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Abstract

This paper presents a fully reproducible tactical tutoring pipeline for indoor
volleyball based on structured, rally-level representations. Motivated by recent
volleyball rally language resources such as VREN and by the growing interest
in natural language feedback systems, we study how to convert play-by-play
logs into a compact token sequence and then learn models that predict (A) rally
outcome (win/loss from the serving-team perspective) together with the
winning/losing reason category, and (B) simplified setting type and attack type
labels. We conduct complete experimental evaluations on the NCAA men’s
Division 1 2020 play-by-play logs released with ncaavolleyballr. Using a
match-disjoint 70/10/20 split, logistic regression with unigram—bigram
features reaches 0.989 Accuracy and 0.988 Macro-F1 on outcome prediction,
and 0.9998 Accuracy and 0.9995 Macro-F1 on reason prediction. On Task B,
the same approach achieves 0.993 Accuracy / 0.993 Macro-F1 for set-type
prediction and 0.9996 Accuracy / 0.997 Macro-F1 for attack-type prediction.
To support coaching-oriented interpretation, we extract token and token-pair
evidence from learned coefficients and convert this evidence into concise
instructional explanations using a deterministic tutor generator, enabling a rule-
consistency audit with 100% agreement on sampled cases. Our artifacts include
rally segmentation, tokenization, experimental settings, figures, and tables,
making the study directly replicable.

Introduction

the reliability and interpretability of token-based
models, from classical linear baselines to neural
sequence models [3]-[6], and has developed

Volleyball is a fast, tactical sport in which point
outcomes are driven by short sequences of discrete
actions—serve, reception, set, attack, block, and dig—
executed under strong time constraints. Coaches
analyze these sequences to identify why a team won or
lost a rally (e.g., a service error, a terminal attack, or a
block point), and to derive the next training focus. At the
same time, most automated volleyball analytics tools
stop at counting events or producing summary statistics,
leaving the final step—turning evidence into teachable
feedback—to human experts.

Recent work on structured sports language has made it
possible to represent a rally as a compact sequence of
tokens, bridging match logs and NLP-style modeling.
VREN introduced an expression-notation language for
volleyball rallies and demonstrated prediction tasks
such as rally outcome, setting type, and attack type [1].
In parallel, the broader NLP community has improved

explanation methods to surface model evidence [7]-
[10].

Large language models (LLMs) have renewed interest
in automated tutoring and feedback generation. Recent
studies show that LLMs can be embedded into
intelligent tutoring architectures or used to generate
feedback, but also highlight risks such as incorrect or
inconsistent advice [14]-[17], [22]. For sports, natural
language generation has been explored for narrative
enhancement and coaching feedback [18], [19], yet
rigorous, rally-level tutoring studies with fully
reproducible experiments remain limited.

This paper targets the gap between structured rally
representations and actionable coaching explanations.
We present an end-to-end system that (i) segments
NCAA play-by-play logs into rallies, (ii) converts each
rally into a structured token sequence, (iii) trains
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predictive models for two tasks, and (iv) produces an
evidence-grounded tutoring explanation for each rally.
Unlike papers that report illustrative results, every
quantitative result in this manuscript comes from
experiments executed on a downloadable public dataset
with fixed random seeds and a match-disjoint split.

Our main contributions are: 1) A reproducible pipeline
that converts NCAA play-by-play into rally-level token
sequences; 2) Complete experimental evaluations for
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rally outcome and reason prediction (Task A) and
set/attack type prediction (Task B) with Accuracy and
Macro-F1; 3) An evidence extraction layer that reports
key tokens and token-pairs from linear models,
providing token/position importance; 4) A tutoring
explanation module that turns model evidence into
concise coaching language and supports an automatic
rule-consistency audit. All tables and figures in the
paper correspond exactly to these experiments and
artifacts.

Rally segmentation
& tokenization

Play-by-play log
(NCAA 2020 M-D1)

Predictors
(Task A/B)

Evidence extractor
(coef, contributions)

Tutor generator
(template NLG)

Figure 1. End-to-end pipeline: play-by-play — rally tokenization — predictors — evidence — tutoring explanation.

Method

This section defines the dataset, rally segmentation
procedure, tokenization, prediction tasks, models,
evaluation metrics, explainability layer, and tutoring
generation. Our notation follows standard multi-class
classification conventions [11].

Dataset. We use the NCAA men’s Division 1 2020 play-
by-play logs distributed as CSV files with the
ncaavolleyballr project [2]. Each row contains match
identifiers (date, home/away teams, set number), the
scoreboard string (away-home), the team executing the
event, the event label, and optional player information.
Because score updates occur exactly on point-ending
rows, these logs support deterministic rally
segmentation.

Rally segmentation. Within each match and set, we
parse the scoreboard into integer away and home scores.
A point boundary is detected whenever either score
changes relative to the previous row. We assign a rally
index using the cumulative count of score-change flags,
shifted by one position so that the scoring row belongs
to the rally that it ends. Winner determination is
computed from the score delta on the scoring row: a +1
change in the away score implies an away-team point,
otherwise a home-team point. We infer the serving team
as the team associated with the first SERVE event
within the rally; rallies without an identifiable serve are
removed.

Structured rally tokenization. Each row is mapped to a
compact token triple: (role token, event token, optional

player token). The role token is R S if the row’s team
equals the rally’s serving team and R O otherwise. The
event token E * is obtained by normalizing raw event
labels into a small set (SERVE, RECEPTION, SET,
ATTACK, DIG, BLOCK, KILL, KILL FB, ACE,
SERVE ERR, ATTACK ERR, SET ERR, BHE,
OTHER). Player names are mapped to the 500 most
frequent player tokens PLY i, with out-of-vocabulary
players omitted. The rally representation is the space-
separated concatenation of these tokens in chronological
order.

Task definitions. Task A (Rally outcome + reason):
from the serving-team perspective, we predict outcome
y_out € {loss, win} and a reason label y reason from an
8-class set: {KILL, BLOCK, ACE, SERVICE ERROR,
ATTACK ERROR, SET ERROR,
BALL HANDLING ERROR, OTHER}. Reasons are
derived from the point-ending row’s event label. Task B
(Set type and attack type): we define a simplified setting
type y_set € {SIDEOUT SET, TRANSITION SET,
OTHER SET}, based on whether the winning team
executed at least one DIG (transition) or at least one
RECEPTION (sideout) within the rally. We define
attack type y attack € {KILL FIRSTBALL, KILL,
ATTACK ERROR, BLOCK POINT,
NO ATTACK POINT, OTHER POINT} from the
last event. These operational definitions are fully
reproducible from the released logs.

Data split and evaluation. To avoid leakage across
highly correlated rallies within a match, we split by
match id into 70% train, 10% validation, and 20% test.
All reported metrics are computed on the held-out test
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set: Accuracy and Macro-F1. Macro-F1 is computed as
the unweighted mean of class-wise F1 scores, which is
appropriate for imbalanced labels [11].

Models. We evaluate two model families. (i) Majority
baseline predicts the most frequent training label. (ii)
Token n-gram logistic regression uses unigram—bigram
count features from the rally text and trains a linear
classifier with class-balanced loss. For binary outcome,
we use a standard logistic model; for multi-class labels,
we use the multinomial formulation. Logistic regression
is an effective, interpretable baseline for text
classification and structured sequence tokens [3], [4].
We fix vectorizer settings (min df=2,
ngram range=(1,2)) and train with the Ibfgs solver to
convergence limits.

Explainability. For linear models, token and token-pair
importance is derived directly from learned coefficients.
For a predicted class c, tokens with large positive
weights contribute strongly to that class. For a specific
rally, we compute per-feature contributions by
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multiplying the feature count by the corresponding
coefficient, which yields local evidence for tutoring.
This coefficient-based evidence is faithful to the model
by construction and complements post-hoc explainers
such as LIME [7] and SHAP [8], as well as gradient-
based attributions such as Integrated Gradients [9].

Tutoring explanation generation and consistency audit.
We convert predictions and evidence into teaching
language using a deterministic natural language
generator that follows coaching rules. Given (y out,
y reason) and the top contributing features, the
generator produces: (a) a win/loss statement, (b) a
concise evidence sentence listing the top evidence
tokens, and (¢) a coaching adjustment specific to the
reason category. We evaluate rule consistency by
checking whether the generated explanation contains
the correct reason phrase for a set of sampled rallies.
This audit is intentionally strict and reproducible,
addressing concerns about unreliable or hallucinated
feedback in LLM-based tutoring systems [22].

Table 1. Dataset statistics (NCAA Men’s D1 2020 play-by-play — rallies).

Matches (unique match_id) 336

Rallies with identifiable serve 53462

Train / Val / Test rallies 37229 /5353 /10880

Avg. tokens per rally 17.0

95th percentile tokens per rally 36

Token types Role (R_S/R_O), Event (E_*), Player (PLY i)

Table 2. Task A reason labels and coaching interpretations.

Reason label Operational definition (log- | Coaching focus
derived)
KILL Point ends with KILL or FIRST | Improve block-defense
BALL KILL event. alignment; reduce predictable
sets.
BLOCK Point ends with BLOCK event. | Create better hitting windows;
attack seams and vary tempos.
ACE Point ends with ACE event. Fix serve-receive spacing and
platform angles.
SERVICE _ERROR Point ends with SERVICE | Stabilize serve toss/contact;
ERROR event. reduce risk under pressure.
ATTACK _ERROR Point ends with ATTACK | Improve shot selection; avoid
ERROR event. low-percentage swings.

SET ERROR
event.

Point ends with SET ERROR

Simplify sets when out of
system; prioritize ball control.
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BALL HANDLING_ERROR Point ends with BALL | Stabilize hands/platform; slow
HANDLING ERROR event. down and square up.
OTHER All  remaining point-ending | Review rally video/log and
events. correct the last controllable
contact.
Test-set distribution of rally-end reasons (Task A)
5000
4000
Eanoo
UEDDD
1000
0
& qko% @‘?QQ- . @é & y &oe c&@ {530%
(’?&&(‘ v{\?g'(- ‘oé ! ‘,0&\&

Figure 2. Test-set distribution of point-ending reasons (Task A).

artifacts. All reported numbers are computed from the
dataset statistics and models described in the Method
section.

Results and Discussion

We report full experimental results on the held-out test
set, including baselines, ablations, and interpretability
Table 3. Task A outcome prediction (serving-team perspective).

Model Accuracy Macro-F1
Majority baseline 0.6379 0.3895
LogReg (unigram+bigram) 0.9885 0.9876
LogReg  ablation  (remove | 0.9878 0.9868
scoring tokens)

Task A Qutcome Prediction

1.0+ mem Accuracy
mes Macro-F1

Majority

LogReg

Figure 3. Task A outcome prediction: Accuracy and Macro-F1 (Majority vs. LogReg).
Table 4. Task A reason prediction (8 classes).
Model Accuracy Macro-F1
Majority baseline 0.5037 0.0837
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LogReg (unigram+bigram) 0.9998

0.9995

ACE

ATTACK_ERROR

BALL_HANDLING_ERROR

BLOCK

KiLL

OTHER

SERVICE_ERROR

SET_ERROR

Confusion Matrix: Reason (LogReg)

5000

4000

3000

2000

1000

Figure 6. Confusion matrix for Task A reason prediction (LogReg).

Table 3 shows that the logistic regression model
substantially improves over the majority baseline on
outcome prediction. Table 4 shows near-perfect reason
classification because reason labels are tightly coupled
with the point-ending event tokens in the structured log.
This is desirable for tactical tutoring: the system is

designed to ground feedback in observed rally evidence
rather than to speculate about unobserved outcomes.
The ablation in Table 3 confirms that removing explicit
scoring tokens slightly reduces performance but
preserves strong outcome accuracy, indicating that
surrounding context tokens still carry predictive signal.

Table 5. Task B setting-type prediction (3 classes).

Model Accuracy Macro-F1
Majority baseline 0.4125 0.1947
LogReg (unigram+bigram) 0.9934 0.9926

Task B Set-Type Prediction

7 W Accuracy
Macro-F1

0.8 4

0.6 4

0.4+

0.2

0.0+

Majority

LogReg

Figure 4. Task B set-type prediction (Majority vs. LogReg).

Table 6. Task B attack-type prediction (6 classes).

Model Accuracy Macro-F1
Majority baseline 0.3188 0.0806
LogReg (unigram+bigram) 0.9996 0.9975
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LogReg ablation  (remove | 0.8956 0.8839
scoring tokens)

Task B Attack-Type Prediction

BN Accuracy
s Macro-F1

Majority LogReg

Figure 5. Task B attack-type prediction (Majority vs. LogReg).

Task B results mirror Task A: token n-grams provide that removing explicit point-ending tokens reduces
strong performance because the simplified set-type and accuracy to 0.896 and Macro-F1 to 0.884, which
attack-type labels are defined from observable tokens quantifies the contribution of terminal-event evidence.

within the rally. The attack-type ablation demonstrates
Table 7. Example high-weight evidence features for outcome and selected reasons.

Target Top evidence features (token or | Interpretation
bigram)
WIN (outcome) r s e attack err, r s e kill, r o | Features correlated with serving-
e dig,r s,r oe set,r oe other | team win.
ACE e ace,r se ace,r oe¢ ace, r s, | Ace-related tokens
r oe serve, ply 123
SERVICE ERROR e serve err, r o e serve err, | Serve error tokens
r 0,T S€ Serve err,r se serve,
e _serve
ATTACK ERROR e attack err, r s e attack err, | Attack error tokens

r o e attack err, e attack, r o
€_reception, € _reception

BLOCK e block, r o e block, r s |Blocktokens
e block, e other, r s e other,
ro

KILL e kill, e kill fb, r o e kill fb, | Kill tokens

rse killLr oe kill,r o

Table 8. Tutoring rule templates and rule-consistency audit.

Reason Tutor message core Training focus
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ACE

serve-receive breakdown

Serve-receive
communication

technique &

SERVICE ERROR

service error

Serve consistency & risk control

ATTACK ERROR attack error

Shot selection & error reduction

BLOCK block point Offense variation vs. formed
block
KILL attack kill Reinforce successful offensive

pattern

Rule-consistency on a 20-rally sample (automatic audit): 100.0%.

Table 9. Top reason confusions (Task A) from the confusion matrix.

True label Predicted label Count
BLOCK ATTACK ERROR 1
OTHER KILL 1

Example tutoring outputs. Below are representative
generated explanations (evidence features are shown as
n-grams):

* You lost the rally due to attack kill. Key evidence: r_s;
r oe set;r oe attack. Coaching adjustment: Keep the
successful pattern: attack with speed and keep pressure
on the defense.

* You lost the rally due to attack error. Key evidence:
rs; roeset; ro e attack. Coaching adjustment:
Improve shot selection: keep the ball high and in, and
hit high hands when out of system.

* You lost the rally due to service error. Key evidence:
r s;e serve; e serve err ply 70. Coaching adjustment:
Reduce risk: raise contact point consistency and target
safer zones.

* You won the rally due to block point. Key evidence:
r s;r se block;r oe set. Coaching adjustment: Create
a better hitting window: vary tempos and attack seams
to avoid the set-up block.

* You lost the rally due to attack kill. Key evidence: r s;
r oe set;r oe attack. Coaching adjustment: Keep the
successful pattern: attack with speed and keep pressure
on the defense.

Interpretability and coaching value. The learned
coefficient tables provide both global and local
evidence. Globally, Table 7 summarizes high-weight
features for key classes. Locally, the tutor lists the top
contributing tokens for the specific rally, which supports
transparent post-match review. Importantly, our tutor

generator 1S deterministic and therefore cannot
hallucinate an incorrect reason phrase; this enables a
strict rule-consistency audit (Table 8) and addresses a
common failure mode in LLM-based feedback systems
[22].

Relationship to VREN and structured rally language.
VREN provides a purpose-built expression notation for
volleyball rallies and supports multiple prediction tasks
[1]. Our study demonstrates that similar tutoring
capabilities can be obtained from widely available play-
by-play logs by explicit rally segmentation and
tokenization. The resulting representation is compatible
with linear NLP baselines and can be extended to richer
annotations (zones, rotations, setter calls) when
available.

Practical deployment. Because the core predictor is a
linear model, inference is fast and can run on
commodity hardware during video review. The
evidence extraction step is immediate (coefficient
lookup and sparse dot products), enabling coaches to
inspect evidence in real time. The deterministic tutor
generator can be replaced by an LLM-based realizer to
improve phrasing, but the same rule-consistency audit
can be retained as a safety check [14]-[17], [22].

Limitations

First, the NCAA play-by-play logs do not include fine-
grained tactical annotations such as set tempo, attack
combination, hitter approach type, or court zones. As a
result, Task B uses simplified operational labels derived
from the presence of reception/dig events and from
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point-ending actions. These labels support a
reproducible study but do not fully match the granularity
of professional scouting systems.

Second, our extremely high accuracies for reason and
attack-type prediction reflect the fact that labels are
defined from explicit point-ending tokens present in the
input representation. This is appropriate for post-hoc
tutoring (explaining an observed rally), but it is not a
forecast of future unknown outcomes.

Third, the tutoring module [23-32] is deterministic to
guarantee reproducibility and eliminate hallucinations;
however, it cannot provide the linguistic variety of a
strong LLM. A future extension can add an LLM
realizer with constrained decoding and automatic
factuality checks, while keeping the same evidence and
rule-consistency scaffolding.

Finally, we evaluate a linear baseline because it offers
transparent evidence extraction and stable training.
Future work can integrate neural encoders or
multimodal video features [16], but must retain
reproducibility and explanation faithfulness to be
coaching-ready.

Conclusion

We built and evaluated a complete tactical tutoring
pipeline for volleyball rallies from public NCAA play-
by-play logs. By segmenting rallies, tokenizing events
into a structured sequence, and training token n-gram
logistic regression models, we achieved strong
performance on outcome and reason prediction (Task A)
and on simplified set-type and attack-type prediction
(Task B). Our evidence extraction layer converts model
coefficients into token/position importance and our
deterministic tutor generator converts evidence into
coach-friendly explanations with a 100% rule-
consistency audit on sampled cases. The resulting
system provides a reproducible foundation for future
LLM-augmented coaching assistants grounded in
structured volleyball rally language.
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