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Abstract

High-quality, large-scale conversational
datasets are scarce, making it difficult to
train on-device language models (OD-LLMs,
∼1B parameters) as effective assistants. We
introduce CoSy (Conversational Synthesis),
a novel framework for generating diverse,
steerable, multi-turn conversations at scale.
CoSy combines three key mechanisms: (1)
conversational graphs that ensure natural
dialogue flow, (2) turn-based prompt augmen-
tations for diversity, and (3) explicit linguistic
phenomena for coherence. We evaluate
CoSy on conversational grounded reasoning
tasks (i.e., answering questions based on
contextual information), a core on-device use
case. Our on-device sized models trained on
CoSy-synthesized data achieve competitive
performance with human-annotated baselines
and outperform instruction-tuned models of up
to 70B parameters in zero-shot settings.

1 Introduction

Existing high-quality conversational datasets are
rare, small, and often cover only narrow domains
(Duan et al., 2023). Furthermore, obtaining human
annotations for multi-turn data is difficult, since
every sample requires a valid and meaningful con-
versational history. As a result, annotating multi-
turn datasets is either significantly more resource-
intensive (at the same scale) or yield much smaller
datasets at the same resource contraint, e.g., CoQA
(Reddy et al., 2019), QuAC (Choi et al., 2018), or
OpenAssistant (Köpf et al., 2023). This leads to
a shortage of suitable training resources for con-
versational models in terms of both volume and
diversity. Here, we address this gap with our novel
Conversational Synthesis (CoSy) approach, which
synthesizes diverse and steerable multi-turn con-
versations. Using our high-quality, high-quantity
conversational data, we train on-device sized lan-
guage models (around 1B parameters) as assistants.

In contrast to large language models, these smaller
alternatives generally do not exhibit the same level
of generalization and cannot be easily prompted
or few-shot trained (Fu et al., 2023). Instead, they
require large amounts of high-quality training data
to explicitly learn conversational abilities.

Training on-device sized language models on our
synthetic conversation data, we find that the result-
ing models achieve competitive results with models
fine-tuned on human-annotated datasets and consis-
tently outperform similar-sized instruction-tuned
baselines in zero-shot settings.

To summarize, our work makes the following
contributions:

• We propose CoSy, a novel framework for syn-
thesizing diverse, multi-turn conversations us-
ing conversational graphs, turn-based augmen-
tations, and explicit linguistic phenomena.

• We demonstrate that 1.4B parameter models
trained on CoSy data close 75–92% of the
gap between single-turn and human multi-turn
baselines on CoQA and QuAC.

• We show that CoSy-trained models outper-
form instruction-tuned baselines up to 50×
larger in zero-shot conversational grounded
reasoning.

2 Method

We propose CoSy, a data synthesis methodology
that enables OD-LLMs to function as conversa-
tional assistants. Unlike prior data synthesis work
focused on single-turn instruction tuning (e.g., Wiz-
ardLM (Xu et al., 2023), Alpagasus (Chen et al.),
Alpaca (Taori et al., 2023)), CoSy generates multi-
turn conversations using a turn-by-turn paradigm.
This design directly addresses two limitations of
LLM-based synthesis: limited diversity and lack
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Figure 1: Conversational Graph Generation Example. Left: General conversational graph. Right: Rolled-out version
of a sampled graph of length n = 3.

of steerability at the conversation level. Our frame-
work introduces three key mechanisms:
Conversational Graphs (§2.1): Ensure valid, nat-
ural conversation structure at the marco-level
Conversational Links (§2.2): Enable per-turn di-
versity and steerability
Linguistic Phenomena (§2.3): Tie turns together
in a natural linguistic style

2.1 Conversational Graph Generation
Synthesizing diverse yet naturally flowing conver-
sations is essential for imitating human interac-
tions. To provide guarantees on conversation va-
lidity, we propose a conversational graph genera-
tion approach inspired by Markov Chains. Specifi-
cally, we model conversation structure as a Markov
process over conversation links—reusable tem-
plates for generating individual turns. Like Markov
Chains, our approach defines transition probabili-
ties between states (links), enabling us to sample
valid conversation trajectories while maintaining
diversity.

Formally, a conversational graph G = (V,E)
consists of vertices V = {∅, L1, L2, . . . , Lk} rep-
resenting conversation links, and edges E repre-
senting transition probabilities between links. The
special vertex ∅ denotes the conversation start. To
generate a conversation of length n:

1. Initialize at ∅
2. Sample an outgoing edge according to transi-

tion probabilities

3. Instantiate the corresponding link to generate
a turn

4. Repeat until n turns are generated

Figure 1 illustrates an example. The graph de-
fines a set of conversation links (vertices), each
serving as a blueprint for prompting a conversa-
tional turn. These are connected by transition prob-
abilities (edges) used to sample a conversational
chain—a sequence of links representing a valid and
natural multi-turn conversation.

For instance, given a graph G = (V,E) with
vertices V = (∅, L1, L2, L3), generation begins
by sampling from the valid edges leaving ∅ (e.g.,
{w∅,1, w∅,2, w∅,3}). If L2 is selected, the next step
samples from {w2,1, w2,3}. Once the target conver-
sation length n is reached (e.g., n = 3 in Figure 1),
the traversal ends and the resulting conversational
blueprint is returned for synthesis.

2.2 Conversational Links
Once a conversational chain is sampled, links are
executed in order (e.g., in Figure 1: L2 → L1 →
L3). While the conversational graph defines the
“macro-level” conversation structure, individual
links define the conversational turns themselves.
Each link contains: (1) a prompt to steer the con-
versation, and (2) additional seed data to support
diversity in the conversational chain or to directly
incorporate external information (e.g., context; see
Figure 3)1. The prompt and seed are configurable
per link, providing the primary mechanism for en-
coding explicit conversational phenomena. Figure
2 shows the data flow in a single generation step.

2.3 Linguistic Phenomena
Without additional constraints, the generated turns
could still be a sequence of independent, single-

1The prompt can also contain “Chain-of-Thought” reason-
ing steps (Wei et al., 2023).
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Figure 2: A single generation step to synthesize a new turn in the conversation.

Figure 3: Example of linguistic phenomena used in the final turn prompt.

turn utterances. Inspired by human conversations,
we use explicit linguistic phenomena to naturally
tie turns together. Figure 3 shows the details of
links supporting coreference to refer back to prior
conversational turns. This way, we explicitly con-
nect entity mentions in the context and synthesize
semantic follow-ups, completing our steerable and
diverse conversation synthesis framework.

3 Experiments

To demonstrate the effectiveness of CoSy, we eval-
uate it on assistant-style grounded reasoning. This
is a natural testbed for our synthesis approach us-
ing small, specialist language models at on-device
scale, where the interaction with on-device context
(e.g., summarizing notes) is a primary use case.

3.1 Models

In this paper, we use two main models:
LLM: The 70B Llama3 instruction-tuned check-
point as a large-scale baseline.
OD-LLM: A 1.4B Llama 2-style model trained on
our synthesized data.

We use additional model sizes and architectures
for ablation experiments. Specifically, we also em-
ploy the 70B Llama 2 instruction-tuned checkpoint
as an alternative large language model (Touvron
et al., 2023), and a pre-trained 500M Llama 2-style
model as an alternative OD-LLM. As instruction-
tuned baselines, we explore 7B (Touvron et al.,
2023), 1.4B, and 500M Llama 2-style models, as
well as Phi-3 (Abdin et al., 2024). Additional base-
lines are taken from the literature and cited in the
relevant sections.

3.2 CoSy Seed Data

To evaluate our CoSy data synthesis approach, we
explore two synthesis scenarios: in-domain and
zero-shot.

In-Domain Synthesis: We compare the Llama 2
1.4B model trained on our synthetic conversations
against gold datasets, using the same set of avail-
able documents during training (see in-domain con-
texts (blue) in Figure 4). Specifically, we use two
common multi-turn grounded question answering
tasks: Conversational Question Answering (CoQA)
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Figure 4: Training setup of human-annotated baselines and in-domain / web-based CoSy versions.

Dataset CoQA QuAC
Dialogs 8,199 13,594
Questions 121,300 98,407
Passage length 270 401
Avg. Turns 15 7

Table 1: Dataset dimensions of the in-domain grounded
reasoning training portion.

(Reddy et al., 2019) and Question Answering in
Context (QuAC) (Choi et al., 2018). Both tasks test
a system’s ability to generate responses to a query
based on a given context and conversational his-
tory. Dataset statistics are shown in Table 1. While
both datasets target conversational question an-
swering, CoQA answers are generally factoid-style
(i.e., short and precise), whereas QuAC responses
are more elaborate and longer. We generate syn-
thetic conversations using the approach described
above and train the Llama 2 1.4B model with
the in-domain synthesized data, hereafter called
“CoSy In-Domain”.

Zero-Shot Synthesis: As shown in the bottom
right of Figure 4, in this setting we use web docu-
ments as the context for question answering. Given
the automatic nature of our approach, we are lim-
ited only by the amount of available seed data. As a
result, we can leverage large-scale data collections
to scale CoSy across several orders of magnitude.
To demonstrate this scaling capability, we use read-
ily available web data, generate conversations, and
train a Llama3 1.4B pre-trained checkpoint. We
name this setting “CoSy Web”.

3.3 Evaluation Tasks

We evaluate all models on two human test sets pro-
vided as part of the CoQA (Reddy et al., 2019) and
QuAC (Choi et al., 2018) corpora2. We use the
original context along with the complete grounded
question-answering conversation, analogous to the
human multi-turn training set shown in the top left
of Figure 4. As a held-out, zero-shot evaluation
scenario, we also report results on abstractive sum-
marization using two popular datasets: CNN/DM
(Nallapati et al., 2016) and XSum (Narayan et al.,
2018).

Due to the nature of LLM-synthesized conver-
sations, our generations are more aligned with the
long-form responses in QuAC than the factoid-style
CoQA answers. For this reason, we opt for the less
strict recall metric on CoQA to avoid penalizing re-
sults based on output length. To ensure that model
candidates do not exploit the recall metric by gen-
erating excessively long responses, we supplement
our results with response length statistics (Table 3).
Given the similar human-like style of QuAC gold
answers and our generations, we report the stan-
dard F1 scores for QuAC.

3.4 Evaluation Protocol

We evaluate models in two settings that capture
different aspects of conversational ability:

• Gold History: Each turn is predicted given
the ground-truth conversation history. This
isolates single-turn response quality.

2As is common practice, we use the validation portion of
the datasets as our evaluation set, while sampling a validation
set from the original training split.
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• Predicted History: Each turn uses the
model’s own prior predictions as history.
This tests end-to-end conversation coherence,
where early errors propagate.

3.5 Baselines

Human Single Turn: This baseline uses the in-
domain, single-turn, human-annotated question an-
swering dataset. We take the original multi-turn
human-annotated dataset and remove all turns past
the first interaction (see top right in Figure 4).

Human Multi Turn: This baseline consists of
the original, human multi-turn conversations pro-
vided as part of the CoQA and QuAC datasets (see
top left in Figure 4). It is a superset of the single-
turn setup and is expected to perform significantly
better on tasks that require conversational reason-
ing.

Instruction-Tuned: A common alternative to
task-specialist models are instruction-tuned check-
points. Given that these models are solely
prompted to solve a specific task (e.g., as done in
Liu et al. (2024b)), instruction-tuned models serve
as an important baseline in domains where training
data is sparse or non-existent. We use a range of
instruction-tuned baselines at different parameter
sizes to verify the benefit of CoSy.

4 Results

Our experiments address two questions: (1) Can
synthesized conversations match human-annotated
data? (2) Can synthesis scale improve zero-shot
performance? Table 2 summarizes our main find-
ings.

The top portion shows the in-domain setting,
where we synthesize grounded conversations from
documents in the CoQA and QuAC training sets
and evaluate on the respective test sets (blue “in-
domain” examples in Figure 4). This experiment
tests whether synthesized data can close the gap be-
tween human-annotated single-turn and multi-turn
baselines. We find that CoSy In-Domain closes
the single-turn–multi-turn gap by 92% (91% with
gold context) on CoQA and 75% (40% with gold
context) on QuAC, despite using exclusively syn-
thesized conversations.

The bottom portion of Table 2 shows zero-shot
comparisons of our large-scale CoSy Web model,
trained on one million generated conversations,
against instruction-tuned Llama 2 baselines (Tou-

vron et al., 2023) and the 3.8B Phi-3 model (Ab-
din et al., 2024). CoSy Web consistently outper-
forms instruction-tuned baselines at similar and
larger scales: it surpasses the 1.4B, 7B, and 70B
instruction-tuned Llama 2 models. It also outper-
forms the Phi-3 baseline (2× larger) in three of
four settings.

Comparing across sub-tables, we find that zero-
shot synthesis data outperforms human-curated
multi-turn data on CoQA, while underperform-
ing on QuAC. Examining the performance gap be-
tween history settings (“Gold” vs. “Pred”), we ob-
serve a consistent degradation for predicted history,
as expected. However, this gap is generally smaller
for CoSy models, suggesting more coherent con-
versational trajectories across multi-turn conversa-
tions. To validate that the recall results in Table 2
are not inflated, we present a supplementary word
count analysis in Table 3, confirming that our ap-
proach does not exploit the recall metric through
excessively long generations.

5 Analysis

To better understand the properties of our synthetic
dataset, we conduct a range of ablation experiments.
Unless stated otherwise, we sample 10,000 synthe-
sized conversations from our zero-shot web seed.

5.1 Synthesis Scale
While small-scale, human-annotated conversa-
tional datasets exist, scaling them is resource-
intensive. Using CoSy, we can synthesize large
amounts of diverse conversational data across sev-
eral orders of magnitude. Table 4 shows the influ-
ence of the number of synthesized conversations
on model performance. The trend is clear: larger
synthesis scales improve performance near-linearly
up to one million samples.

5.2 Student Model Size
This ablation compares the 1.4B student checkpoint
used in the main results with a 500M Llama 2-style
checkpoint, both trained on the full dataset. Table
5 shows a clear quality regression when moving
from 1.4B to 500M parameters. However, even at
500M, our zero-shot CoSy Web model only slightly
underperforms the model trained on human multi-
turn data.

5.3 Per-Turn Performance
To gain deeper insight into our synthesized con-
versations, we perform a per-turn analysis on the
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Eval Dataset CoQA QuAC
Metric #Params Recall F1-score
Context Gold Pred Gold Pred

In-Domain
Human Single Turn 1.4B 77.3 73.7 36.73 30.80
CoSy In-Domain 1.4B 84.5 81.8 40.97 38.42
Human Multi-Turn 1.4B 85.2 82.5 47.20 41.02

Zero-Shot
Instruction-Tuned 1.4B 79.7 68.9 21.37 18.04
Instruction-Tuned 7B 85.0 82.8 25.99 17.58
Instruction-Tuned† 70B – – 32.47 –
CoSy Web 1.4B 86.3 84.2 38.66 35.51
Phi-3 3.8B 89.0 78.8 34.56 16.24

Table 2: Conversational question answering performance. Top: In-domain comparison where all models train on
documents from CoQA/QuAC. Bottom: Zero-shot comparison where CoSy Web trains on web documents only.
“Gold” uses ground-truth conversation history; “Pred” uses model-predicted history. All models are Llama 2-based
unless noted. †Results from Liu et al. (2024b).

Model # Params Average Median 90P
Context Gold Pred Gold Pred Gold Pred

In Domain
Human Single Turn 1.4B 2.1 2.2 1 1 4 4
Human Multi Turn 1.4B 2.4 2.5 2 2 5 5
CoSy In-Domain 1.4B 4.8 4.9 3 3 10 11

Zero Shot
CoSy Web 1.4B 4.7 4.7 3 3 11 10
Instruction-Tuned 1.4B 65.9 29.5 28 7 154 117
Phi-3 3.8B 89.1 16.3 49 5 209 27
Instruction-Tuned 7B 12.2 7.6 7 3 25 19
Gold Answer – 2.52 – 2 – 5 –

Table 3: Response length in words on CoQA. All models are Llama 2-based unless otherwise noted.

Eval Dataset CoQA QuAC
Metric # Params Recall F1-score
Context Gold Pred Gold Pred
CoSy Web 10k 1.4B 80.8 78.4 36.69 31.50
CoSy Web 100k 1.4B 83.1 80.9 37.51 33.92
CoSy Web 1M 1.4B 86.3 84.2 38.66 35.51

Table 4: Zero-shot results on CoQA and QuAC across
three synthesis scales. All models are Llama 2-based.

CoQA evaluation set using the full CoSy Web
dataset. Figure 5 shows that our model matches the
gold multi-turn baseline for short conversations
and near-consistently outperforms it for longer
ones. The single-turn baseline performs consis-
tently worse, with the gap generally widening in
later turns.

5.4 Language Modeling Evaluations

We further evaluate our final model (trained on
the full 1M dataset) on a commonly used sub-
set of language model evaluations for small lan-

Eval Dataset CoQA QuAC
Metric # Params Recall F1-score
Context Gold Pred Gold Pred
Human Single Turn 500M 55.5 52.2 29.28 25.50
CoSy Web 500M 72.3 70.1 30.76 29.06
Human Multi Turn 500M 72.9 70.9 39.12 32.58
CoSy Web 1.4B 80.8 78.4 36.69 31.50

Table 5: Zero-shot results on CoQA/QuAC using the
500M Llama 2-style model on the full (1M) dataset.

guage models (e.g., as used in Liu et al. (2024a);
Allal et al. (2024)). Specifically, we evaluate on
ARC-easy and ARC-challenge (Clark et al., 2018),
BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020),
SIQA (Sap et al., 2019), HellaSwag (Zellers et al.,
2019), OBQA (Mihaylov et al., 2018), and Wino-
grande (Sakaguchi et al., 2021). The goal is to
assess whether our grounded-reasoning-based train-
ing approach degrades performance on this diverse
set of language understanding tasks compared to
pre-trained and instruction-tuned alternatives. As
shown in Table 6, the CoSy Web model on average
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Figure 5: Average per-turn model recall on CoQA.

still underperforms instruction-tuned versions of
the same base model, but improves over the pre-
trained checkpoint without any prompt adjustments
during evaluation. The fact that grounded reason-
ing training does not regress—and even slightly
improves—language modeling performance sug-
gests promise for such models to serve as general-
ists.

5.5 Zero-Shot Summarization

Lastly, we evaluate on zero-shot abstractive sum-
marization using CNN/DM (Nallapati et al., 2016)
and XSum (Narayan et al., 2018). Table 7 com-
pares instruction-tuned 1.4B and 7B Llama 2-
style baselines, the 3.8B Phi-3 checkpoint, and
our CoSy Web model. We also include two su-
pervised fine-tuned models for reference (fine-
tuned 1.4B Llama 2, BART-Large (Lewis et al.,
2019)). CoSy Web outperforms both Llama 2-style
instruction-tuned baselines. While Phi-3 achieves
higher scores on CNN/DM, the margin is small
given the significant size difference. On XSum,
CoSy Web outperforms all other zero-shot models,
despite their size advantage.

6 Related Work

High-Quality Data Distillation Recently, there
has been a strong push toward curating high-quality
datasets for training small language models. With
the intuition that small models are more sensitive
to low-quality data, recent research has (1) filtered
datasets based on quality, (2) rewritten data sam-
ples to improve quality, and (3) synthesized new,
diverse samples to teach the model desired behav-
iors. For example, Gunasekar et al. (2023) use code
data from the web and refine it to “textbook-style”

samples for pre-training small-scale decoder-only
models. Similarly, Zhou et al. (2023) argue for
the importance of high-quality datasets, even for
alignment purposes. Along similar lines, Wei et al.
(2022); Longpre et al. (2023) show that dataset
diversity along the task axis plays a crucial role
in model training. In the creative writing domain,
Ravi et al. (2024) show that small language models
can learn difficult concepts, such as humor, when
distilled in an interactive manner.

Conversational Question Answering Conversa-
tional question answering has been explored exten-
sively given the importance of the task. Liu et al.
(2024b) propose a family of conversational ques-
tion answering models at large scale by adding a
dense retrieval module. (Feng et al., 2020) pro-
pose a method to create conversational datasets
using discourse units, while Anantha et al. (2021)
propose a question rewriting method in the con-
versational context. Adlakha et al. (2022) publish
a dataset for conversational question answering
focusing on topic switches. Compared to these ap-
proaches, our conversational synthesis framework
is more scalable while maintaining data diversity
and steerability.

Prompting Paradigms In black-box LLM dis-
tillation, the human-curated prompt plays a major
role in downstream performance. Among many
proposed approaches, “Chain-of-Thought” (CoT)
prompting is one of the most popular paradigms
for achieving high-quality results (Wei et al., 2023).
We follow the approach in Wei et al. (2023) and
prompt our per-turn conversational links using a
CoT flavor, asking the model to produce a reason-
ing trace.
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Model Arc-E Arc-C BoolQ PIQA SIQA Hellaswag OBQA Winogrande Avg
Pre-Trained 64.27 39.30 61.95 73.75 45.87 63.08 47.42 59.98 56.95
CoSy Web 65.38 38.83 67.97 73.54 46.19 61.60 47.66 60.47 57.71
Instruction-Tuned 63.65 40.00 68.90 73.54 47.31 63.13 49.61 61.41 58.44

Table 6: Language model evaluations of our CoSy-trained student model compared to the 1.4B Llama 2-style
pre-trained and instruction-tuned baselines.

Eval Dataset #Params CNN/DM XSUM
Metric R-1 R-2 R-L R-1 R-2 R-L
Instruction-Tuned 1.4B 11.26 3.71 7.47 4.56 0.99 3.42
CoSy Web 1.4B 24.71 7.73 17.36 17.66 2.60 13.49
Phi-3 3.8B 28.48 9.04 18.05 12.59 2.59 9.04
Instruction-Tuned 7B 17.31 5.72 11.17 7.88 1.90 5.65
Fine-Tuned 1.4B 41.03 17.42 29.59 28.14 10.95 23.04
BART large† 406M 44.16 21.28 40.90 45.14 22.27 37.25

Table 7: Abstractive summarization zero-shot results on CNN/DM and XSum. All models are Llama 2-based unless
otherwise noted. †Results from (Lewis et al., 2019).

Small Language Models Given the strong gener-
alist performance of LLMs such as the GPT (Ope-
nAI et al., 2024) and Llama (Touvron et al., 2023)
series, the question of how much these abilities
can be distilled into OD-LLMs has become an im-
portant research question. For example, Mukher-
jee et al. (2023) show promising performance at
the 13B scale when distilling data from GPT-4 us-
ing explanation traces. Similarly, the Phi series
(Gunasekar et al., 2023) demonstrates strong per-
formance of even smaller language models when
trained on code data. Lastly, OpenELM (Mehta
et al., 2024) shows similar results.

7 Conclusion

In this paper, we present a novel conversational
synthesis method applied to the challenging task
of conversational grounded reasoning for ques-
tion answering. We show that using CoSy to
generate diverse, steerable, and conversational
question-answer traces can significantly close the
in-domain performance gap compared to human-
curated multi-turn conversations. Furthermore, our
synthesis approach improves zero-shot question
answering and summarization performance com-
pared to similarly sized instruction-tuned models,
and even outperforms models of significantly larger
size. These results make a compelling case for us-
ing CoSy to synthesize data from diverse seeds
instead of relying on resource-intensive human an-
notation or scaling up model size.
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