADR) task and our proposed Keypoint-guided
Tree Search approach. Our model takes two videos doing the similar action as inputs, generating both
quantitative score predictions and qualitative action difference descriptions between the two videos.

ABSTRACT

Analyzing fine-grained differences in skilled activities, such as sports or surgery,
poses a significant challenge for computer vision, demanding both precise action
understanding and domain-specific reasoning. While prior work has made progress
in evaluating individual performance, existing methods fall short in comparing two
similar actions (e.g., penalty kick in soccer) conducted by different performers
and explaining how their actions differ. To address this gap, we introduce Ac-
tion Difference Reasoning (ADR), a novel task that jointly provides quantitative
performance scores and qualitative explanations of inter-performer differences,
enabling actionable feedback for improvement. To support this task, we construct
the ADR dataset, built upon Ego-Ex04D dataset, comprising paired videos anno-
tated with both performance scores and natural language descriptions of action
differences. We further propose KEPT, a keypoint guided tree search framework
that explicitly models the reasoning process behind performance differences by
capturing fine-grained kinematic cues. Experiments on the ADR dataset show that
KEPT significantly outperforms existing baselines, including large vision-language
models, on both score prediction and action difference explanation. Moreover,
our framework generalizes effectively to traditional Action Quality Assessment
(AQA) settings, surpassing state-of-the-art approaches on benchmarks including
JIGSAWS and FitnessAQA. Code, model and dataset will be released after the
review process.

1 INTRODUCTION

Analyzing and comparing skilled activities (e.g., sports, surgery) is highly valuable for education
and coaching, supporting trainees across different skill levels. For novice athletes, like beginner
soccer players, precise analysis of actions (e.g., ball control, kicking) helps decompose complex
movements into fundamental components. For advanced performers, fine-grained action analysis
enables targeted feedback for skill refinement and performance optimization. Similar needs arise
in surgical training, where junior surgeons benefit from detailed guidance on how to improve
their technique. Crucially, effective training requires both quantitative assessment and qualitative
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interpretation of fine-grained actions. However, analyzing actions in isolation is often insufficient. A
more effective approach involves comparing the same actions across different performers to uncover
subtle execution differences. These detailed comparisons reveal specific areas for improvement,
providing actionable insights that enable performers to refine their techniques and accelerate skill
development.

Prior work on analyzing skilled activities Xu et al.|(2024b)); |[Zhou et al.|(2024); Majeed:i et al.| (2024);
Bai et al.| (2022); [Yun et al. (2024); [ Xu et al.|(2024a; 2022) has largely focused on evaluating
individual performers in isolation. While effective for assessing performance quality, this approach
lacks the ability to capture and explain fine-grained differences between performers’ techniques. As a
result, it limits the potential for comparative insights that are critical for identifying subtle execution
variations—insights that can drive personalized feedback and targeted skill refinement. Recent work
by Burgess et al. Burgess et al.|(2025) introduced the video action differencing task, which compares
how two individuals perform the same actions. However, their approach is limited to qualitative
assessment only, without quantitative assessment.

To overcome the above limitations, we propose a new task: Action Difference Reasoning (ADR).
Unlike traditional score-based methods, ADR aims to provide both quantitative individual assess-
ments and qualitative explanations of differences between performers’ actions, offering deeper insight
into skill variation. As shown in Figure[I] ADR takes as input two videos of different individuals
performing similar actions and outputs a numerical score reflecting each performance quality along
with language commentary describing key action differences. This dual-output formulation enables
more comprehensive and interpretable analysis, supporting targeted feedback for skill development.

As no existing datasets support the task of Action Difference Reasoning (ADR), we introduce a
new dataset, ADR, which is built on the Ego-Ex04D dataset|Grauman et al.[|(2024). ADR focuses
on exocentric videos from three sports domains: basketball, soccer, and rock climbing. For each
sport, we select one exocentric video per player, annotated with expert-assigned performance scores
and commentary. We then construct video pairs capturing the same sub-activity within each sport
(e.g., mid-range shooting in basketball). For each pair, we use expert commentary to prompt a
Large Language Model (LLM) to generate detailed descriptions of the action differences between
performers, as illustrated in Figure[2] This structured dataset enables comprehensive ADR analysis by
supporting both quantitative evaluation and qualitative reasoning about inter-performer differences.

The Action Difference Reasoning (ADR) task presents unique challenges: identifying fine-grained
differences between performers’ actions requires both precise motion understanding and domain-
specific expertise. Accurate motion understanding involves capturing the spatiotemporal kinematic
patterns of the performers. Meanwhile, domain expert, such as human referees, rely on structured
visual reasoning processes guided by their specialized knowledge to identify subtle discrepancies. To
effectively address ADR, it is essential to model these expert-like visual reasoning processes and
incorporate domain knowledge into the system, enabling the model to distinguish nuanced action
differences with both accuracy and interpretability.

Given that domain experts typically engage in structured visual reasoning by searching in their
internal knowledge graph, we formulate visual reasoning as a search process and introduce the KEPT
framework that combines keypoint-based motion analysis with tree search to model expert-like
reasoning. In this framework, tree search serves as a sequential decision-making algorithm that
explores a combinatorial space of possible reasoning trajectories, where each path represents a
plausible sequence of shifts over spatiotemporal keypoint features on the human body. This process
enables the model to discover suitable reasoning paths that align with expert judgments, allowing
for both interpretable and fine-grained comparison of performers’ actions. Our approach begins
by applying tree search to explore sequential visual reasoning paths over keypoints, capturing fine-
grained kinematic dynamics in a structured and interpretable manner. To enhance alignment with
human expert judgment, we guide the learned reasoning paths using expert commentary, ensuring that
the model captures semantically meaningful action differences. These reasoning path representations
are then used to generate quantitative performance scores. In parallel, we compute a residual implicit
keypoint graph embedding by contrasting the two performers’ keypoint graphs, allowing the model to
isolate subtle motion discrepancies. This fusion of structured visual reasoning and implicit relational
cues enables the generation of qualitative natural language explanations that are both detailed and
grounded in expert knowledge, resulting in a comprehensive ADR output. The major contributions of
this paper are summarized as follows:
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* We introduce a novel task, Action Difference Reasoning (ADR) for skilled activities, which
not only generates score evaluations for individual performers but also provides detailed,
expert-level commentary on action differences between players across multiple sports

categories.

* We propose a new framework called KEPT, the Keypoint-guided Tree Search, designed to
address the challenges of ADR tasks by visual reasoning processes essential to assessing

action performance.

* To support ADR research, we construct a new dataset, ADR, which includes both score-
based evaluations and expert-generated comments on action differences. Comprehensive
experiments demonstrate that our approach significantly outperforms existing state-of-the-
art methods on both this challenging ADR task and traditional AQA task, highlighting its
effectiveness in detailed sports performance analysis.

2 ACTION DIFFERENCE REASONING DATASET

To support research on
action difference reason-
ing, we constructed a
new dataset, ADR, de-
rived from the Ego-Exo4D
dataset |Grauman et al.
(2024). ADR includes
videos from three sports:
soccer, basketball, and
rock climbing. Soccer
and basketball activities
are divided into three sub-
activities each, while rock
climbing is represented by
a single sub-activity. As
detailed in Table[T] the bas-
ketball activities include
Mid-Range Jump Shoot-
ing, Mikan Layup, and Re-

(]

Expert comment on Video 1: @h_
The subject displays ability to manipulate the ball with
different surfaces and uses them to change direction.
However, her coordination in moving with the ball is
below average. She often takes multiple steps
between touches and at times her body posture can
be very upright, not allowing quick change of
directions.

-

Expert comment on Video 2;

The subject is performing a close control dribbling
exercise at a reduced speed. He shows comfort in
running with the ball, but lacks coordination to make
efficient contact with the ball between steps, which
leads him to pushing the ball further away from his
body with his touch or the ball is too underneath his

Il give you expert comments on two soccer
players, please summary the differences of these
two players' performance in one sentence based
on the expert comment. Note that the summary
should include specific comparisons on the two
players regarding which part does player 1 do
better than player 2, and which part does player 2
do better than player 1.

Generated Action Difference Descriptions

Player 1 has better ball manipulation and
directional changes than Player 2, but lacks fluidity
and coordination when moving with the ball;
meanwhile, Player 2 is more comfortable running
with the ball but struggles with close control, often
pushing it too far or too close, which disrupts his
speed.

body, slowing his action down.

Figure 2: The process of data construction for action difference de-
scription generation with Gemini 2.5. We take the instruct prompt
and expert comments on video 1 and video 2 as inputs to Gemini 2.5,
generating the ground-truth action difference descriptions.

verse Layup, while soccer activities are categorized as Penalty Kick, Juggling, and Dribbling. To
maintain clean scenarios, we selected one exocentric video per player from the original dataset,
choosing only videos where no other unrelated individuals are present. The composition of each
category and the number of videos per sport are shown in Table[T]

Since every player is commented by several experts with individual score evaluations, the ground-truth
score for each player is obtained by averaging all the scores provided by experts. Expert comment
for each video is also obtained by combining all expert comments. To construct the ADR dataset,
we group videos in each sub-activity into video pairs, as the examples shown in Figure 2] Then the
ground-truth action difference descriptions are generated by prompting Gemini 2.5|Gem)| (2025) with
expert comments on each video. Figure 2] shows the process of constructing ground-truth action

Category

‘ | Num of Videos | Num of Video Pairs

\ Sub-activity | train test | train test
Mid-Range Shooting 17 28 136 378
Basketball Mikan Layup 26 23 325 253
Reverse Layup 27 30 351 435

Juggling 6 2 15 1

Soccer Penalty Kick 21 3 210 2
Dribbling 23 5 253 10
Rock Climbing | Climbing | 70 155 | 2415 703

Table 1: Dataset Splits for each sports category. Both basketball and soccer contain three categories,
while rock climbing contains only one category. The number of videos and video pairs for each sports

category are listed.
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difference descriptions. To ensure that the generated descriptions focus on action differences of
players, the instruction prompt for Gemini 2.5 is designed to stress that the summary should include
which part does which player do better, as shown in Figure 2] The number of video pairs generated
for each sports category is also listed in Figure[I]

To validate the quality of action difference descriptions generated by Gemini 2.5, we conducted a
systematic human evaluation using 50 randomly sampled video pairs from each sport category. A
human evaluator with domain knowledge in each respective sport was tasked with determining which
athlete demonstrated superior performance, based solely on the model-generated action difference
descriptions. We then compared these human judgments against the ground-truth athlete scores
to assess whether the generated descriptions accurately captured performance differentials. The
evaluation revealed strong alignment between the descriptions and actual performance metrics, with
128 out of 150 video pairs (85%) yielding judgments consistent with ground-truth score differentials.
This substantial agreement rate confirms the high fidelity and reliability of the generated action
difference descriptions in capturing detailed performance variations between athletes.

3 METHOD

Our KEPT approach is outlined in Figure 3] which consists of three major components: (1) Keypoint-
guided Tree Construction; (2) Expert Knowledge Alignment; (3) Keypoint-guided Action Difference
Reasoning.

3.1 TASK FORMULATION

We introduce the novel task called Action Difference Reasoning (ADR) that generates both quan-
titative score assessment and qualitative language descriptions on action differences between two
performers doing the same action. Specifically, given two videos V; and V5 that doing the same
category of action a, ADR task requires to output both quantitative results and qualitative results:

* predicted scores s; and ss of the two corresponding videos (Quantitative).

* language descriptions 7 of the difference of the two videos (Qualitative).

Our objective is to learn a model My parametrized by 6 that generates these two components:
s1,82, T = Mg(V1,V3). During training, we have original videos, ground-truth scores and language
descriptions of action difference. For testing, we only have videos, aiming to generate scores and
language descriptions of action difference.

3.2 KEYPOINT GUIDED TREE SEARCH

Human referees employ specific sequential visual process strategies to accurately evaluate a per-
former’s action, focusing on distinct regions of interest at different times. For instance, a referee
might initially attend to upper body kinematics before shifting their gaze to lower body movements.
The final assessment is then derived from this temporal sequence of visual fixations. Drawing an
analogy to this sequential nature of human visual processing, we propose to model these visual
process strategies as combinatorial search spaces. We formulate the visual processes of referees as
such spaces and leverage keypoint-guided tree search to model and potentially predict their dynamic
attention patterns.

As shown in Figure 3] our KEPT approach starts from keypoint-guided tree search to select an optimal
reasoning path, followed by expert knowledge alignment and keypoint-guided action difference
reasoning.

Keypoint-Guided Tree Construction. In the constructed search trees, each node represents a state
(represented with circles of different colors in Figure([T), each edge represents a transition from one
state to another. To start with, we first define the tree nodes based on the particular problem we are
solving. In sports scenarios, we define tree nodes based on the four major joints that control human
movement: elbow, shoulder, hip, and knee. Therefore, every tree node in sports scenarios consists
of four possible actions. In surgical scenarios, since surgical actions are performed via surgical
instruments, we define tree nodes based on the three major parts of instruments: tip, body and tail.
Therefore, every tree node in surgical scenarios consists of three possible actions. We use sports
scenarios as running examples and include illustrations on surgical scenarios in supplement materials.
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Figure 3: The pipeline of our KEPT framework, including Keypoint-guided tree search (KGTS),
Expert Knowledge Alignment and Knowledge-guided Action Difference Reasoning.

We implement the keypoint-guided tree with a finite depth K. Each leaf node involves K — 1 steps
and corresponds to a unique trajectory through the assessment process, representing a sequence of
consecutive. To represent each node, we utilize the three key physical information of each joint:
angle, speed, and position. Formally, each node is represented in the form of (a, v, p) where a € [0, 1]
indicates angle, v € R denotes the joint speed and p = (x,y, 2) indicates the position of the joint,
where z € [0,1], y € [0,1] and z € [0, 1] are normalized 3D coordinates. This representation
models the hierarchical relationships between major joints and their associated kinematic properties,
providing a structured representation of the domain knowledge relevant to skilled human activities.

Reasoning Path Selection. As we have constructed the keypoint-guided tree, we learn the optimal
reasoning path [* with:

= argrlneaTXQ(l), )

where [* denotes the learned reasoning path with the highest score, 7" is the number of leaf nodes in
the keypoint-guided tree, which also corresponds to the number of reasoning paths, Q(!) indicates
the score value of each path.

To learn the score value QQ({) of each reasoning path, we design a score network R.; (shown in the red
block in Figure 4) based on the constructed keypoint-guided tree. Thus, Q(l;) = Ry (l;, V) € [0, 1],
where ¢ € [1,T7, [; indicates the i-th reasoning path, V' is the input video. For all the possible K
nodes (K equals to the largest depth of keypoint-guided tree) in one reasoning path /;, they are
represented with their corresponding physical statistics of each joint, as illustrated in the above
section. The score value (I;) for one path is obtained as:

Q(l;) = Sigmoid (Fr(MHCA(fy, f1/))) € [0,1],
fir = Fu(far) € RV* 2
fir=Fv(fv) e RN* fyy = By (V) € RN*Y

where MHCA indicates multi-head cross attention module in the Transformer block, Fr, F; and
Fy are mapper functions implemented with Multi-Layer Perceptron (MLP), Ey denotes an existing
visual encoder, d indicates the feature dimension, fj; € RY*" represents the physical statistics
(angle, speed and position) of keypoint-guided tree, N is the number of video keyframes in a video
input, h is the size of physical statistics, V' indicates the video input. Therefore, we select the optimal
reasoning path based on Eq([I]

Given that human referees tend to take similar visual reasoning processes while assessing the same
actions, we introduce the KL divergence loss to measure the score value distributions between videos
performing the same action:

Lxi. = KL(py, p2), A3)
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Figure 4: Detailed architecture of modules in the KEPT framework. There are three major com-
ponents in KEPT: (1) keypoint-guided Tree Search that constructed with the learned score net; (2)
Expert Knowledge Alignment; (3) Keypoint-guided Action Difference Reasoning. Each module is
highlighted with different color.

where pl € R” and p? € R” indicate normalized score value distributions of the two videos with

the same action categories, p, = (p(l1),p(l2), - - - p(lr)), p(l;) = % KL divergence loss in
i=1 z

Eq[3]enforces the score value distribution of two performers conducting the same actions to be close
to each other.

3.3 EXPERT KNOWLEDGE ALIGNMENT

To learn better reasoning path representations f},, we further align f}, with expert commentary by
incorporating expert knowledge. As shown in Figure forr = MHCA(fe, fiy) € RNX fuar =
MHCA(fy, f3;) € RN where fo € R% and fy serve as query, fys serves as key and value in
MHCA, fc denotes expert commentary representation extracted from a Large Language Model
(LLM). Expert knowledge alignment is conducted by introducing the semantic loss function Lgemantic
to align visual representation fy 5, with language representation fopy:

Esemantic =1- COS_Sim(.fCM; fVM)a (4)

where cos_sim indicates the cosine similarity between two embeddings; foar € R?, fyar € RY
denote the average-pooled embeddings from fop, € RV ¥4 and fy 5, € RYX4,

3.4 KEYPOINT-GUIDED ACTION DIFFERENCE REASONING

As we have learned the reasoning path representation f}, with expert knowledge alignment, we
further update keypoint embedding fy into knowledge-enhanced keypoint embedding fj: fr =
MHCA(fVM, fK) € RPXd, fK = Fk (K) S RPXd, K= EKP(V) S RPX?’, where K € RP*3
indicates the extracted 3-D human keypoints from an existing keypoint extractor F'x p, P denotes the
number of keypoints.

Action Score Prediction. As shown in Figure[d] to capture the inter-dependencies among keypoints,
we introduce an implicit knowledge graph (IKG) Gixg based on knowledge-enhanced keypoint
embedding f7-. To generate the IKG, we start with an ordinary keypoint graph G € RF*¥ where
each entry g;; (¢ € [1,P],j € [1,P]) is defined as follows: g;; = 1 if keypoints ¢ and j are
connected by the human skeleton, and g;; = 0 otherwise. To construct the implicit knowledge graph
gk € RP*P we invert the entries in G, setting all positions with a value of 1 to 0. We then compute
the probability for each remaining location in the graph as follows:
1
P(z;,2;10) = mexp( = (@i, 753 9)),
Z(G) é exp(—gb(x,x';@)),
(z,z")eP

&)
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where z; € R? and T; € R are individual keypoint embeddings obtained from the knowledge-
enhanced keypoint embedding f7.; P indicates all the poosible keypoint pairs; Z(6) is the normalizing
factor; ¢(x, x’; 0) denotes a mapper function (implemented with an MLP) parametrized with 6 to learn
the dependencies between keypoint embeddings 2 and . To construct the Gixg, we set a threshold 7
for the probability P;; obtained from Eq[5} {P;; = 1 if P;; >=7; P;; = 0 if P;; < 7}. With both
the original keypoint graph G and the implicit knowledge graph Gixg, we utilize graph neural network
(GNN) to learn the final keypoint graph embedding % € RP*4: H = o (Giks (0(GfxW))Wika).
where ¢ indicates the nonlinear activation function; W € R%*4 and Wixg € R4*? are learnable
weights in GNN. The predicted score 5 for each video segment is generated with a light-weight fully
connected layer FC: § = % Zszl FC(H), where K denotes the number of segments for the entire
video. The score prediction process is supervised with the score loss function Lcore:

Escore = H§_5||g» (6)
where s denotes the ground-truth score of the video clip. Emrﬁ aims to minimize the difference

between the model-predicted action scores and the ground-truth values, ensuring that the model
accurately evaluates action quality.

Action Difference Description Generation. For generating action difference descriptions, we
regard it as comparing the differences of implicit keypoint graphs G; i ¢ between different videos.
Firstly, keypoint graph embedding H of each video clip is applied with the keypoint graph token
learning function Fx (implemented with an MLP) that maps H to keypoint graph token embeddings
Tha = Fa(H1) € REXY T2, = Fu(Ha) € RP*? where d’ denotes the dimension of tokens.
Secondly, we generate residual keypoint graph embedding AH = [H1 — Ho; Ho — H1], where
[;] denotes the concatenate operation. Thus, the token embedding Tax ¢ of AH is obtained by
Taxe = Fu(AH) € RP*4 We concatenate Tita Tias Take and the text embedding fp of a

short instruct prompt P € R?, then apply a text decoder to generate the final descriptions of action
differences C: )
C = Text_Decoder ([T o: Thc: Taka; fr)), @)
where P is a short prompt to instruct LLM generating action difference descrip-
tions (e.g., P="“Please generate the action difference between Player 1
and Player 2 given their respective videos.”). To monitor the text generation
process, we extract features of both the ground-truth action difference description C and the generated
action difference description C with a LLM: fc = LLM(C) € RY, fs = LLM(C) € R?. Thus, the
loss function for action difference descriptions can be computed as:

Ecomment =1- COS_Sim(fc, fé) (8)
The total loss function for model training is obtained by combining the three loss terms:
L= ﬁscore + o »Csemamic + g ﬁcomment + QSCKLa (9)

where a1, as and ag are coefficients controlling the weights of loss functions. During inference, we
employ Eq[7]for difference description generation, without the need to have expert commentary as
training.

4 EXPERIMENTS

4.1 EVALUATION METRICS & DATASETS

The proposed ADR task contains two sub-tasks: (1) score prediction, also known as action quality
assessment (AQA), and (2) action difference description generation (ADDG). For AQA evaluation,
we employ two standard metrics: Spearman’s rank correlation (p) and relative {5 distance R-¢5.
The ADDG performance is assessed using established natural language generation metrics: BLEU
Papineni et al.| (2002), ROUGE |Lin! (2004) and METEOR |Banerjee & Lavie (2005). Among these
metrics, R-/5 is unique in that lower values indicate better performance, while higher values of p,
BLEU, METEOR and ROUGE signify superior performance. We test our model on three datasets: (1)
our constructed ADR dataset for sports action assessment; (2) JIGSAWS dataset|Gao et al.[(2014) for
surgery action assessment; (3) FitnessAQA dataset Parmar et al.| (2022) for assessing fitness actions
in gyms. The assessment of models on the FitnessAQA dataset is evaluated with F1 score following
the practice of previous work |[Parmar et al.|(2022). Detailed formulation of evaluation metrics and
introduction of JIGSAWS and FitnessAQA datasets are contained in supplementary materials.
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Figure 5: Visualization results of visual reasoning paths in keypoint-guided tree. Upper box: ADR
dataset for sports actions; Lower box: JIGSAWS dataset for surgery actions. The selected reasoning
paths are highlighted in red arrows. score values of top 10 paths are annotated in the figure.

Soccer Video 1 Video 2
Ground-Trath Player 1 shows superior initial control and striking purity at lower heights, whereas Player 2 demonstrates
significantly better overall consistency with far fewer drops and proficient use of a wider variety of body surfaces.

Action Difference Player 1 exhibits superior overall skill and technique, particularly in footwork, ball control, and passing,
Description Generation whereas Player 2 excels more in dribbling, shooting accuracy, and finishing.

Basketball  video1 Video 2

o Y B S0 B R o g fiiY
-" E"'
L L p |

Ground-Truth Player 1 showed better specific technique in placing the ball high on the backboard despite inconsistent footwork,
whereas Player 2 demonstrated better shooting arm extension and achieved correct positioning even while lacking

the desired quickness, explosiveness, and consistent athletic stance.

Action Difference Player 2 demonstrates superior footwork and balance while Player 1 has better body control in terms of hip flexion
Description Generation and knee alignment, though Player 1 lacks proper technique for initiating a vertical jump

Climbing Video 1 Video 2

Climber 1 demonstrates better power, overall movement execution, and progresses further despite issues with

Ground-Truth fatigue and specific grips, while Climber 2 shows good footwork and tension management but lacks the power
and sequence consistency needed for bigger moves, causing earlier falls.

Player 1 demonstrated superior overall technique and decision-making in managing dynamic holds and
maintaining proper form throughout the climb, while Player 2 struggled with maintaining control and balance,
particularly during dynamic moves and had more frequent falls.

Action Difference
Description Generation

Figure 6: Qualitative results of generated action difference descriptions in our ADR dataset. Three
sports categories (Soccer, Basketball, Climbing) with two videos forming a video pair. Highlighted
texts indicates the similar semantic descriptions from our generated text with ground-truth.

4.2 QUANTITATIVE RESULTS

We compare our KEPT approach with existing approaches for Action Quality Assessment (AQA)
and foundation models for action score prediction. Results in Table 2]and Table [3]demonstrate that
our approach outperforms existing state-of-the-art approach for AQA in action score prediction. In
addition, our approach outperforms both open source (LLaVA-Video Zhang et al.| (2024)), QWen
2.5 [Yang et al.| (2024)) and closed source (GPT-40 (2024), Gemini-2.5 (2025)) large
vision-language models (LVLM). For open source LVLM, we finetune the model with LoRA
on our ADR dataset. For action difference description generation, results in Table [4]
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Models pT  R—105(x100) |

FineParser|Xu et al.|(2024b) 0.41 29.36 Models | JIGSAWS || FitnessAQA

MAGR |[Zhou et al.[(2024) 0.73 10.14 | pt R—1,(x100)| || FI(OK) F1(OE) FI(SF) FI(SI)

Qwen 2.5|Yang et al. [(2024) 0.46 44.26 MAGR [Zhou et al 2022 0.43 10601 0564 0357 079 0157

LLaVA-Video|Zhang et al.|(2024)  0.21 16.93 LLaVA-Video[Zhang etal.|(2024] | 0.41 40.614 0392 0533 0795 0257

GPT-40/GPT|(2024) 0.54 11.87 Gemini 2.5/Gem {2025} 0.10 33.130 0.105 0.128 0513 0.170
L o GPT-40|GP1 {2024 0.09 71611 0 0.046 0 0

Gmini 2.5|Gem|(2025) 0.61 5.57 Qwen-2.5-VL-7B[Yang et al {2024] | 0.03 67475 0404 0082 0 0

Ours (A Expert Comment) 0.64 5.17 Ours (A KL Loss) 050 10.654 0598 0447 0477 0219

Our (A GNN) 0.63 5.98 Ours 0.67 7.469 0670 0502 0812 0.400

Ours (A KL loss) 0.77 4.34

Ours (A Semantic Loss) 0.59 6.62 . . . .

Ours 0.80 3.55 Table 3: Action score prediction results in JIGSAWS

and FitnessAQA datasets. OK: OHP_knee; OE:
Table 2: Action score prediction results OHP_elbow; SF: Squat_forward; SI: Squat_inward.
in ADR dataset.

demonstrates that our approach is able to generate better descriptions compared with competing
approaches. We also compare action difference description generation results for each category in
Table E} Specifically, we evaluate four fitness actions: OHP knee, OHP elbow, Squar forward and
Squat inward. Results in Table [3]indicate that our MCTS outperforms other approaches by a large
margin on the FitnessAQA dataset accross all the action categories.

Models | BLUE (n_gram) | ROUGE | METEOR
NGl _NG2 NG3 NG4_All | RO-I_RO2 ROL ROS | score
LLaVA-Video[Zhang etal J2024] | 0.168 0016 0.002 0.002 0009 | 0.5 0011 0106 0.106 | 0.144 Models | BLUE | ROUGE | METEOR || pt R - £2(x100)
2075 0158 0011 0003 0002 0008 | 0186 0009 0119 0119 | 0131 NGI__NG2_NG3_NG4__All | RO-I_RO2 ROL RO | score

Quen 25%% e B A S e R v vl et 0399 0116 0032 0013 0058|0391 0125 0268 0268 | 0334 | 093 151
Swen LA T - . 0 o 2 - S - o~ Basketball | 0375 0.119 0035 0015 0061 | 0381 0.119 0275 0275 | 0319 | 085 337

Ours (A Semaitic Toss) 03477 01T - 0.036 ~0.0150.060 ['0.350 ~0.107 024270242 10,307 Climbing | 0367 0.120 0040 0017 0064 | 0373 0120 0257 0257 | 0321 | 074 501

Ours (A GNN) 0295 0.083 0.022 0009 002710336 009 0227 0227 0271 Al 0369 0119 0038 0016 0063 | 0384 0124 0269 0269 | 0332 | 0.80 355

Ours (A RKG) 0328 0099 0030 0012 0037|0360 0011 0241 0241 | 0301

Ours (A KL Loss) 0334 0107 0037 0015 0048 | 0364 0117 0261 0261 | 0306

Ours 0369 0119 0.038 0016 0063 | 0384 0.124 0269 0269 | 0332

Table 5: Quantitative results of our approach for
Table 4: Quantitative results for action differ- action difference description generation and ac-
ence description generation on ADR dataset. A tion score prediction on individual sports cate-
RKG: residual keypoint graph. NG: n_gram; RO: gories. NG: n_gram; RO: ROUGE.

ROUGE.

4.3 ABLATION STUDIES

Ablation studies in both Table [2| and Table [3| demonstrate the effectiveness and necessity of our
designed modules and loss functions. Results in Table 2]indicate that removing semantic loss results
in the most significant performance drop in terms of action score prediction. This suggests that
language features from expert commentary is essential for guiding visual representations in decision
making.

4.4 QUALITATIVE RESULTS

Figure 5] visualizes the learned reasoning paths from keypoint-guided tree in both sports and surgery
scenarios. For those paths contain nodes belong to the same keypoint, we combine them into one
single node. This visualization effectively demonstrates how our KEPT approach successfully models
expert visual reasoning processes, capturing the hierarchical and sequential nature of domain-specific
assessment protocols.. Figure[§|presents qualitative comparisons between generated action difference
descriptions and ground-truth annotations. The highlighted text segments demonstrate that our
generation framework effectively captures critical assessment information present in the ground-truth,
validating the semantic fidelity of our approach in articulating visual differences that domain experts
would identify as significant.

5 CONCLUSION

In this study, we addressed the challenging Action Difference Reasoning task, which demands both
quantitative and qualitative reasoning capabilities. By formulating this task as a search problem,
we develop the keypoint-guided tree search method to analyze performance differences through
detailed kinematic assessment. Our experimental results demonstrate that this approach significantly
outperforms existing methods in Action Difference Reasoning tasks. Future work will focus on
extending our keypoint-guided tree search into a more comprehensive framework capable of handling
increasingly complex reasoning challenges.
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A APPENDIX

B RELATED WORK

Tree Search. Tree Search (MCTS) is a planning algorithm that strategically balances exploration and
exploitation by integrating tree search with stochastic simulations |[Coulom!| (2006)). The algorithm
iteratively refines a search tree through four key stages. First, the selection phase traverses the tree
from the root node, guided by a policy like Upper Confidence Bounds for Trees (UCT) [Kocsis &
Szepesvari (2006)), to select a child node that either maximizes potential score or explores less visited
states. Upon reaching a leaf node or an expandable internal node, the expansion phase adds one or
more child nodes, representing previously unconsidered actions or plan extensions. Subsequently,
the simulation (or rollout) phase estimates the value of the newly added node by performing random
or policy-based sampling of actions until a terminal state or a predefined depth is reached. Finally,
the backpropagation phase updates the value estimates of the nodes along the path from the newly
simulated node back to the root, incorporating the simulation outcome. Through repeated iterations
of these four phases, MCTS adaptively focuses its search on promising regions of the state space
while maintaining exploration of less certain areas.

Action Quality Assessment. Action quality assessment has gained considerable attention recently,
with diverse approaches aimed at enhancing accuracy and robustness. Wang et al. 'Wang et al.| (2020)
propose an uncertainty-aware score distribution learning framework, while Yang et al. [Yang et al.
(2021) introduce a group-aware contrastive regression model leveraging group dynamics for refined
assessments. The TSA-Net architecture by Wang et al. |[Wang et al.|(2021)) uses tube self-attention
to focus on relevant action segments, achieving improved performance. Additionally, FineDiving
Wang et al.|(2022a) provides a fine-grained, procedure-aware dataset for training models on nuanced
action quality data. Further approaches include Wang et al.’s pairwise contrastive learning network
Wang et al.| (2022b)), which emphasizes relationships between action pairs, and the FineParser
model [Wang et al.|(2024a)), which enables fine-grained spatio-temporal parsing for human-centric
evaluations. The MAGR method |Wang et al.| (2024c) uses manifold-aligned graph regularization for
continual assessment, adapting to evolving data distributions, while the GAIA framework [Wang et al.
(2024b)) tackles the unique challenges of Al-generated video assessment. These studies collectively
highlight the importance of robust frameworks and datasets in advancing action quality assessment.
Recent work by Burgess et al. [Burgess et al.| (2025) introduced the video action differencing task,
which compares how two individuals perform the same actions. However, their approach is limited
to qualitative assessment only. In contrast, our work addresses both quantitative and qualitative
assessment, enabling more comprehensive evaluation of performer differences.

C EVALUATION METRICS

(1) For score prediction on ADA and JIGSAW datasets, we utilize Spearman’s rank correlation (p)
and relative ¢, distance R — /5 [Pan et al. (2019); [Parmar & Morris| (2019) as evaluation metrics,
while on the FitnessAQA dataset, we use F1-score as the evaluation metric:

* Spearman’s rank correlation (p) focuses on testing sample ranking and is defined as :
N N =
. >im1 (Wi —9) @i — 9)
N — N [~ =
\/Zi:l(yi —9)* 21 (0 — 9)?

where y and ¢ indicate the ranking of two sequences. Higher p suggests better model
performance.

. (10)

* Relative /5 distance (R — ¢») measures the distance from each sample to the ground-truth:

L~y — il
R—ly=53 | =), (11)

i=1 ymax ymm

where y; and ¢; denote the ground-truth and prediction scores for the i-th sample, respec-
tively. Lower R-/5 indicates better performance.
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ptT  R—1{(x100) |
Ours (3 layers)  0.61 5.11
Ours (5 layers)  0.68 4.31
Ours (6 layers)  0.58 6.26
Ours (4 layers) 0.67 7.469

Table 6: Ablation studies on the effect of different depth of tree search on score prediction perfor-
mance.

* Fl1-score (F1) is the harmonic mean of precision and recall:

B 2TP
T TP+ FP+FN’

F1 (12)

where

(2) For action difference description generation, we employ BLEU |Papineni et al.| (2002), ROUGE
Lin/(2004) and METEOR Banerjee & Lavie (2005) as evaluation metrics:

* BLEU (Bilingual Evaluation Understudy) measures how many words or phrases from a
generated (candidate) translation overlap with a set of reference translations. It focuses on
precision and considers n-grams to evaluate fluency and adequacy.

* METEOR (Metric for Evaluation of Translation with Explicit Ordering) is designed to
address some of BLEU’s limitations by considering recall alongside precision and focusing
on word-level alignment. It also incorporates semantic similarity through synonyms and
stemming.

* ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a family of metrics
primarily used to evaluate automatic text summarization systems, though it also applies to
machine translation. ROUGE compares automatically generated summaries or translations
against one or more human-produced reference texts. All ROUGE metrics produce scores
between 0 and 1, where higher values indicate greater similarity between the system output
and human references.

D JIGSAWS AND FITNESSAQA DATASETS

JIGSAWS Dataset. The JIGSAWS dataset (Gao et al.|(2014) comprises recordings of three fun-
damental surgical tasks performed by surgeons on bench-top models, all commonly included in
surgical training curricula. It contains three modalities: kinematic data, video recordings, and manual
annotations. In this work, we focus on the video modality and associated surgical skill annotations.

FitnessAQA Dataset. FitnessAQA [Parmar et al.| (2022)) includes three exercises: 1) BackSquat; 2)
BarbellRow; and 3) Overhead (shoulder) Press. It also provides annotations from experts to evaluate
the performance of athletes.

E MORE IMPLEMENTATION DETAILS

Feature dimension d = 4096. Fys, Fv, Fk, Fg are all implemented with two-layer MLP. Multi-
head attention consists of 8 heads. All experiments are conducted on two RTX-4090 GPUs.

F MORE QUANTITATIVE RESULTS

In Table[6] we present the ablation studies of implementing keypoint-guided tree with different depth.
The results indicate that 4-layer keypoint-guided tree result in best score prediction performance. In
Table[7)and Table[8] we present detailed results of score prediction performance on individual sports
category (ADR dataset) and surgical activities JIGSAWS dataset). We show detailed quantitative
results of action difference description generation of individual sports category in Table[9]
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Models | Soccer | Basketball | Climbing
| T R—6 (<1001 | pT R—(x100)4 | pT R 05 (x100)

MAGR [Zhou et al.|(2024) 0.52 8.43 0.72 7.90 0.74 13.32
FineParser|Xu et al.|[(2024b) 0.71 45.52 0.12 2443 0.72 13.18
LLaVA-Video|Zhang et al.[(2024) | 0.07 29.64 0.31 13.58 0.48 20.23
GPT-40|GPT|(2024) 0.18 38.64 0.51 10.17 0.75 16.7
Gemini 2.5|Gem|(2025) 0.64 14.21 0.63 7.01 0.70 4.34
Qwen 2.5|Yang et al.|(2024) 0.70 69.49 0.48 11.37 0.43 59.67
Ours (A Expert Commentary) 0.57 8.72 0.77 4.68 0.56 6.37
Ours (A GNN) 0.48 7.26 0.75 5.99 0.54 7.14
Ours (A KL loss) 0.75 4.15 0.80 4.52 0.70 4.90
Ours (A Semantic Loss) 0.65 9.612 0.78 9.18 0.51 5.59
Ours 0.93 1.51 0.85 3.37 0.74 5.21

Table 7: Quantitative results of score prediction performance on the ADR dataset for the three sports
categories (Soccer, Basketall, Climbing).

Models | Knot | Needle | Saturing
| pt R—10(x100)L | pt R—1Ly(x100) ) | pt R—£>(x100) ]

MAGR |Zhou et al.|(2024) 0.45 8.84 0.56 13.37 0.42 9.60
LLaVA-Video|Zhang et al.|(2024) | 0.45 31.74 0.17 48.69 0.61 41.41
Gemini 2.5/Gem |(2025) 0.05 29.07 0.14 50.59 0.11 19.73
GPT-40|GPT]|(2024) 0.27 72.09 0.08 119.51 0.07 23.23
Qwen 2.5]Yang et al.|(2024) 0.47 72.81 0.26 108.88 0.29 20.73
Ours (A KL Toss) 0.54 10.61 0.61 12.07 0.36 9.28
Ours 0.72 6.81 0.81 7.44 0.49 8.17

Table 8: Quantitative results of score prediction performance on the JIGSAWS dataset for the three
surgical activities (Knot, Needle, Saturing).

Models | BLUE | ROUGE | METEOR
‘ n_gram=1 n_gram=2 n_gram=3 n_gram=4 all ‘ rouge-1 rouge-2 rouge-L  rouge-S ‘ score
LLaVA-Video (Soccer)|Zhang et al.|(2024] 0.155 0.015 0.002 0.002 0.007 | 0.143 0.006 0.093 0.093 0.126
LLaVA-Video (Basketball)[Zhang et al.[{2024) 0.163 0.017 0.002 0.002 0.009 | 0.136 0.005 0.099 0.099 0.145
LLaVA-Video (Climbing)|Zhang et al.|[{2024] 0.169 0.016 0.002 0.002 0.009 | 0.154 0.012 0.011 0.011 0.143
GPT-40 (Soccer)|GPT|(2024] 0.238 0.021 0.006 0.006 0.013 | 0.235 0.016 0.160 0.160 0.171
GPT-40 (Basketball)|GPT[(2024) 0.220 0.017 0.003 0.003 0.011 | 0.225 0.014 0.147 0.147 0.158
GPT-4o (Climbing)|GPT[i2024] 0.212 0.018 0.003 0.002 0.011 | 0.221 0.012 0.145 0.145 0.165
Gemini 2.5 (Soccer)|Gem (2025] 0.217 0.022 0.002 0.002 0.011 | 0.267 0.026 0.148 0.148 0.170
Gemini 2.5 (Basketball)|Gem|(2025) 0.163 0.010 0.003 0.002 0.008 | 0.180 0.010 0.117 0.117 0.130
Gemini 2.5 (Climbing)|Gem (2025} 0.155 0.011 0.003 0.002 0.008 | 0.186 0.009 0.120 0.120 0.130
QWen 2.5 (Soccer)|Yang et al.[(2024] 0.359 0.154 0.064 0.027 0.054 | 0.394 0.139 0.291 0.291 0.339
QWen 2.5 (Basketball)| Yang et al.[(2024) 0.358 0.134 0.049 0.019 0.059 | 0.361 0.109 0.244 0.244 0.326
QWen 2.5 (Climbing)|Yang et al.[(2024] 0.357 0.102 0.035 0.018 0.054 | 0371 0.127 0.268 0.268 0.333
Ours (A Expert Commentary) (Soccer) 0.364 0.096 0.024 0.008 0.045 0.371 0.102 0.261 0.261 0.311
Ours (A Expert Commentary) (Basketball) 0.366 0.107 0.034 0.014 0.058 | 0.377 0.114 0.266 0.266 0.306
Ours (A Expert Commentary) (Climbing) 0.342 0.109 0.039 0.018 0.063 | 0.368 0.116 0.253 0.253 0.321

Table 9: Quantitative results of different approaches for action difference description generation
performance over individual sports categories on the ADR dataset.

G MORE QUALITATIVE RESULTS

We show more visualization results of the reasoning path in keypoint-guided tree in both the ADR
dataset and JIGSAWS dataset in Figure[7] In Figure[8] we present more qualitative results of generated
action difference descriptions in the ADR dataset.
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Figure 7: More qualitative visualization results of visual reasoning paths in keypoint-guided tree.
Upper box: ADR dataset for sports actions; Lower box: JIGSAWS dataset for surgery actions. The
selected reasoning paths are highlighted in red arrows. score values of top 10 paths are annotated in
the figure.

Soccer Video 1 Video 2
Player 1 demonstrates superior skill variety using multiple foot surfaces and shows flashes of higher-level
ability despite inconsistency, whereas Player 2 maintains better fundamental body control, rhythm, and

ball closeness but is significantly limited by only using the inside of the feet.

Action Difference Player 2 demonstrates a more consistent and controlled technique throughout the climb, whereas Player 1
Description Generation lacks proper footwork, relies heavily on momentum, and struggles with maintaining tension.

Basketball Video 1 Video 2

g AR S e S g SR -
? - sl
L L L L

it While Player 1 shows better high placement of the ball on the backboard, Player 2 demonstrates superior
shooting accuracy, stability, and form, despite both players exhibiting incorrect Mikan drill footwork.

Player 1 shows superior technique in executing a basic crossover dribble with good footwork and hand
placement, whereas Player 2 lacks proper form, especially in footwork and timing. However, Player 2
Description Generation | outperforms Player 1 in understanding the specific nuances of the crossover, such as reading defenders and

initiating contact correctly.

Video 1 Video 2

Player 1 demonstrates better overall movement execution and lower body technique but fails to complete

Ground-Truth climbs due to fatigue or sequence errors, whereas Player 2 successfully completes climbs through
adaptability and problem-solving despite having less control over specific techniques like flagging.

- - Player 1 demonstrates superior overall technique, efficient footwork, and ability to maintain their grip
Action Difference throughout the climb, while Player 2 struggles with less effective footwork and loses control of their hands
Description Generation

early.

Climbing

Figure 8: More qualitative results of generated action difference descriptions in our ADR dataset.
Three sports categories (Soccer, Basketball, Climbing) with two videos forming a video pair. High-
lighted texts indicates the similar semantic descriptions from our generated text with ground-truth.
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