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Abstract

Audio commentary generation enhances spec-
tator engagement by describing ongoing events.
A critical challenge in this domain is promptly
reacting to newly emerging events while main-
taining coherent transitions. Existing ap-
proaches face a fundamental trade-off: wait-
ing for utterance completion causes delays,
whereas immediate transitions risk unnatural
mid-word truncation. Despite its importance,
mid-utterance transition control remains under-
explored. We formulate this problem as de-
ciding when to terminate an ongoing utterance
and how to connect it to the next. We com-
pare four human-inspired strategies: immediate
interruption, chunk-based interruption at syn-
tactic boundaries, LLM-inserted break points,
and LLM-generated shortened closures. Our
experiments on a fast-paced game quantify the
trade-off between responsiveness and natural-
ness. Human evaluation reveals that natural
transitions do not always require complete sen-
tences; interrupting at clear linguistic bound-
aries preserves responsiveness while avoiding
unnatural truncation.

1 Introduction

Audio commentary provides spoken descriptions of
ongoing game events for spectators. Beyond con-
veying factual information, effective commentary
enhances immersion and entertainment through
timely reactions, expressive delivery, and domain-
specific interpretation (Behrens and Uhrich, 2022;
da Silva and Scelles, 2025). These requirements
have motivated growing interest in automated com-
mentary generation using language generation and
multimodal understanding technologies (Zheng
et al., 2025).

Most existing systems follow a sequential
pipeline of language generation and text-to-speech.
Given the current video context, a vision-language
model or large language model generates a textual
utterance, which is then synthesized and played
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Figure 1: Overview of the interruption problem in live
commentary generation. Without interruption, commen-
tary on an important event is delayed until the ongoing
utterance finishes. Interrupting the current utterance
enables the system to react immediately, but introduces
the challenge of transitioning naturally between the in-
terrupted and newly generated speech.

using text-to-speech (Kawamatsu et al., 2026). Be-
cause the system plays each utterance to comple-
tion, this design preserves linguistic completeness
and produces natural individual utterances. How-
ever, once playback begins, the system typically
cannot react to an emerging event until the cur-
rent utterance finishes, causing decisive plays to
go unmentioned or be described with substantial
delay.

A simple approach to improve responsiveness is
to interrupt the ongoing utterance and immediately
begin describing the new event. Some existing
commentary systems have incorporated such in-
terruption mechanisms (Tanaka-Ishii et al., 1998;
Ishigaki et al., 2023). However, this approach sacri-
fices linguistic naturalness for responsiveness, as il-
lustrated in Figure 1. Waiting for the ongoing utter-
ance to finish preserves grammatical and acoustic
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continuity but delays the response. At the other ex-
treme, stopping playback immediately minimizes
latency but may truncate speech in the middle of
a word or syntactic unit, producing an abrupt and
incomplete transition. The system must therefore
determine not only when a new event should trigger
commentary, but also ~Fow the ongoing utterance
should transition to the new one.

Despite its practical importance, this transition
problem has received limited attention. It remains
unclear whether a system should stop immediately,
wait for an appropriate boundary, or revise the un-
finished utterance. These alternatives likely bal-
ance responsiveness and naturalness differently, yet
they have not been systematically compared.

In this paper, we study mid-utterance transition
control for live audio commentary generation. Mo-
tivated by interruption patterns in human commen-
tary, we compare four transition strategies: 1) im-
mediate interruption at the event trigger, 2) chunk-
based interruption at syntactic chunk boundaries, 3)
interruption at LLM-inserted <break> points, and
4) LLM-generated shortened closures replacing the
unspoken remainder. We further evaluate each strat-
egy with and without an interjection preceding the
new commentary.

We compare these strategies using 40 interrup-
tion instances constructed from eight videos of a
fast-paced fighting game. Both automatic and hu-
man evaluations confirm a clear trade-off between
responsiveness and naturalness among the methods.
However, human feedback indicates that linguistic
completeness is not strictly necessary for a natural
transition.

Our contributions are as follows:

* We formulate mid-utterance transition as a
problem in live audio commentary generation.

* Motivated by interruption patterns in human
commentary, we implement and compare four
transition strategies that differ in interruption
timing and linguistic completion.

* We find a clear tradeoff between responsive-
ness and linguistic naturalness.

* We show that linguistic completeness is not
always necessary for a natural transition: stop-
ping at a recognizable chunk boundary, partic-
ularly with an interjection, provided the most
effective balance among the evaluated strate-
gies in our current pipeline.

2 Related Work

Commentary generation has been studied across
a wide variety of domains, including soccer (Sun
et al., 2026; Someya et al., 2025; Mori et al., 2025),
baseball (Kim and Choi, 2020), motorsports (Ishi-
gaki et al., 2021, 2023; Afzal et al., 2026), and e-
sports (Kawamatsu et al., 2026; Afzal et al., 2026).
Existing work also differs in the input modality, in-
cluding video (Sun et al., 2026; Afzal et al., 2026),
play-by-play descriptions (Wang and Yoshinaga,
2025; Taniguchi et al., 2019), and numerical time
series (Ishigaki et al., 2021; Someya et al., 2025).

Early work of commentary generation relied
on chunk-based or template-driven methods that
triggered predefined utterances under manually
designed conditions (Tanaka-Ishii et al., 1998).
As machine learning-based approaches, neural
network-based encoder-decoder methods enabled
more flexible generation by learning mappings
from multimodal inputs to commentary (Taniguchi
et al., 2019; Ishigaki et al., 2021). More recently,
in-context learning with vision-language models
has become a common paradigm (Yu et al., 2018;
Kim and Choi, 2020; Rao et al., 2024; Zhou et al.,
2024; Chen et al., 2025; Wang and Yoshinaga,
2025; Afzal et al., 2026; Sun et al., 2026; Kawa-
matsu et al., 2026). We focus on LLM-based video-
to-commentary generation for fast-paced games,
where maintaining natural transitions between ut-
terances are expected to be particularly important
and challenging.

Utterance transition in automated commentary
generation has received limited attention. Most
existing video-to-commentary systems wait until
playback finishes before generating the next utter-
ance (Afzal et al., 2026; Kawamatsu et al., 2026).
Some exceptions include the reactive commentary
systems of Tanaka-Ishii et al. (Tanaka-Ishii et al.,
1998) and Ishigaki et al. (Ishigaki et al., 2023),
which detect important events and trigger prede-
fined utterances. While these approaches study
“when” an interruption should occur, they do not in-
vestigate “how” the ongoing utterance should tran-
sition to a newly generated utterance. Our work
addresses this gap through a comparative human
evaluation of multiple transition strategies.

Conceptually, adapting an ongoing utterance to
reflect new information relates to the phenomenon
of self-repair, explored in early incremental nat-
ural language generation (Hough, 2011). In such
systems, self-repair typically involves dynamically
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employing conjunctions (e.g., “however” or “but”)
to grammatically and semantically merge an on-
going context with a newly occurred, sometimes
conflicting event into a single continuous sentence.
In contrast, our current work specifically targets
utterance interruption. Rather than attempting full
grammatical repair, we investigate how to naturally
break the ongoing speech and seamlessly transition
to a newly generated utterance using strategies such
as interjections and break tags.

Apart from language generation studies, spoken
dialogue systems have long employed “barge-in”
mechanisms that terminate agent output once a user
begins speaking (Heins et al., 1997). As in com-
mentary generation, how the output is terminated
has received far less attention than when (Skantze,
2021). Early systems cut playback immediately at
the detected onset (Strom and Seneff, 2000), and
incremental dialogue managers were developed to
dynamically halt and revise output in response
to such user interruptions (Buf3 and Schlangen,
2011). Subsequent approaches re-synthesize the
ongoing phrase to splice it at a syllable bound-
ary (Wester et al., 2017), while recent full-duplex
models predict interruption timing in a data-driven
manner (Défossez et al., 2024; Veluri et al., 2024).
These alternatives have not been compared under a
common evaluation. Our setting also differs in
its trigger: dialogue interruption is initiated by
human speech and the system yields the floor by
falling silent, whereas commentary requires self-
interruption driven by the system’s own observa-
tion of the game, and is immediately followed by
new speech.

3 Problem Formulation

We first describe the ideal real-time commentary
generation setting considered in this work and then
formulate the mid-utterance interruption problem.

3.1 Live Commentary Generation System

The conceptual real-time commentary generation
system operates in two concurrent processes. First,
the system analyzes the input game video at one-
second intervals. For each interval, it predicts a
single scene-importance score and generates the
three types of candidate commentary utterances de-
scribed in Section 3.2. Second, the system selects
and plays audio of commentary utterances as the
video progresses. A new utterance begins under
one of two conditions: (1) the playback of the cur-

rent utterance has finished, or (2) a newly analyzed
interval is assigned the highest importance score
while another utterance is still being played.

Under condition (1), the system randomly se-
lects one of the three candidates associated with
the current video interval and begins playing it.!
This produces a non-interruptive transition. Under
condition (2), the system transitions from the on-
going utterance to commentary generated for the
important scene, requiring a mid-utterance inter-
ruption. This paper focuses on how to realize the
transition under condition (2).

3.2 Commentary Utterance Generation

The input game video is processed at one-second
intervals. For each target timestamp, the system
uses the 30 frames from the preceding one-second
window, corresponding to a frame rate of 30 fps.
Let

Fi. = (fi—29,---, f3)

denote the k-th frame sequence, where f; is the
frame at the target timestamp and F}; contains the
30 consecutive frames covering the preceding sec-
ond. For each frame sequence F}, a multimodal
large language model generates three types of com-
mentary candidates that serve different roles in live
commentary:

* Reaction: a short, spontaneous utterance ex-
pressing surprise or excitement about a newly
occurring event.

* Play-by-play Commentary: a concise de-
scription of the ongoing player actions and
game situation.

* Color Commentary: analytical or explana-
tory commentary providing tactical insight or
background information.

The prompts we used are shown in Appendix A.
Along with these commentary candidates, the
model predicts an importance score for the scene:

Sk € {0, 1, 2},

where 0, 1, and 2 represent normal, slightly impor-
tant, and decisive important events, respectively.

!'Utterance selection is itself an important problem in com-
mentary generation. Because this paper focuses on utterance
transition rather than utterance selection, we use the simplest
strategy of random selection. More sophisticated approaches,
such as diversity-based selection (Ishigaki et al., 2023), could
also be incorporated.
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# Japanese Commentary

English Translation

1 EEFETNEIS) TFrotnz ) 2 fHi-7T

TThTA=HWT. dbob. 22—

2 Z92O9LTVEHBICTH LYY Y A=
WHES>TEELAMELH I TTL
Fo/= E‘O

He does have strong rushing power, so he can use it to
rack up damage... ah, Mewtwo is—!

Zelda’s damage is piling up too. She’s gotta... oh no!

She hit the bomb herself!

Table 1: Examples of mid-utterance transitions in the SMASH corpus. Bold text indicates interjections used to
signal an unexpected event and transition to the subsequent commentary.

Among the generated candidates, one commentary
utterance is selected and synthesized by a text-to-
speech model for audio playback. Let this utterance
be denoted by Cj.

While CY is being synthesized and spoken, the
system continues processing subsequent frame se-
quences in the background. For each newly arriv-
ing frame sequence, the LLM generates updated
commentary candidates and predicts their impor-
tance scores without waiting for the current utter-
ance to finish. Consequently, a newly detected
high-priority event may arise while another utter-
ance is still being played, requiring the system to
decide how to interrupt the ongoing utterance.

3.3 Mid-Utterance Interruption

Suppose that commentary utterance CY, is currently
being played by the text-to-speech model. Dur-
ing its playback, the system continues analyzing
subsequent frame sequences and generating new
commentary candidates. If a later frame sequence
Fy ., is assigned the highest importance score 2,
the system selects the newly generated commen-
tary utterance C,, for playback. The challenge
is the playback of C'y may still be in progress when
Cl+m becomes available.

The task of mid-utterance interruption is to de-
termine

1. when the playback of the ongoing utterance
(', should terminate, and

2. how the system should transition from C}, to
the newly generated utterance Cp, .

4 Methods

This section presents the mid-utterance transition
strategies investigated in this study. To better un-
derstand how such transitions occur in practice, we
first examine how human commentators adapt an
ongoing utterance when an important event sud-
denly emerges. Based on the observed behaviors,

we implement four strategies that differ in where
they terminate or revise the ongoing utterance be-
fore transitioning to the newly selected commen-

tary.

4.1 Interruptions in human commentary

We qualitatively examined mid-utterance interrup-
tions in the SMASH corpus (Saito et al., 2020). Our
analysis was motivated by a possible mismatch be-
tween human commentary and existing automated
interruption mechanisms. Previous systems inter-
rupt the ongoing audio as soon as an important
event is detected (Tanaka-Ishii et al., 1998; Ishi-
gaki et al., 2023). Because the stopping point is
determined by event timing rather than linguistic
structure, this strategy can truncate speech at an
arbitrary acoustic position, including in the middle
of a word.

In contrast, we observed that human commen-
tators rarely terminate an utterance at an arbitrary
position. When shifting attention to an unexpected
event, they typically abandon the ongoing utterance
at a word or phrase boundary. As illustrated in Ta-
ble 1, the interruption is also often followed by an
interjection such as “ah” or “oh,” which signals
the sudden event and cushions the transition to the
subsequent commentary.

This observation motivates two design choices
examined in this study. First, an automated system
should avoid arbitrary mid-word truncation and
instead interrupt speech at a linguistically mean-
ingful boundary. Second, an interjection may help
reduce the perceived abruptness of the transition.
The following strategies implement these choices
using different mechanisms for determining the
interruption point.

4.2 Transition Strategies

We investigate the following four strategies.
Immediate interruption: The system stops the
currently playing audio as soon as C,, becomes
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Phase 1:
Pregenerate commentary

Video frame sequence

EDEEDEEDEEDDDD

\ LLM | LLM I LLM H LLM I LLM |

Text pool

1: Predict importance of scene

e 0: Normal
e 1: Slightly important
e 2: Important

2: Generate three types of
commentary text
e Reaction
e Play-by-play commentary
e Color commentary

(|) No interruption I I

Massive elevation changes! Exbect intense aerial flights! Whoa! Samus...

(||) Immediate interruption |
Massive elevation changes! E><|

(|||) Chunk-based |nterrupt|oh
: Massive elevation changes! Expect

(v) LLM-summarized interrdption
: Massive elevation changes! ExPect aerials!

:Phase 2: Simulation of Mid-Utterance Break
LENENENENE
Pregenerated commentary::

Massive elevation changes!kbreak>
Expect |ntense<break>aer|ql flights! <break>

Pregenerated commentary:
Whoa! Samus is smashing!!
Predicted importance of this scene: 2

TTS

Whoa! Samus is smashing!!

Whoa! Samus is smashing!!

(|v) Break-tag-based interrulption
. Massive elevation changes! Expect intense <break>

Whoa! Samus is smashing!!

Whoa! Samus is smashing!!

Figure 2: Overview of the two-phase evaluation framework for simulating mid-utterance transitions. To ensure
a fair comparison, Phase 1 processes video frame sequences via LLMs to predict scene importance scores (0-2)
and pre-generates diverse commentary candidates to construct a fixed text pool. In Phase 2, the system simulates
live playback by synthesizing speech from this pool in sync with the gameplay timeline. When a high-importance
event (score 2) occurs during an ongoing utterance, the simulation handles the transition by either completing the
current speech (i) or interrupting it mid-utterance ((ii)—(v)). All five strategies are evaluated both with and without

an interjection.

available and immediately begins playing the new
utterance. This strategy minimizes response la-
tency, but the stopping point is determined solely
by the event timing. Consequently, the audio may
be truncated in the middle of a word or syntac-
tic unit, resulting in both acoustic discontinuity
and grammatical incompleteness. This strategy has
been used in an existing commentary generation
system (Tanaka-Ishii et al., 1998; Ishigaki et al.,
2023).

Chunk-based interruption: The system delays
the transition until the nearest upcoming syntactic
chunk boundary in Cj,. We use Japanese syntactic
chunks boundaries (i.e., bunsetsu) obtained through
a morphological analyzer (McCann, 2020). When
an interruption is triggered, playback continues
from its current position to the end of the current
chunk and then transitions to Cj,,. This prevents
mid-word truncation and introduces only a short
additional delay.

Break-tag-based interruption: This strategy iden-
tifies potentially natural interruption points during
commentary generation. The LLM is prompted to
insert a <break> tag at positions where the utter-
ance could be suspended without severe semantic

or grammatical disruption. When an interruption is
triggered, the system continues playback until the
next tagged position and then starts C'.,,,. Unlike
the chunk-based strategy, which selects boundaries
using local part-of-speech patterns, this strategy
allows the LLLM to consider the entire utterance
when choosing candidate stopping points. The re-
tained prefix may therefore sound less semantically
or grammatically incomplete, although waiting for
the next tag can increase response latency.

LLM-summarized interruption: This strategy
revises the remaining portion of the ongoing utter-
ance rather than waiting for its originally planned
ending. When an interruption is triggered, the sys-
tem first retains the portion of C, that has already
been spoken up to a syntactic boundary. An LLM
then generates a short continuation that grammat-
ically closes or redirects this spoken prefix. The
generated closure is synthesized and played before
the system transitions to C,,. By replacing the
unspoken remainder of C}, with a shorter comple-
tion, this strategy aims to preserve linguistic co-
herence while reacting more quickly than a system
that plays the entire original utterance.

Following the human-commentary observations,
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Method Response Latency [s]
Baseline 2.963 (£1.198)
Immediate 0.080 (£0.027)
Chunk-based 0.327 (+0.210)
Break-tag 1.381 (£0.897)
Summarized 1.774 (£0.514)

Table 2: Response latency (time from event trigger to re-
action onset) for each method, including text-to-speech
synthesis latency (0.080 [s]). Values in parentheses in-
dicate standard deviation.

we additionally evaluate each transition strategy
both with and without an interjection inserted im-
mediately before Cy.,,. The interjection is in-
tended to signal the sudden change in the game
situation and to reduce the perceived abruptness of
the transition.

5 Experiments

We describe the experimental setup to compare
five transition strategies. Different transition meth-
ods stop the ongoing speech at slightly different
points. In the online setting described in Section 3,
these differences would accumulate, potentially
causing each method to eventually interrupt com-
pletely different commentary utterances. To ensure
a strictly fair comparison on the exact same utter-
ances, we evaluated the strategies on a fixed set
of pre-generated utterance pairs, as described in
Figure 2.

5.1 Dataset

We used the SMASH corpus (Saito et al., 2020),
which contains gameplay videos and human com-
mentary audio from the competitive fighting game
Super Smash Bros. Ultimate. The corpus includes
both Singles matches, involving two players, and
Doubles matches, involving two teams of two play-
ers. To cover different match configurations, we
randomly selected four Singles matches and four
Doubles matches, yielding eight gameplay videos
in total.

5.2 Compared Methods

To examine the trade-off between responsiveness
and acoustic and linguistic naturalness, we com-
pared four interruption strategies with a non-
interruptive baseline, which plays the ongoing ut-
terance to completion before beginning the newly
selected utterance.

5.3 Construction of Evaluation Instances

For each selected video, we generated the three
commentary types described in Section 3.1 at one-
second intervals As depicted in Phase 1 of Figure
2, we prompted the LLLM to concurrently predict
an importance score of 0, 1, or 2 for each interval.
We constructed a candidate interruption instance
by pairing a score-2 commentary with an earlier
utterance whose synthesized audio was still playing
at the score-2 timestamp. Each instance therefore
represents a situation in which a newly detected im-
portant event must be reported before the ongoing
utterance has finished.

Because our goal is to evaluate transition qual-
ity rather than commentary generation quality, we
manually filtered these candidates. We sampled
40 instances in which both utterances were factu-
ally consistent with the gameplay and sufficiently
natural, preventing generation errors from influenc-
ing judgments of the transition itself. For these
instances, we applied all five transition strategies,
both with and without an interjection, producing
400 evaluation samples in total (40 instances x 5
transition methods X 2 patterns of interjection).

5.4 Evaluation Metrics

We evaluated the transition strategies using both
objective and subjective measures.

Response Latency: We measured the elapsed time
from the detection of an event with the highest im-
portance score of 2 to the onset of audio playback
for the newly selected commentary. This metric
quantifies how quickly each strategy begins report-
ing an important game event.

Manual Evaluation by Human Judges: Each of
the 400 test instances was evaluated by two inde-
pendent Japanese native speakers (not the authors)
who have experience playing Super Smash Bros.
For full details regarding the evaluator profiles and
the exact instructions provided, please refer to Ap-
pendix B. They rated each sample on a five-point
Likert scale for the following criteria:

* Responsiveness: How promptly did the com-
mentary react to the important game event?

* Linguistic Naturalness: How natural was the
linguistic transition from the ongoing utter-
ance to the new one?

* Acoustic Naturalness: How natural was the
audio transition between the two utterances?
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Method Responsiveness Linguistic Nat. Acoustic Nat. Overall Quality
Baseline 1.86 (£0.27) 4.09 (+0.20) 3.66 (+0.24) 2.66 (£0.20)
+ Interjection 1.77 (£0.27) 3.75 (£0.25) 3.59 (40.22) 2.66 (£0.18)
Immediate 4.01 (£0.25) 2.38 (£0.30) 2.19 (£0.26) 2.75 (£0.22)
+ Interjection 4.12 (+0.25) 2.66 (£0.29) 2.75 (£0.31) 3.10 (£0.25)
Chunk-based 3.59 (£0.27) 2.85 (£0.26) 2.88 (40.26) 3.00 (£0.21)
+ Interjection 3.44 (£0.31) 3.23 (£0.27) 3.17 (£0.27) 3.19 (40.21)
Break-tag 2.48 (£0.32) 3.79 (£0.21) 3.41 (£0.24) 2.94 (+0.20)
+ Interjection 2.34 (40.33) 3.59 (£0.28) 3.33 (£0.27) 2.91 (£0.22)
Summarized 2.11 (£0.25) 3.30 (£0.25) 2.95 (40.26) 2.54 (£0.17)
+ Interjection 2.04 (£0.26) 3.33 (£0.27) 3.04 (£0.25) 2.61 (£0.18)

Table 3: Subjective evaluation results. Values in parentheses indicate 4 half-width of the 95% confidence interval.
The results demonstrate a clear trade-off: immediate interruption maximizes responsiveness but severely degrades
naturalness, whereas chunk-based interruption with an interjection provides the most effective overall balance.

* Overall Quality: What was the overall qual-
ity of the resulting commentary?

We report the mean opinion score (MOS) for each
criterion.

5.5 Implementation Details

For each one-second interval, 30 uniformly sam-
pled frames were encoded in Base64 and provided
to GPT-4.12. The prompts used for commentary
generation are provided in Appendix A.1.

We used the commentary-specific Japanese text-
to-speech Iura et al. (2025). The model allows the
speaking style of each utterance to be controlled
using a binary excitement parameter, High or Low.
The High setting produces an excited delivery suit-
able for decisive events, whereas Low produces a
calmer delivery. We therefore set the excitement
level to High for utterances associated with score-2
events and to Low for those associated with scores
0 or 1. Text-to-speech inference was performed on
a single NVIDIA A30 GPU.

6 Results

6.1 Response Latency

As shown in Table 2, mid-utterance transitions re-
duce latency compared with the baseline. The
immediate method achieved the shortest latency
at 0.080 seconds, followed by the chunk-based
method at 0.327 seconds. The LLM-based methods
incurred longer delays of 1.381 and 1.774 seconds,
respectively for the break tag-based and LLM-
Summarized methods, although both remained
faster than the baseline at 2.963 seconds. Note

Zhttps://developers.openai.com/api/docs/models/gpt-4.1

that these values include text-to-speech synthesis
latency, which averaged 0.080 seconds across all
utterances. Overall, mid-utterance strategies has ad-
vantage of responsiveness. We discuss the tradeoff
between responsiveness and naturalness next.

6.2 Subjective Evaluation

Table 3 suggests a clear trade-off between respon-
siveness and naturalness: faster strategies tended to
produce less natural transitions, while more natural
strategies tended to respond more slowly.

In terms of responsiveness, scores showed simi-
lar tendencies to the scores of automatic evaluation.
The immediate interruption achieved the highest re-
sponsiveness score of 4.01, followed by the chunk-
based interruption at 3.59, the break-tag-based in-
terruption at 2.48, LLM-summarized interruption
at 2.11, and the Baseline at 1.86.

The scores in terms of naturalness showed the op-
posite tendencies, which suggest the tradeoff. The
Baseline received the highest linguistic-naturalness
score of 4.09, followed by the break-tag-based
interruption at 3.79. The immediate interrup-
tion received the lowest linguistic- and acoustic-
naturalness scores, at 2.38 and 2.19, respectively.
These results show that completing the ongoing
utterance preserves naturalness, whereas immedi-
ately truncating it maximizes responsiveness at a
substantial cost to linguistic and acoustic quality.

In terms of the overall quality, evaluators gave
the highest score for the chunk-based interruption
(3.00), followed by the break-tag-based interrup-
tion (2.94). Possible reason behind this may be the
better balance between linguistic completeness and
responsiveness.
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Baseline

R.O.B. is at a very high 148% damage, but a launch here is
a critical moment that will heavily impact the stocks. The
recovery after this is also an important mind game.

= “Both are launched away at once!”

Immediate
R.O.B.is ata vt
= “Both are launched away at once!”

Chunk-Based
R.O.B. is at a very
= “Both are launched away at once!”

Break-Tag
R.O.B. is at a very high 148% damage, but a launch here
= “Both are launched away at once!”

Summarized

R.O.B. is at a very high 148% damage, but that’s danger-
ous.

= “Both are launched away at once!”

Table 4: Example outputs of each interruption method.
Each block displays the pre-interrupt utterance followed
by the subsequent reaction (=-). T indicates a mid-
syllable interruption, and bold text represents a dynami-
cally generated closing phrase. Texts are translated from
Japanese.

6.3 Effect of Interjections

The effect of interjections depended on how com-
plete the interrupted utterance sounded at the tran-
sition point. For the immediate and chunk-based
interruption, the ongoing utterance may be cut at
a semantically incomplete position. In these cases,
an interjection explicitly signals a sudden shift in
attention and helps listeners interpret the abrupt
change as an intentional transition rather than an
error. Consistent with this interpretation, adding an
interjection significantly improved acoustic natu-
ralness from 2.19 to 2.75 (p < 0.001) and overall
quality from 2.75 to 3.10 (p < 0.01) for the im-
mediate interruption (Wilcoxon signed-rank test).
For the chunk-based interruption, linguistic natu-
ralness increased from 2.85 to 3.23 and acoustic
naturalness from 2.88 to 3.17, both of which were
statistically significant (Wilcoxon signed-rank test;
p < 0.01 and p < 0.05, respectively). The interjec-
tion condition achieved the highest overall-quality
score in the study, 3.19, although this improvement
did not reach statistical significance.

By contrast, the LLM-based strategies are de-
signed to stop at a more semantically self-contained
position or to complete the interrupted utterance
before switching topics. As a result, the transi-
tion can already sound coherent without an explicit
discourse signal. For the break-tag-based interrup-

tion, adding an interjection reduced all four sub-
jective scores, suggesting that the additional cue
was perceived as redundant or disruptive. For LLM-
summarized interruption, the effect was small, with
overall quality increasing only from 2.54 to 2.61.

Overall, interjections appear most useful when
the retained prefix is semantically incomplete.
They can mark the topic shift and mitigate the
abruptness of the interruption. When the stopping
point is already semantically natural, however, an
interjection provides little additional benefit and
may even reduce naturalness.

6.4 Qualitative Analysis
6.4.1 Examples of Transition Behaviors

Table 4 illustrates actual outputs, revealing that
while avoiding mid-word truncation is necessary,
fully completing the interrupted utterance is not
always beneficial.

The immediate interruption stops mid-word
(“vt”), sounding like a playback error rather than
an intentional reaction. The chunk-based interrup-
tion avoids this by waiting for the next boundary.
Although the retained prefix (“R.O.B. is at a very”)
remains semantically incomplete, the boundary pro-
vides a natural pivot to the new event, making the
transition sound intentional.

The break-tag-based interruption retains a more
self-contained phrase, and LLM-summarized in-
terruption generates a grammatical closure (“that’s
dangerous.”). However, both methods inherently
delay the reaction to the new event, which can
sound unnecessary in situations requiring an imme-
diate response.

6.5 Evaluators’ Feedback

Post-evaluation interviews with evaluators revealed
two key insights.

First, evaluators were relatively tolerant of mi-
nor linguistic and acoustic disruptions when the
interruption was timely. Highly responsive mid-
sentence interruptions enhanced immersion, as they
were perceived as intentional, human-like reactions
rather than generation errors.

Second, delayed emotional reactions were per-
ceived as particularly unnatural; for instance, a
surprised tone sounded jarring if the triggering
event had already concluded. Consistent with our
quantitative results, interjections improved transi-
tions for faster strategies but provided little benefit
for slower ones, indicating they are most effective
when temporally aligned with the event.
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7 Conclusion

We investigated mid-utterance transition strategies
for live audio commentary generation in fast-paced
games. Rather than treating speech playback as
an atomic process, we formulated the problem as
deciding when to terminate an ongoing utterance
and how to transition to a newly selected higher-
priority utterance. We compared four interruption
strategies—the immediate, chunk-based, break-
tag-based, and LLM-summarized interruption—
against a non-interruptive baseline, with and with-
out interjections. Our results reveal a clear trade-
off between responsiveness and naturalness among
compared methods. The qualitative feedback fur-
ther suggests that listeners tolerate minor disfluen-
cies when interruptions are timely, while delayed
emotional reactions can sound particularly unnat-
ural. Our results suggest mid-utterance transition
control as an important component in future devel-
opments of automated commentary systems.

Limitions

While this work demonstrates the importance of
mid-utterance transition control, several limitations
remain. First, our evaluation was conducted in a
simulated environment rather than a fully deployed
real-time system. Second, this research focuses
exclusively on Super Smash Bros., a competitive
fighting game; further research is needed to deter-

mine whether the findings can be generalized to
other game genres or languages.

Ethical Considerations

This research uses LLMs, which carry inherent
risks of occasionally generating hallucinations or
offensive language despite prompt constraints. Re-
garding the human evaluation, we did not collect
any personally identifiable information. The task of
rating game commentaries poses minimal medical
or psychological risks, and all evaluators received
a clear explanation of the task beforehand.
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A Prompts Used in Experiments

A.1 Commentary Generation Prompt

The following prompt was used to generate
play_by_play and color_commentary texts for
each video window. The model receives a sequence
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Metrics

Fleiss’s x Cohen’s x Krippendorff’s o

Responsiveness 0.513
Linguistic Nat. 0.160
Acoustic Nat. 0.095
Overall Quality 0.158

0.636 0.619
0.202 0.194
0.134 0.099
0.232 0.200

Table 5: Inter-annotator agreement between two fully-rated evaluators. Fleiss’s x: Cohen’s Kappa; a: Krippendorff’s

Alpha.

of video frames alongside match context, and out-
puts a JSON object including the two commentary
fields with <break> markers indicating safe inter-
ruption points.
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A.2 Ender Generation Prompt

The following prompt was used in the Summa-
rized method to generate a short closing phrase
that naturally completes the interrupted utterance
at a bunsetsu boundary. The system prompt is

EWEPLLTOTX AN ZH S TWwW iRt
THAEHRTL T
[{full_text}]

BIE [{stub}] FTME-S/=& 22 THIRIL
E
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( [{stub}] BERIZHTIL %)

- T‘é‘éfi[“f%§< (0~8F)

- R (1) EEHR ) THbS
- LW E RS, O ERICE U
5127
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B Details of Human Evaluation

Evaluator Profiles: To ensure a fair and high-
quality assessment, the human evaluation was
conducted by two independent annotators who
were not involved in the authorship of this paper.
Both evaluators are native Japanese speakers and
have prior experience playing and watching Super
Smash Bros., ensuring they possess the necessary
domain knowledge to properly judge the context,
timing, and naturalness of the game commentary.
Evaluation Instructions and Interface: Since
the generated commentary and the source game
videos were in Japanese, the evaluation interface
and all instructions were provided to the evaluators
in their native language (Japanese). Figure 3 shows
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a screenshot of the actual evaluation interface. The
evaluators were instructed to watch each video clip
with the generated audio and rate the commentary
on a 1-to-5 Likert scale across four dimensions.
The English translations of the exact instructions
provided to the evaluators are as follows:

* Responsiveness: How promptly did the com-
mentary react to the important game event?

* Linguistic Naturalness: How natural was the
linguistic transition from the ongoing utter-
ance to the new one?

¢ Acoustic Naturalness: How natural was the
audio transition between the two utterances?

* Overall Quality: What was the overall qual-
ity of the resulting commentary?

C Inter-Annotator Agreement

Table 5 reports inter-annotator agreement between
the two fully-rated evaluators. Krippendorff’s a
(ordinal) was 0.619 for responsiveness, indicat-
ing moderate agreement, whereas linguistic nat-
uralness, acoustic naturalness, and overall quality
showed lower agreement (o« = 0.10-0.20). This
pattern is consistent with prior work on subjective
speech evaluation, reflecting the inherent subjectiv-
ity of naturalness perception.

Specifically, absolute agreement metrics like
Krippendorff’s « heavily penalize differences in
evaluators’ internal baselines. For instance, a tran-
sition that Evaluator A rates as a “3” might be
consistently rated as a “2” by Evaluator B due to
differing levels of strictness. While this systematic
shift results in low absolute agreement scores, it
does not undermine our conclusions: as long as
both evaluators agree on the relative ranking of the
strategies (e.g., both agree that strategy Y is more
natural than strategy X), the consensus on which
method performs better remains intact.
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Figure 3: Screenshot of the human evaluation interface. The interface was presented in Japanese, matching the
language of the generated commentary and the native language of the evaluators. Evaluators rated each sample on a
5-point Likert scale across four dimensions (from top to bottom): Responsiveness, Linguistic Naturalness, Acoustic
Naturalness, and Overall Quality.

695



