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Abstract

Instruction-guided text-to-speech (TTS) sys-
tems are among the most intuitive for control-
lable speech synthesis, but writing descriptive
instructions in the form of style prompts is too
cumbersome for users to maintain natural con-
versation rhythm. We introduce TurnStyle, a
prompt generation system, that produces style
prompts for instruction-guided TTS, leverag-
ing a bimodal dialogue history (speech and
text transcripts) and a user script query. To
address the unintuitive interface problem, Turn-
Style creates a style prompt by conditioning
the Llama-3.2-3B-Instruct model on a prefix
vector generated from an embedded bimodal
representation of a dialogue. Computational ex-
periments with performance measured across
standard metrics like BERTscore and ROUGE-
L show that TurnStyle’s architecture improved
on a comparative baseline model for the under-
studied task of style prompt generation. The
introduced model also consumed over 15 times
less energy than the baseline and required less
memory, suggesting that the TurnStyle frame-
work may feasibly run on edge devices.

1 Introduction

An intuitive text-to-speech (TTS) user interface is
required for day-to-day conversational or clinical
applications, like vocal prostheses, so that users
can more quickly produce expressive speech and
maintain natural-sounding conversation. While cur-
rent commercial expressive speech synthesis (ESS)
interfaces, such as ElevenLabs and Speechify, pro-
vide expressive controls, they are not intuitive
(Brade et al., 2025). This work is partially mo-
tivated by the present lag in ESS tools to provide
intuitive controls for users.

One solution for intuitive, conversational TTS
is instruction-guided TTS systems. These models
used a natural-language style prompt to control
the expressivity of synthesized speech. However,
Brade et al. (2025) found, using a Wizard-of-Oz

study, that users preferred when the system gener-
ated style prompts for them. This work proposes
TurnStyle, a framework that seeks to generate a
context-aware style prompt that would be used as
input for an instruction-guided TTS system to syn-
thesize the user’s desired speech.

TurnStyle combines and expands the method-
ology of Zhao et al. (2023) and Yamauchi et al.
(2024) to address the understudied style prompt
generation task. Reimplementing the description
of a dialogue encoder architecture by Zhao et al.
(2023), and adding a dialogue pooling step, Turn-
Style generates an embedded representation of
the bimodal (speech and text transcripts) dialogue
context. Leveraging StyleCap’s architecture (Ya-
mauchi et al., 2024), the dialogue embedding is
processed with a transformer stack to produce a
prefix vector, to condition Llama-3.2-3B-Instruct
which generates the style prompt.

Through experimentation, this work tests the
hypothesis that an accurate style prompt can be
predicted from the current script, as well as both
the transcript and speech clips from the conver-
sation context. To train and test TurnStyle, two
datasets were used, including ParaSpeechCaps (Di-
wan et al., 2025), specifically the Expresso subset
(Nguyen et al., 2023), and StyleTalk (Lin et al.,
2024). Next, to evaluate style prompt quality,
BERTscore (Zhang et al., 2020), METEOR score
(Banerjee and Lavie, 2005), ROUGE-L (Lin, 2004),
and chrF++ (Popović, 2017), were used to compare
the generated prompts against the gold standard
style descriptions of the test sets. Results addi-
tionally include F1-score for distinct keyword cate-
gories. As a comparative baseline, results include
scores for style prompts created by out-of-the-box
Llama-3.2-3B-Instruct performing few-shot gener-
ation. The results, presented in Section 4, showed
that TurnStyle improves on the style prompt gener-
ation task over the baseline, across all evaluation
metrics, while being more resource-efficient.
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2 Related Work

2.1 Instruction Guided Text-to-Speech

Instruction-guided TTS leverages natural language
style prompts to control speech synthesis. Guo
et al. (2023) proposed a method that encodes style
prompts into BERT embeddings, which condition
both the content encoder and the speech decoder.
Sigurgeirsson and King (2024) proposed an auto-
mated version of instruction-guided TTS, which
prompted an LLM to directly modify the F0, du-
ration, and energy values of phoneme units before
they are decoded into a mel-spectrogram output.
Yang et al. (2024) employed cross-modal learning
strategies to align speech and text style embed-
dings into the same latent space. Lyth and King
(2024) integrated content and style prompts via
cross-attention and represented them using the De-
script Audio Codec. TurnStyle complements these
systems by generating style prompts for the user au-
tomatically, based on dialogue history. The model
proposed by Jeon et al. (2025) learned a similar task
to TurnStyle. Their system generated intermediate
style labels for a target utterance by prompting an
LLM with the target utterance and a transcription
of the preceding conversation history. Rather than
single-word style labels, TurnStyle generates full-
sentence style descriptions and incorporates speech
as input during dialogue modeling.

2.2 Modeling Dialogue History

Modeling dialogue context is essential for expres-
sive and contextually appropriate speech synthesis,
and by extension, style prompt generation. Cong
et al. (2021) used the previous utterance’s transcrip-
tion as context for their style embedding, while Hu
et al. (2024) encoded dialogue context at the word-
and utterance-level to capture hierarchical informa-
tion. Fathima et al. (2025) proposed a multi-scale
style extractor that learned global speaker embed-
dings, sentence-level embeddings for contextual
prosody, and subword embeddings for phoneme-
level variations. TurnStyle generates an embedding
from the entire bimodal dialogue, which is trans-
formed into a natural language style prompt by
an LLM; thus offering a user the chance to edit
the style prompt before it is used to synthesize ex-
pressive speech using an instruction-guided TTS
model. Zhao et al. (2023) embedded inputs at both
the utterance and global conversation level, and
in both the speech and text modalities to capture
speaker-dependent temporal relationships for the

emotion-recognition task. TurnStyle extends their
architecture with a dialogue-pooling step to get one
embedding for the whole dialogue, rather than one
embedding per utterance.

Additionally, this work builds upon StyleCap, a
method proposed by Yamauchi et al. (2024). Their
model learned a prefix vector, or soft prompt, from
a speech clip, which an LLM used to generate a
style description for that speech clip. To extend
their work to style prompt predictions, rather than
style captions, TurnStyle encodes an entire dia-
logue as a prefix vector.

3 Methodology

3.1 Task Formalization and Architecture

TurnStyle combines StyleCap, the prefix vector
generation strategy proposed by Yamauchi et al.
(2024), and a modified dialogue-encoder from the
emotion classifier architecture of Zhao et al. (2023),
to move toward context-appropriate style prompt
generation. In essence, TurnStyle predicts the next
utterance’s style description from speech clips and
transcripts of the preceding conversation.

A dialogue is represented as a chronologically
ordered sequence of T turns that is a slice of a
larger conversation from the data. Let the t-th turn
be the tuple ut =

(
wt, st, xt), with t = 1, . . . , T .

Moreover, wt is the waveform of utterance t, while
st is the speaker identity, from the set S of speaker
labels, and xt is the text transcription of utterance
t. During training, the final turn of input differs
because it is treated as text-only: the speech of the
final turn is zeroed out. During inference, there
is no speech of the final turn since it has yet to
be synthesized, so it should not be seen during
training.

Figure 1 details the TurnStyle architecture. For-
mally, the model learns the mapping fθ : C 7→ ŷ,
where C = (u1, . . . , uT ) is a bimodal dialogue,
uT =

(
0, sT , xT ) and ŷ is the predicted natural-

language description of the speaking style for syn-
thesizing wT . The style description of the final turn
of dialogue uT , is y, which serves as the ground-
truth to compare ŷ against during training.

3.2 Dialogue Encoder

The proposed dialogue-modeling approach was in-
spired by and sought to reimplement Zhao et al.
(2023), while also including an additional self-
attentive pooling step over the utterance dimension
to produce the final dialogue embedding. In the
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Figure 1: The TurnStyle model architecture. The system decomposes as fθ = M◦ hψ ◦ gϕ, where gϕ(C) = v

is a learned dialogue encoding, hψ maps v and trainable embeddings P to [v̂; P̂] jointly, and M is a frozen
autoregressive language model that generates ŷ conditioned on the prefix P̂. Concretely, hψ(v,P) = [v̂; P̂], where
v is discarded after the forward pass and P̂ serves as the soft prompt.

experiments, the text and speech modalities of ut-
terances were embedded with BERT-base (Devlin
et al., 2019) and WavLM-Base-plus (Chen et al.,
2022). Turn-positions were then encoded with a
learned lookup table.

3.2.1 Intra-Modal Dialogue Encoder and
Cross-Modal Attention

Each modality was processed independently at this
stage, following Zhao et al. (2023). Inspired by
their description, the Intra-Modal Dialogue En-
coder component consisted of three transformer-
based subcomponents (conventional causal atten-
tion, as well as intra- and inter-speaker aware at-
tention), which intended to model the influence of
interlocutors’ styles on each other during the con-
versation. The intra-speaker transformer combined
a causal mask and a cross-speaker mask, so dur-
ing self-attention, utterances attend to other utter-
ances by the same speaker, while the inter-speaker
transformer restricted attention to utterances by
other speakers and their influence on the current
speaker. To produce two per-modality intra-modal
dialogue embeddings, these outputs were concate-
nated, fused with the original utterance embedding
through residual connections and layer normaliza-
tion, and passed through a feed-forward network.

Next, the Cross-Modal Attention component, in-
spired again by Zhao et al. (2023), produced two
inter-modal dialogue embeddings, one per modal-
ity. By calculating attention with queries of one
modality and keys and values of the other modal-
ity, it intended to encode relevant style information
from the opposing modality. The two components
thus resulted in four embeddings.

3.2.2 Dialogue Pooling
TurnStyle adds a dialogue pooling component to
the architecture, which differed from Zhao et al.
(2023), whose design focused on individual utter-
ances. In contrast, TurnStyle encodes all utter-
ances into one embedding. For each utterance, the
two intra-modal representations and the two inter-
modal representations were concatenated. Self-
attentive pooling was then applied across the utter-
ance dimension to encode the entire dialogue into a
single fixed-length vector representing its full con-
text. Dialogue pooling thus intended to capture
the bimodal dialogue context in one embedding for
prefix vector generation.

3.3 Prefix Vector Generation
TurnStyle’s prefix generation architecture followed
the approach of the StyleCap model (Yamauchi
et al., 2024). To generate the prefix vector, the dia-
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Figure 2: TurnStyle consistently outperformed the baseline, indicating the effectiveness of its dialogue modeling
approach. BERTscore (Zhang et al., 2020), METEOR score (Banerjee and Lavie, 2005), ROUGE-L (Lin, 2004),
and chrF++ metric (Popović, 2017) were used as semantic and lexical similarity metrics to compare predicted output
with reference data. Tag F1-score is the aggregate F1-score for reproducing specific style tags from the input. See
Table 1 in the appendix for the categories and values of tags. Created with Matplotlib (Hunter, 2007).

logue embedding and K learnable constants were
processed with a stack of transformers, and the em-
bedding was discarded, leaving the attended con-
stants. These constants (the prefix vector) condi-
tioned an LLM to generate the style prompt output,
specifically with Llama-3.2-3B-Instruct.

3.4 Datasets

For computational experiments, training and test-
ing used the Expresso (Nguyen et al., 2023) sub-
set of the ParaSpeechCaps (Diwan et al., 2025)
dataset, because of its conversational organization,
as well as the StyleTalk dataset (Lin et al., 2024).
The Expresso subset has 4 speakers and 23 hours
of freeform dialogue. After pre-processing (see
appendix section A.1) there were 2, 311 total con-
versations of varying length. StyleTalk is a syn-
thetically generated conversational speech dataset
comprising 7 hours of speech and 2, 235 conversa-
tions, each with 5 turns, where the first 3 turns are
transcript only, while the next 2 turns include both
transcript and speech; experimentation focused on
the final 3 when extracting dialogues.

3.5 Experimental Setup

The training set was a mix of dialogues from both
datasets, ParaSpeechCaps/Expresso and StyleTalk,
and included 4, 351 total dialogues. The order of
dialogues was randomized between trials, but the
within-dialogue turn order was retained. Dialogues
with a length of 3 turns were considered, as de-
cided from experimentation (see appendix Table 4).
Test sets of 200 dialogues from each dataset were
used in evaluation. While a given speaker could
appear in both the train and test splits, the train-
ing and test dialogue instances were pulled from
disjoint collections of conversations. Models were

trained with the AdamW optimizer, batch size of
16, for 15 epochs with early stopping. Training
leveraged teacher-forced cross entropy loss. The
transformer mapping network had 2 layers, and the
soft-prompts were a prefix vector of size 10. These
values were selected via experimentation (see ap-
pendix Table 4 for an outline, and Tables 5 through
7 for results). Other hyperparameters were chosen
in a hyperparameter search (see appendix Table 3).
The phrase "Speaking Style:" was added to both
TurnStyle’s and the baseline’s input prompts to
guide the generation.

As a comparative baseline, experimentation used
Llama-3.2-3B-Instruct (Grattafiori et al., 2024)
with few-shot inference. For each inference, this
LLM saw 25 examples of style prompt generation,
where each example was an input-output mapping
of a transcript-only dialogue context and the gold-
standard style description of the final turn of that
dialogue, and was then instructed to predict a style
prompt for a new dialogue context.

4 Experimental Results

Performance across various metrics for TurnStyle
and the baseline is shown in Figure 2, showing that
TurnStyle generally performs better than the base-
line. The metric results on the Expresso test set
are more consistent, likely due to the fact that Ex-
presso had more speech hours and more complex
reference annotations than StyleTalk, allowing the
model to learn more consistent patterns. Neverthe-
less, TurnStyle and the baseline both scored around
0.9 on BERTScore F1, indicating that predictions
are semantically similar enough to the gold stan-
dard comparison to result in no meaningful differ-
ence in score. This may be due to the short length
and narrow language domain of style prompts.
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Figure 3: As shown, TurnStyle is more energy and
memory efficient during inference. Also, running Turn-
Style for inference drew 50-100 watts of power, while
the LLM baseline drew around 250 watts. TurnStyle’s
memory use peaked at 15 GB and the baseline peaked
at around 27 GB. Additionally, TurnStyle inferred the
test sets in around 30 seconds, while the LLM baseline
took over 2 minutes.

4.1 Memory and Energy Efficiency

Figure 3 summarizes the inference efficiency re-
sults over all 200 test set instances with a batch
size of 16, on an A100 GPU. The baseline used
over 15x more energy than TurnStyle, and it re-
quired around 1.5x more memory at any given
point during inference. The LLM component of
TurnStyle only ever infers over 10-20 tokens at
a time, from the prefix vector plus the system
prompt "Speaking Style:", while the baseline’s in-
put is comprised of hundreds of tokens from the 25
few-shot examples of dialogues processed in each
inference. Thus, TurnStyle is much more token ef-
ficient (and therefore faster, more energy efficient,
and more memory efficient) for a higher-scoring
output. This suggests TurnStyle might be feasible
for edge-computing, which would preserve user-
privacy as their un-encoded recorded speech would
never leave their device. Future work should ex-
plore this applicability.

5 Conclusion

This work introduces TurnStyle, a system that auto-
matically generates natural-language style prompts

from bimodal dialogue history. The experimental
results indicate that the conversational context is
useful for style prompt generation. Furthermore,
the inference efficiency of TurnStyle suggests it
may be feasible for use on edge devices, which
would preserve user privacy in a real-world setting.

Limitations

Due to the limited number of real speakers in the
data, further experimentation must be performed to
validate that the model can generalize to real-world
data and out-of-distribution scenarios. Moreover,
further efforts are needed in data annotation of style
prompts on conversational speech datasets having
many speakers. Furthermore, both Expresso and
StyleTalk skew toward American English speak-
ers, meaning the model may generalize less well to
speakers of other varieties of English and cultural
communication norms. Additional work should
also evaluate model confidence, since it would be
important to signal to a user when the model is
uncertain and offer controls to override its sugges-
tions.

Additionally, metric choice is crucial when as-
sessing performance on this task. Semantic metrics
like BERTscore can be insufficient because style
descriptions have similar semantic meaning even
if important details like style tag keywords differ.
Metrics like METEOR and ROUGE-L can also fall
short because the generated style prompt could be
valid, even if there is a word-level mismatch when
compared to the gold standard. Moreover, a human-
subject evaluation that tests TurnStyle’s usability
would be important but is left to future work.

Ethical Considerations

One benefit of the TurnStyle framework is its en-
ergy efficiency. Energy efficient models can run on
edge devices, avoiding a user’s data leaving their
device, preserving privacy and protecting sensitive
data like personal conversations. While TurnStyle
is more efficient than the naive baseline considered
in this work, more work would be required to verify
its feasibility on edge devices.
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A Dataset Preparation and Analysis

A.1 Preprocessing Pipeline

The audio for Expresso and StyleTalk datasets
were downloaded using a custom script. Expresso
was preprocessed by applying voice-activity detec-
tion (VAD) segmentation and loudness normaliza-
tion, and annotations from ParaSpeechCaps (Di-
wan et al., 2025) for Expresso were downloaded.
Through sentence-templating, StyleTalk’s categor-
ical style labels were turned into sentences. The
order of the keyword categories in the template was
shuffled to generalize the model against the order
of keywords. Using metadata from the filenames, a
conversational index was created to organize the ut-
terances in both datasets into contiguous conversa-
tions. Some utterances from Expresso had missing
annotations, so to maintain contiguous conversa-
tions for training, these were split into separate
conversations at the missing annotation.

A.2 Analysis
There are 59 tags, either situational or intrinsic, for
the Expresso subset in the ParaSpeechCaps dataset
(Diwan et al., 2025), shown in Figures 4 and 5.
One trend within the situational tags is that vague
descriptor words like loud and animated are over-
represented and more precise words like sleepy are
underrepresented, meaning predicted style prompts
might tend towards generic style descriptors.

Figure 4: Diwan et al. (2025) describes intrinsic tags as
inherent to the speaker’s way of talking. Squares’ areas
represent their proportions. This figure was regenerated.

Figure 5: Diwan et al. (2025) describes situational tags
as the utterance’s style. Squares’ areas represent their
proportions. This figure was regenerated.

Figure 6: Style tags in StyleTalk (Lin et al., 2024) are
less descriptive than those in ParaSpeechCaps:Expresso,
possibly impacting model generalization.
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Dataset Category Values

Expresso

Accent american
Gender female · male
Intrinsic Tags authoritative · booming · crisp · enunciated · flowing

· loud · nasal · shrill · silky · singsong
Situational Tags angry · animated · awed · bored · calm · confused ·

desirous · disgusted · enunciated · happy · laughing ·
loud · passive · saddened · sarcastic · scared · sleepy
· sympathetic · whispered

Noise clean environment · noisy environment · environment
balanced

Pitch high-pitched
Speaking Rate fast speed · measured speed · slow speed

StyleTalk
Emotion cheerful tone · excited tone · friendly tone · hopeful

tone · neutral tone · sad tone · unfriendly tone
Speaking Rate fast speed · normal speed · slow speed
Volume loud volume · normal volume · quiet volume

Table 1: Style tags for each tag category in ParaSpeechCaps:Expresso (Diwan et al., 2025) and StyleTalk (Lin et al.,
2024). Values obtained using pandas (Wes McKinney, 2010).

Hyperparameter Value

Epochs 15
Batch Size 16
Dialogue Length 3
Mapping Network 8 attention heads, 2 layers
Dialogue Encoder Dimension 768
Feedforward Dimension 2048
Dialogue Encoder Layers 2 context, 2 speaker
Prefix Vector Length 10
Max Audio Length 15s
Sample Rate 16,000 Hz
Seed 42

Table 2: These parameters were held constant during the hyperparameter search experiments in Table 3.

Hyperparameter Range / Values Search Type Selected Value

Learning rate [1e-5, 1e-3] Log-uniform sampling 8e-5
Weight decay [1e-4, 1e-2] Log-uniform sampling 4e-3
Warmup ratio [0.0, 0.2] Uniform sampling 0.16
Dropout {0.1, 0.2, 0.3} Discrete values 0.1
Gradient clipping {0.5, 1.0, 2.0} Discrete values 1.0
LR schedule {cosine, linear, constant} Discrete values linear

Table 3: Bayesian hyperparameter search performed over these parameter value ranges resulted in the value provided
in the Selected Value column.
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Experiment Condition Values Tested Notes

Dialogue Length 1, 3, 5 turns We chose to cap the search at 5 since
that is the maximum number of turns in
any StyleTalk conversation, and ∼80%
of Expresso conversations are 5 turns or
fewer.

Prefix Vector Length K 5, 10, 20 learnable tokens Prior work (ClipCap (Mokady et al.,
2021), StyleCap (Yamauchi et al.,
2024)) tested this parameter as well
and typically saw diminishing returns
around K=10.

Mapping Network Depth 2, 4, 8 layers 8 layers follows prior work (Clip-
Cap (Mokady et al., 2021), Style-
Cap (Yamauchi et al., 2024)), but this
number of layers significantly bloats the
total parameters without much improve-
ment on performance (see Table 5).

Table 4: Three experiments were conducted for determining Dialogue Length, Prefix Vector Length, and Mapping
Network Depth. Tables 5, 6, and 7 present comprehensive results.

Test Set Mapping Network Depth BERTScore F1 METEOR ChrF ROUGE-L Tag F1 Inference Time (s)

expresso

2 0.918± 0.002 0.381± 0.014 0.494± 0.011 0.383± 0.011 0.622± 0.022 44.540± 6.061
4 0.919± 0.001 0.390± 0.008 0.499± 0.006 0.383± 0.008 0.602± 0.024 50.466± 4.327
8 0.917± 0.006 0.372± 0.045 0.488± 0.030 0.372± 0.031 0.533± 0.038 49.984± 5.864

Baseline Naive LLM
(25-shot, 5 turns ea.)

0.903± 0.004 0.295± 0.014 0.426± 0.015 0.324± 0.012 0.576± 0.027 168.609± 5.303

styletalk

2 0.944± 0.032 0.662± 0.094 0.705± 0.107 0.574± 0.150 0.688± 0.013 19.741± 5.819
4 0.935± 0.027 0.651± 0.067 0.688± 0.078 0.567± 0.106 0.650± 0.049 20.839± 4.164
8 0.927± 0.044 0.489± 0.269 0.534± 0.260 0.444± 0.259 0.355± 0.324 20.532± 4.633

Baseline Naive LLM
(25-shot, 5 turns ea.)

0.889± 0.003 0.238± 0.015 0.312± 0.018 0.251± 0.015 0.179± 0.040 161.750± 5.047

Table 5: Model performance varying the Mapping Network Depth of the transformer stack which performs prefix
vector generation, compared to the few-shot generation LLM baseline for reference. The standard deviation across 5
trials is reported. The value 2 was chosen for use in the final model.

Test Set Prefix Vector Length BERTScore F1 METEOR ChrF ROUGE-L Tag F1 Inference Time (s)

expresso

5 0.921± 0.001 0.399± 0.006 0.506± 0.004 0.390± 0.003 0.606± 0.020 54.344± 1.131
10 0.919± 0.001 0.390± 0.008 0.499± 0.006 0.383± 0.008 0.602± 0.024 54.016± 1.081
20 0.919± 0.001 0.387± 0.009 0.494± 0.009 0.381± 0.009 0.564± 0.042 52.712± 2.023
Baseline Naive LLM
(25-shot, 5 turns ea.)

0.903± 0.004 0.293± 0.016 0.426± 0.018 0.323± 0.016 0.576± 0.031 164.868± 5.179

styletalk

5 0.927± 0.028 0.636± 0.062 0.673± 0.066 0.543± 0.085 0.665± 0.041 22.949± 0.336
10 0.935± 0.027 0.651± 0.067 0.688± 0.078 0.567± 0.106 0.650± 0.049 20.577± 4.518
20 0.941± 0.032 0.665± 0.068 0.676± 0.092 0.562± 0.146 0.631± 0.048 18.857± 5.808
Baseline Naive LLM
(25-shot, 5 turns ea.)

0.888± 0.003 0.238± 0.014 0.310± 0.017 0.249± 0.014 0.176± 0.033 157.795± 4.875

Table 6: Model performance varying the Prefix vector length parameter, i.e. the output size of the transformer
mapping stack and the prompt size in tokens that the LLM sees as input. The standard deviation across 5 trials is
reported. The value 10 was chosen for use in the final model.
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Test Set Dialogue Length BERTScore F1 METEOR ChrF ROUGE-L Tag F1 Inference Time (s)

expresso

1 0.919± 0.001 0.388± 0.003 0.489± 0.005 0.381± 0.004 0.571± 0.016 39.067± 1.087
3 0.919± 0.001 0.390± 0.008 0.499± 0.006 0.383± 0.008 0.602± 0.024 50.787± 2.418
5 0.920± 0.001 0.392± 0.007 0.502± 0.006 0.384± 0.005 0.552± 0.013 64.932± 2.442
Baseline Naive LLM
(25-shot, 5 turns ea.)

0.891± 0.021 0.248± 0.081 0.378± 0.089 0.280± 0.076 0.471± 0.191 165.234± 70.581

styletalk

1 0.970± 0.017 0.744± 0.049 0.786± 0.051 0.696± 0.085 0.679± 0.010 14.156± 3.072
3 0.935± 0.027 0.651± 0.067 0.688± 0.078 0.567± 0.106 0.650± 0.049 18.898± 4.164
5 0.946± 0.029 0.655± 0.093 0.694± 0.082 0.590± 0.123 0.607± 0.052 17.970± 5.363
Baseline Naive LLM
(25-shot, 5 turns ea.)

0.885± 0.014 0.221± 0.051 0.297± 0.055 0.235± 0.047 0.164± 0.089 157.374± 64.981

Table 7: Model performance varying the Dialogue Length in the conversational context window used as input for
the model. The standard deviation across 5 trials is reported. The value 3 was chosen for use in the final model.
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