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Abstract

Conversational Recommender Systems (CRS)
typically require domain-specific dialogue data,
which is costly, scarce, and often unavailable
in new domains. We conduct a systematic
empirical study of zero-data CRS bootstrap-
ping: generating synthetic conversational super-
vision from non-conversational signals—item
reviews, metadata, and user-item interactions—
without any in-domain dialogue corpus. We
compare two information-theoretic selection
strategies, Jensen-Shannon diversity and Fisher
information, across domain signals, model ar-
chitectures, datasets, and fine-tuning paradigms.
Our results show that domain-grounded syn-
thetic data consistently outperforms zero-shot
prompting and naïve synthetic baselines; ac-
tive selection improves data efficiency over
random sampling; metadata and collaborative
filtering signals each improve selection qual-
ity; and, in low-resource settings, synthetic
data can outperform scarce real dialogues while
further complementing them. These findings
establish non-conversational domain signals
as a viable path toward building CRS with-
out conversational training data. The code
is available at https://anonymous.4open.
science/r/zero_data_crs/.

1 Introduction

Conversational Recommender Systems (CRS) aim
to deliver personalized recommendations through
dialogue (Sun and Zhang, 2018; Lin et al., 2023;
Wang et al., 2023a; Xi et al., 2024; Zhang et al.,
2018). Building effective CRS has tradition-
ally required large, domain-specific conversational
datasets (Wang et al., 2022; Chen et al., 2019; Zhou
et al., 2020; Li et al., 2018) (Figure 1(a)), which
are scarce due to high annotation costs (Soudani
et al., 2026; Chen et al., 2023; Aroyo et al., 2023),
privacy concerns (Reddit, 2023b,a, 2024; Chen
et al., 2023), and domain-specific constraints (Chen
et al., 2019; Zhou et al., 2020; Wang et al., 2022).
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Figure 1: Three CRS paradigms: (a) traditional CRS
requiring domain-specific conversational data, (b) di-
rect LLM deployment with inherent limitations, and
(c) the zero-data bootstrapping pipeline studied in this
work, which synthesizes conversational data from non-
conversational seed signals.

While Large Language Models (LLMs) demon-
strate promising zero-shot capabilities (He et al.,
2023; Feng et al., 2023; Friedman et al., 2023;
Wu et al., 2024), direct deployment (Figure 1(b))
faces challenges in scalability (Menshawy et al.,
2024; Chen et al., 2025), cost (Samsi et al., 2023;
Chen et al., 2024a), interpretability (Singh et al.,
2024; Kasneci et al., 2023; Wei Jie et al., 2024),
and privacy (Yao et al., 2024; Neel and Chang,
2024; Yan et al., 2025; Li et al., 2024b), lead-
ing many practical deployments to prefer smaller,
internally managed models (Jeong, 2024). Yet
fine-tuning these models still requires substantial
domain-specific conversational data (Jeong, 2024;
Sun et al., 2024; Nguyen et al., 2024), which re-
mains limited (Soudani et al., 2026; Wang et al.,
2023c; Ruiz and Sell, 2024).

In parallel, LLMs have been increasingly used
as data generators, synthesizing training data for
downstream tasks (Zhao et al., 2023; Mysore et al.,
2023; Leszczynski et al., 2023). However, existing
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augmentation approaches for CRS operate on top of
an existing conversational corpus (Xu et al., 2025;
Liu et al., 2025; Zhao et al., 2023) or require ex-
ternal knowledge graphs (Wang et al., 2022; Chen
et al., 2019; Zhou et al., 2020). Active learning
offers principled sample selection to maximize the
value of costly LLM queries (Du et al., 2025; Liu
et al., 2024; Zhang et al., 2024), but its application
to CRS data generation from non-conversational
signals has not been studied.

This raises a fundamental question: can LLMs
bootstrap effective CRS from non-conversational
domain signals alone? Non-conversational data—
item reviews, metadata, and user-item collaborative
interactions—is readily available in most domains,
yet converting such signals into effective conversa-
tional training data involves non-trivial challenges
in sample selection, domain grounding, and data
efficiency. No systematic investigation exists of
whether and how this bootstrapping can work.

In this work, we conduct a comprehensive em-
pirical study addressing this question. We formal-
ize the zero-data CRS setting (Figure 1(c)), where
no in-domain conversational data is available, and
study a three-stage bootstrapping pipeline: (i) ac-
tive sample selection from non-conversational seed
data using information-theoretic criteria, (ii) syn-
thetic conversational data generation via a teacher
LLM, and (iii) fine-tuning a target model on the
synthesized corpus. We systematically vary do-
main signals, selection strategies, budgets, model
architectures, and fine-tuning paradigms to address
four research questions.

Contributions. We summarize our contributions
as follows:

• We formalize the zero-data CRS setting and
establish a controlled experimental framework
for studying synthetic data bootstrapping from
non-conversational domain signals.

• We provide a systematic empirical study of
sample selection strategies for augmenting
CRS data generation, characterizing how dif-
ferent selection criteria affect synthetic-data
quality and downstream recommendation per-
formance.

• We conduct controlled ablations isolating the
effects of domain signals (item metadata, col-
laborative filtering) on both selection qual-
ity and downstream CRS performance across

Method CRS Data KG Zero-Data

UniCRS (Wang et al., 2022) ✓ ✓ ✗
KGSF (Zhou et al., 2020) ✓ ✓ ✗
KBRD (Chen et al., 2019) ✓ ✓ ✗
Xu et al. (2025) ✓ ✗ ✗
NR-CRS (Liu et al., 2025) ✓ ✗ ✗
LOT-CRS (Zhao et al., 2023) ✓ ✗ ✗
This Study ✗ ✗ ✓

Table 1: Comparison of CRS methods by data require-
ments. CRS Data: requires in-domain conversational
corpus. KG: requires external knowledge graph. Zero-
Data: operates without conversational training data.

multiple models, datasets, and fine-tuning
paradigms.

Scope. We focus on the strict setting where nei-
ther an in-domain conversational corpus nor an
external knowledge graph is available. The only
assumed resources are non-conversational domain
signals such as reviews, metadata, and user-item
interactions. Table 1 contrasts this scope with rep-
resentative CRS and augmentation methods.

2 Zero-Data CRS Bootstrapping

We define the zero-data CRS setting and the boot-
strapping pipeline evaluated in this study. Figure 2
provides an overview.

2.1 Setting: Zero-Data CRS

Definition 1 (Zero-Data CRS). A CRS operates
in the zero-data setting when no in-domain con-
versational dataset Sconv is available. The only
available resources are non-conversational domain
signals: item reviews {ri}, item metadata {mi},
and user-item collaborative interactions {ui}.

This setting captures the practical reality of de-
ploying CRS in new or specialized domains where
conversational data has never been collected, re-
quiring conversational supervision to be derived
from non-conversational signals alone.

2.2 Pipeline: Select, Generate, Fine-Tune

To study how non-conversational signals can be
converted into effective CRS training data, we in-
stantiate a three-stage bootstrapping pipeline (Al-
gorithm 1). Given seed data D, target model πθ,
teacher LLMM, and budget B, the pipeline selects
informative samples R ⊂ D, generates synthetic
conversations S fromR, and fine-tunes πθ on S to
obtain π∗

θ .
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Figure 2: Overview of zero-data CRS bootstrapping. Non-conversational seed signals are encoded, actively selected,
converted into synthetic conversations by a teacher LLM, and used to fine-tune the target CRS.

Algorithm 1: Zero-Data CRS Bootstrap-
ping Pipeline
Input :Seed dataset

D = {(mi, ri, ui, ai)}Ni=1;
Language model πθ; Black-box
LLMM; Query templates Qtmp;
Budget B

Output :Fine-tuned model π∗
θ

1 Initialize: S ← ∅;
2 foreach i ∈ D do
3 xi ← embed(πθ, i)
4 end

5 R ← select(D, {xi}, B) ▷ §2.3

6 S ← generate(R,Qtmp,M) ▷ Alg. 2

7 π∗
θ ← fine_tune(πθ,S) ▷ §11

8 return π∗
θ

2.3 Selection: Informative Seed Samples

Given the seed dataset D = {(mi, ri, ui, ai)}Ni=1

with N samples, where mi denotes item metadata,
ri item reviews, ui user features derived from col-
laborative signals, and ai the item identifier, the
goal is to select a subset of size B that maximizes
the quality of downstream synthetic data.

We extract dense representations by leverag-
ing πθ’s last transformer layer hidden states X ∈
RN×d, following prior work on LLM-based embed-
dings (Tang and Yang, 2024; Wang et al., 2024; Li

and Zhou, 2025; Jiang et al., 2024) to prevent sam-
ple misspecification (Sugiyama, 2005; Fudenberg
et al., 2017; Lin et al., 2025).

Selection precedes generation, so no training tar-
gets exist yet and label-dependent criteria such as
uncertainty sampling do not apply. We therefore
build on two label-free principles from active learn-
ing, diversity/coverage and Fisher-information-
based optimal design (Sener and Savarese, 2018;
Ash et al., 2021; Mukherjee et al., 2024; Kveton
et al., 2025), instantiated over X . The two criteria
encode competing hypotheses about what makes
a seed sample useful for CRS data generation: JS
diversity prioritizes distributional coverage, while
Fisher information prioritizes parameter-level in-
formativeness under a last-layer approximation.

Definition 2 (JS Diversity Selection). Let pi denote
the soft cluster-membership distribution for sam-
ple i, obtained by clustering the embedding space
and applying a softmax over distances to cluster
centroids. Let H(pi) be its Shannon entropy. The
first sample is initialized as the maximum-entropy
item, after which p̄t =

1
|Rt|

∑
j∈Rt

pj is computed
over the non-empty selected set. JS diversity then
selects the next sample by

i(t) = arg max
i∈D\Rt

[
H(pi) + λ JS

(
pi ∥ p̄t

)]
. (1)

The entropy term favors boundary samples, while
the JS term promotes novelty relative to the selected
set.
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Definition 3 (Fisher Information Selection). Let
Λt =

(
Id +

∑
j∈Rt

xjx
⊤
j

)−1 denote the inverse
regularized information matrix for the current se-
lected set. Under a last-layer linearization of the
fine-tuning objective (Mukherjee et al., 2024; Kve-
ton et al., 2025), Fisher selection chooses the sam-
ple with the largest incremental information gain:

i(t) = arg max
i∈D\Rt

log
(
1 + x⊤

i Λtxi

)
. (2)

This greedy log-determinant objective favors sam-
ples that add new parameter-relevant directions
beyond those already selected.

Together, the two criteria operationalize com-
plementary notions of sample utility: distribu-
tional representativeness and parameter-aligned
informativeness (Kirsch and Gal, 2022). Fisher
selection corresponds to greedy D-optimal de-
sign (Pukelsheim, 2006), while JS selection
is motivated by submodular coverage objec-
tives (Nemhauser et al., 1978). Both criteria are
applied iteratively until |R| = B; construction and
update details are provided in Section A.

2.4 Pipeline: From Domain Signals to CRS
Training Data

Domain Signal Encoding.
Definition 4 (Domain Signals). We distinguish
three types of non-conversational domain signals
available for seed sample representation:

• Semantic signals (ri): item review text, cap-
turing fine-grained user opinions and item
characteristics;

• Structural signals (mi): item metadata in-
cluding descriptions, genres, and categories,
providing categorical and descriptive context;

• Relational signals (ui): user-item collabora-
tive filtering features derived from interaction
histories, encoding user preference patterns.

Each signal type is encoded into the embedding
space by concatenating it with the seed input before
extracting representations via πθ. This study sys-
tematically investigates how each signal type, and
their combinations, affects both selection quality
and downstream CRS performance.

Synthetic Conversation Generation. After ac-
tive sample selection, the selected samples R are
converted into synthetic conversational data using

Algorithm 2: Synthetic conversational data
generation from actively selected non-
conversational seed items.

Input :Selected samplesR ⊂ D; Query
templates Qtmp; Teacher LLMM;
Queries per item K

Output :Synthetic dataset S = {(s,G)},
where G contains pseudo-target
recommendations

1 Initialize: S ← ∅;
2 foreach i ∈ R do
3 Sample 5 style templates Q ⊂ Qtmp;
4 for k = 1 to K do
5 Sample 3 reviews r̂ ⊂ ri;
6 si,k ←M(r̂, Q) ▷ Generate query;
7 Gi,k ←M(si,k) ▷ Generate 20

recommendation targets;
8 S ← S ∪ {(si,k, Gi,k)};
9 end

10 end

11 return S

a teacher LLM. Let Qtmp be a collection of style
templates sourced from Reddit movie recommen-
dation discussions, used only to control the style
and tone of generated queries (see Box 4).

For each selected item i ∈ R, we sample five
style templates Q ⊂ Qtmp. For each of K syn-
thetic queries, we sample three reviews r̂ ⊂ ri and
prompt a teacher LLMM to generate a synthetic
query si,k (Box 3). Following He et al. (2023),
we then prompt the LLM with each query to pro-
duce 20 pseudo-target recommendations, Gi,k =
{g1, . . . , g20} (Box 2). Each pair (si,k, Gi,k) is
added to the synthetic dataset S for fine-tuning the
target language model πθ. For B selected items
and K queries per item, this yields BK training
pairs at a cost of 2BK offline teacher calls; se-
lection itself requires one embedding pass and no
additional teacher calls. The full procedure is de-
tailed in Algorithm 2, with representative examples
in Box 1.

Target Model Fine-Tuning. We adapt πθ to the
conversational recommendation domain using su-
pervised fine-tuning on S, evaluating both LoRA
and Full-SFT following standard practice (Chen
et al., 2024b; Li et al., 2024a; Dong et al., 2024;
Zhang et al., 2026). Training details and hyperpa-
rameters are provided in Section E.1.

15458



3 Experimental Setup

3.1 Benchmarks and Seed Data
We evaluate on two standard CRS benchmarks of
different scales: ReDial (Li et al., 2018) and IN-
SPIRED (Hayati et al., 2020). This pairing enables
studying bootstrapping effectiveness across both
moderate- and low-resource evaluation settings.
Our non-conversational seed data is drawn from
Amazon Reviews ’23 (Hou et al., 2026) (Movies
& TV category). Dataset statistics are reported in
Table 2.

ReDial INSPIRED

Total dialogues 10,006 1,001
Test dialogues 2,001 200

Table 2: Dataset statistics for the ReDial and INSPIRED
evaluation benchmarks.

3.2 Backbone and Teacher Models
We study instruction-tuned LLMs as backbone
models: Llama3.2-3B-Instruct (Grattafiori et al.,
2024), Qwen2.5-1.5B-Instruct (Qwen et al., 2025),
and Qwen3-4B (Yang et al., 2025) (RQ1 only).
This range of model sizes enables studying how
model capacity interacts with synthetic data qual-
ity.

For fine-tuning, we consider two paradigms: (1)
LoRA (Hu et al., 2022), parameter-efficient fine-
tuning using Low-Rank Adaptation, and (2) Full-
SFT, where all model parameters are optimized.
The teacher LLM for synthetic data generation is
GPT-4o (OpenAI et al., 2024). Implementation
details are provided in Section E.1.

3.3 Baselines and Selection Conditions
To isolate the effect of domain-grounded synthetic
data, we compare against baselines operating under
the same zero-data constraint:
Zero-Shot: Models are directly prompted for con-
versational recommendation without fine-tuning.
GPT-Generated: Models fine-tuned on synthetic
data generated by naïvely prompting GPT-4o (Ope-
nAI et al., 2024) without domain-specific seed
data or active selection. Popularity: Recom-
mends items based on frequency in the dataset.
NBCRS (Xie et al., 2024): A neighborhood-based
CRS evaluated both on raw seed data and on syn-
thesized conversational data.

Existing CRS augmentation methods (Xu et al.,
2025; Liu et al., 2025) require an in-domain con-

versational corpus and are therefore not applicable
in the zero-data setting.

For active selection, we compare Random uni-
form sampling; semantic-only JS/Fisher selection
using review embeddings; JS+Meta/Fisher+Meta,
which add item metadata; and JS+CF/Fisher+CF,
which add collaborative filtering (CF) signals
from user interaction histories. We evaluate with
Recall@k (k ∈ {1, 5, 10, 20}) and NDCG@k
(Section C); unless otherwise stated, RQ1–RQ3
train exclusively on synthetic data, while RQ4 stud-
ies combinations of synthetic and in-domain data.

4 Main Results

We organize the study around four questions:
whether domain-grounded synthetic data improves
zero-data CRS (RQ1), whether active selection im-
proves data efficiency (RQ2), how metadata and
collaborative signals affect selection (RQ3), and
how synthetic data compares with scarce real dia-
logues (RQ4).

4.1 RQ1: Domain-Grounded Synthetic Data
Enables Zero-Data CRS

We first ask whether a CRS can be trained without
any in-domain conversational corpus by converting
non-conversational domain signals into synthetic
conversational supervision.

We compare popularity ranking, zero-shot
prompting, naïve GPT-generated training data,
and our domain-grounded synthetic data across
Qwen2.5-1.5B, Qwen3-4B, Llama3-3B, and
NBCRS. For LLM backbones, we evaluate both
LoRA and Full-SFT when applicable; for NBCRS,
we compare raw seed data against the synthesized
conversational data. Table 3 reports Recall@k on
ReDial and INSPIRED.

Finding 1: Domain-grounded synthetic data
consistently outperforms zero-shot and naïve
generation. Models trained on domain-grounded
synthetic data outperform both zero-shot base-
lines and models trained on GPT-generated data
(produced without domain-specific seed signals)
across backbone architectures and benchmarks. On
INSPIRED with Qwen2.5-1.5B, SFT-tuned mod-
els achieve +207.8% Recall@1 improvement over
zero-shot, compared to only +18.8% for GPT-
generated data. This indicates that incorporating
domain-specific signals during synthetic data gen-
eration significantly improves recommendation ac-
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Model Setting ReDial INSPIRED
R@1 R@5 R@10 R@20 R@1 R@5 R@10 R@20

Popularity Seed Dataset 0.090.04 0.240.06 0.330.07 0.340.07 0.030.03 0.030.03 0.550.13 0.700.15
Synth Data 0.560.09 1.870.16 2.460.19 3.720.23 0.300.10 0.850.16 1.770.23 2.350.26

Qwen2.5-1.5B
Zero-shot 2.390.19 6.960.31 8.150.33 9.510.36 0.640.14 1.430.21 2.010.24 2.350.26

GPT-Generated 2.560.19 7.630.32 9.290.35 10.710.38 0.760.17 1.890.26 2.340.29 3.290.35
Synth-LoRA 3.390.22 9.270.35 11.130.38 12.830.41 1.170.21 3.210.34 4.430.40 5.820.46
Synth-SFT 3.360.22 9.380.36 11.400.39 13.290.42 1.970.27 4.580.41 6.090.47 7.900.52

Qwen3-4B
Zero-shot 7.090.31 19.580.48 22.700.51 26.870.54 5.420.40 10.200.53 12.030.57 13.800.60

GPT-Generated 7.450.32 22.190.51 25.620.53 28.740.55 5.940.46 11.120.61 12.860.65 14.030.68
Synth-LoRA 8.390.34 23.720.52 26.260.54 28.790.55 5.820.46 10.480.60 12.070.63 12.860.65
Synth-SFT 7.730.33 22.810.51 26.320.54 29.800.56 6.010.46 11.350.62 13.120.66 14.670.69

Llama3-3B
Zero-shot 1.570.15 5.560.28 9.070.35 13.260.41 2.040.25 5.000.38 6.940.44 8.890.50

GPT-Generated 1.540.15 5.860.29 8.960.35 13.470.42 1.970.27 5.030.43 7.070.50 9.340.57
Synth-LoRA 1.530.15 5.710.28 8.790.35 13.350.42 1.970.27 5.070.43 7.260.50 9.420.57
Synth-SFT 1.910.17 6.540.30 9.720.36 14.420.43 2.610.31 5.750.45 7.830.52 9.980.58

NBCRS Seed Dataset 0.000.00 0.390.28 0.780.39 1.170.48 0.000.00 0.000.00 0.000.00 0.000.00
Synth Data 2.540.70 11.521.41 19.531.75 27.341.97 4.552.23 9.093.08 13.643.68 23.864.57

Table 3: RQ1 Recall (%) results on ReDial and INSPIRED. Small gray values denote standard errors. Shaded
entries denote LLM synthetic fine-tuning variants; bold marks the best Recall in each model block and dataset.

curacy beyond what generic LLM generation pro-
vides.

Finding 2: Smaller models benefit dispropor-
tionately from synthetic fine-tuning. The rel-
ative gains from domain-grounded synthetic data
are most pronounced for smaller models. Qwen2.5-
1.5B sees Recall@1 improvements of +41.8%
(LoRA) and +40.6% (SFT) on ReDial, while the
larger Qwen3-4B achieves +18.3% and +9.0% re-
spectively, suggesting that smaller models benefit
more from domain-specific fine-tuning data.

Finding 3: Full-SFT generally outperforms
LoRA, particularly for smaller models. Across
most configurations, Full-SFT yields stronger re-
sults than LoRA-based fine-tuning, with the gap
being especially pronounced for smaller models
(e.g., Qwen2.5-1.5B on INSPIRED: +207.8% vs.
+82.8% for Recall@1). For Llama3-3B, LoRA fine-
tuning sometimes underperforms zero-shot, while
Full-SFT consistently improves. This suggests that
when training data is synthetically generated, full
parameter updates are often important for adapting
the model sufficiently.

Finding 4: The bootstrapping pipeline gener-
alizes beyond LLM-based CRS. NBCRS (Xie
et al., 2024), a traditional neighborhood-based
CRS, achieves substantially higher performance
when trained on synthesized conversational data
compared to raw seed data (e.g., Recall@5 im-
proves from 0.39 to 11.52 on ReDial). This
confirms that the data transformation—from non-

conversational signals to conversational format—
provides value independent of the downstream
model architecture.

Synthetic-data quality. We separately assess the
generated corpus itself: human ratings of sampled
query-recommendation pairs average close to 4
on a 1–5 scale across naturalness, coherence, rel-
evance, and diversity, and both corpora follow the
requested output format. Notably, the naïve cor-
pus matches the item catalog more often than the
grounded corpus while performing worse down-
stream, indicating that catalog overlap does not
track the usefulness of the supervision. Full human-
evaluation and title-validity results are reported in
Section D.

Takeaway 1. The decisive factor is not simply
using an LLM to generate more text, but grounding
generation in domain-specific seed signals. This
supports zero-data bootstrapping as a practical al-
ternative when conversational logs are unavailable.

4.2 RQ2: Active Selection Improves Data
Efficiency

Synthetic data generation incurs teacher-LLM cost,
so the next question is whether active selection
can identify more useful seed items under fixed
generation budgets.

We compare Jensen-Shannon (JS) divergence,
Fisher information, random sampling, and a pop-
ularity heuristic that selects items with the high-
est review counts. We fine-tune Llama3-3B and
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Qwen2.5-1.5B on data generated from each se-
lected subset and evaluate Recall@k (k ∈ {1, 5})
on ReDial and INSPIRED.

Figure 3 and Figure 7 compare performance
across budgets.
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Figure 3: RQ2: Qwen2.5-1.5B performance across bud-
gets on ReDial and INSPIRED. Active selection strate-
gies (JS, Fisher) consistently outperform random sam-
pling and popularity-based selection.

Finding 5: Both active strategies outperform
random sampling and popularity-based selec-
tion, but the margin depends on budget and
signal. JS and Fisher consistently identify more
beneficial seed items than random or popularity-
based selection, reducing teacher-LLM calls while
improving performance at similar budgets. Popu-
larity, which prioritizes high-review-count items,
often underperforms even random sampling, con-
sistent with prior observations that random sam-
pling can be a strong baseline in text-generation
tasks (Perlitz et al., 2023).

Finding 6: JS and Fisher exhibit complementary
strengths. JS prioritizes distributional coverage,
while Fisher targets parameter-level information
gain aligned with the fine-tuning objective (Kirsch
and Gal, 2022). Their relative advantage varies
by dataset and budget, confirming that they cap-
ture different facets of sample informativeness and
that domain popularity alone is not a reliable proxy.
The same ordering holds under NDCG at an equal
teacher-call budget (Section C), so active selection
improves the rank position of correct items and
not only their presence in the list. We further an-
alyze the popularity profile and recommendation
coverage of active selection in Section B.

Takeaway 2. For zero-data CRS, seed selection
should be treated as part of the data-generation
algorithm rather than as a preprocessing detail.
Information-theoretic criteria make teacher queries
more efficient than simple item-frequency heuris-
tics.

4.3 RQ3: Domain Signals Improve Active
Selection

Non-conversational domains provide multiple sig-
nal types. We ask whether metadata and col-
laborative filtering signals improve selection be-
yond review text alone. We isolate domain-signal
effects by comparing semantic-only strategies
(JS, Fisher), metadata-aware strategies (JS+Meta,
Fisher+Meta), collaborative-filtering-aware strate-
gies (JS+CF, Fisher+CF), and Random. Unless
otherwise noted, this analysis uses Llama3 across
budget levels on ReDial and INSPIRED.

Metadata Provides Structural Coverage. Fig-
ure 4 shows Recall@1 and Recall@5 across budget
levels for both datasets using Llama3.
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Figure 4: RQ3: Metadata-aware selection improves Re-
call@1 and Recall@5 over semantic-only and random
selection, especially at larger budgets.

Finding 7: Metadata-aware selection consis-
tently improves performance, with gains most
pronounced at larger budgets. Methods incor-
porating item metadata outperform semantic-only
and random baselines across both datasets. The
cumulative advantage grows with budget, suggest-
ing that metadata enables active selection to sustain
informative sample identification over longer selec-
tion horizons. This confirms that structural domain
signals (descriptions, genres, categories) provide
context beyond what review text alone captures.

Collaborative Signals Add Preference Structure.
Figure 5 presents results across budget levels for
both datasets.
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Figure 5: RQ3: Collaborative filtering signals provide
complementary gains to semantic and metadata-based
selection.

Finding 8: Collaborative filtering signals pro-
vide additional gains orthogonal to semantic fea-
tures. Collaborative-aware methods consistently
demonstrate improved recommendation accuracy
over baselines, with noticeable gains at larger bud-
gets. This suggests that relational signals, which
encode user preference patterns from interaction
histories, enrich the selection process by emphasiz-
ing realistic, user-centric interactions that comple-
ment the content-based information in reviews and
metadata.

Takeaway 3. Domain signals should be used not
only as prompt context for generation, but also as
selection signals. Metadata offers an easily avail-
able structural signal, while collaborative histories
add preference information when such logs exist.

4.4 RQ4: Synthetic Data Complements
Scarce Real Data

Finally, we ask whether synthetic data substitutes
for or complements scarce real conversational data.
We compare models trained on ReD (ReDial only),
INS (INSPIRED only), Synth (synthetic data only),
R+O (ReDial + our synthetic data), and INS+O
(INSPIRED + our synthetic data). Figure 6 com-
pares these training mixtures.

Finding 9: In low-resource settings, synthetic
data alone outperforms real in-domain data.
On INSPIRED (∼1k dialogues), the model trained
solely on synthetic data (Synth) outperforms the
model trained on the original INSPIRED training
set (INS), showing that domain-grounded synthetic
data generated from non-conversational signals can
surpass actual in-domain conversational data when
the latter is scarce.
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Figure 6: RQ4: Synthetic data is most beneficial when
real conversational data is scarce and becomes less help-
ful when in-domain dialogue coverage is already large.

Finding 10: Combining synthetic and real data
yields further gains, confirming complementar-
ity. On INSPIRED, training with synthetic data
alongside scarce or related real dialogues (INS+O
and R+O) substantially improves over INS alone.
On ReDial, ReD remains competitive and R+O
slightly reduces performance, suggesting that syn-
thetic augmentation is most valuable when real
conversational coverage is limited.

Takeaway 4. Synthetic bootstrapping is most use-
ful precisely in the low-resource setting that mo-
tivates zero-data CRS. When real conversational
coverage is already broad, synthetic data should
be used more selectively or filtered more aggres-
sively.

5 Related Work

Conversational Recommender Systems. CRS
supports interactive recommendation, often with
mixed initiative between user and system (Chris-
takopoulou et al., 2016; Li et al., 2018; Chen et al.,
2019; Lei et al., 2020; He et al., 2022; Zhang et al.,
2022; Xia et al., 2023). Recent work improves
CRS by integrating recommendation and conver-
sation modules, incorporating language models, or
directly prompting and fine-tuning LLMs for rec-
ommendation (Wang et al., 2022; Xie et al., 2024;
Friedman et al., 2023; Yang and Chen, 2024; He
et al., 2023; Feng et al., 2023; Xi et al., 2024). Our
study targets a stricter setting: fine-tuning LLM-
based CRS when no in-domain conversational data
is available, using only non-conversational domain
signals.
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Data Augmentation for CRS. Data scarcity is a
central challenge for CRS, where cold-start issues
are common and large-scale conversational inter-
actions are difficult to obtain (Chae et al., 2020;
Mysore et al., 2023; Leszczynski et al., 2023; Wang
et al., 2023b). Recent augmentation methods use
LLMs to simulate conversations involving long-
tail items (Zhao et al., 2023), generate synthetic
narrative queries from user-item histories (Mysore
et al., 2023), synthesize music-domain conversa-
tions from item collections (Leszczynski et al.,
2023), or enrich existing dialogues with retrieved
items, hard negatives, and neighboring conversa-
tions (Jandaghi et al., 2024; Xu et al., 2025; Liu
et al., 2025; Wang et al., 2023b). These methods
still operate on top of existing in-domain conver-
sations. LLM-REDIAL (Liang et al., 2024) in-
stead verbalizes user histories into a large multi-
domain synthetic corpus, complementary to our
focus on which non-conversational signals and se-
lection strategies yield the most useful supervision
under a fixed teacher budget. Our zero-data set-
ting bootstraps conversational training data entirely
from reviews, metadata, and collaborative inter-
actions, without any pre-existing conversational
corpus.

Active Learning. Active learning has been used
in recommender systems and NLP to maximize
knowledge transfer from LLMs while minimiz-
ing costly queries (Du et al., 2025; Zhang et al.,
2024; Liu et al., 2024; Palo et al., 2024; Li et al.,
2024c; Xia et al., 2025). Prior work selects infor-
mative user sessions for teacher annotation (Du
et al., 2025), generates targeted examples from
student errors (Liu et al., 2024), or guides query
selection with model explanations and teacher cor-
rections (Zhang et al., 2024). We apply established
information-theoretic criteria (Jensen-Shannon di-
vergence and Fisher information) to a different
problem: selecting non-conversational seed in-
stances for synthetic CRS data generation. Our
contribution is not a new active learning criterion,
but a systematic empirical study of how active se-
lection interacts with CRS-specific domain signals
in a zero-data pipeline.

6 Conclusion

We presented a systematic empirical study of zero-
data CRS bootstrapping: generating conversational
supervision from non-conversational domain sig-
nals via LLMs. Across models, benchmarks, and

fine-tuning paradigms, domain-grounded synthetic
data outperforms zero-shot and naïve synthetic
baselines; active selection improves data efficiency;
metadata and collaborative signals strengthen selec-
tion; and synthetic data is especially effective when
real dialogues are scarce. These findings show that
non-conversational signals, when systematically
selected and transformed, offer a practical path to
building CRS without any conversational training
data.

LLM Usage: We used LLMs solely for grammar
refinement and wording edits in drafting parts of
this paper.

Limitations

We evaluate exclusively on the movie domain. The
selection and bootstrapping mechanics are domain-
general, but transfer to domains such as music or e-
commerce would require domain-specific seed cor-
pora, generation templates, and evaluation bench-
marks; establishing cross-domain generalization is
therefore left to future work. The bootstrapping
pipeline relies on LLM-generated synthetic data,
which may contain hallucinations or stylistic ar-
tifacts that propagate to downstream models. Fi-
nally, the quality of generated dialogues depends
on prompt design. While recent work on prompt
optimization could potentially improve generation
quality, we do not explore this direction.
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Radford, Aleksander Mądry, Alex Baker-Whitcomb,
Alex Beutel, Alex Borzunov, Alex Carney, Alex
Chow, Alex Kirillov, and 401 others. 2024. Gpt-4o
system card. Preprint, arXiv:2410.21276.

Flavio Di Palo, Prateek Singhi, and Bilal H Fadlal-
lah. 2024. Performance-guided LLM knowledge
distillation for efficient text classification at scale.
In Proceedings of the 2024 Conference on Empiri-
cal Methods in Natural Language Processing, pages
3675–3687, Miami, Florida, USA. Association for
Computational Linguistics.

Yotam Perlitz, Ariel Gera, Michal Shmueli-Scheuer,
Dafna Sheinwald, Noam Slonim, and Liat Ein-Dor.
2023. Active learning for natural language gener-
ation. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing,
pages 9862–9877, Singapore. Association for Com-
putational Linguistics.

Kaare Brandt Petersen, Michael Syskind Pedersen, et al.
2008. The matrix cookbook. Technical University of
Denmark, 7(15):510.

Friedrich Pukelsheim. 2006. Optimal design of experi-
ments. SIAM.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan
Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin
Yang, Jiaxi Yang, Jingren Zhou, and 25 oth-
ers. 2025. Qwen2.5 technical report. Preprint,
arXiv:2412.15115.

Reddit. 2023a. Reddit data api update: Changes to
pushshift access. Accessed: 2025-03-30.

Reddit. 2023b. An update regarding reddit’s api. Ac-
cessed: 2025-03-30.

Reddit. 2024. Publishing our public content policy and
introducing a new community for researchers. Ac-
cessed: 2025-03-30.

Daniel C. Ruiz and John Sell. 2024. Fine-tuning and
evaluating open-source large language models for the
army domain. Preprint, arXiv:2410.20297.

Siddharth Samsi, Dan Zhao, Joseph McDonald, Baolin
Li, Adam Michaleas, Michael Jones, William Berg-
eron, Jeremy Kepner, Devesh Tiwari, and Vijay Gade-
pally. 2023. From words to watts: Benchmarking
the energy costs of large language model inference.
Preprint, arXiv:2310.03003.

Ozan Sener and Silvio Savarese. 2018. Active learn-
ing for convolutional neural networks: A core-set
approach. In International Conference on Learning
Representations.

C. E. Shannon. 1948. A mathematical theory of commu-
nication. Bell System Technical Journal, 27(3):379–
423.

Jack Sherman and Winifred J. Morrison. 1950. Adjust-
ment of an inverse matrix corresponding to a change
in one element of a given matrix. The Annals of
Mathematical Statistics, 21(1):124–127.

Chandan Singh, Jeevana Priya Inala, Michel Galley,
Rich Caruana, and Jianfeng Gao. 2024. Rethinking
interpretability in the era of large language models.
Preprint, arXiv:2402.01761.

Heydar Soudani, Roxana Petcu, Evangelos Kanoulas,
and Faegheh Hasibi. 2026. A survey on recent ad-
vances in conversational data generation. ACM Com-
put. Surv., 58(10).

Masashi Sugiyama. 2005. Active learning for misspec-
ified models. In Advances in Neural Information
Processing Systems, volume 18. MIT Press.

Jianwei Sun, Chaoyang Mei, Linlin Wei, Kaiyu Zheng,
Na Liu, Ming Cui, and Tianyi Li. 2024. Dial-insight:
Fine-tuning large language models with high-quality
domain-specific data preventing capability collapse.
Preprint, arXiv:2403.09167.

15466

https://doi.org/10.1145/3642970.3655840
https://doi.org/10.1145/3642970.3655840
https://openreview.net/forum?id=cCGWj61Ael
https://openreview.net/forum?id=cCGWj61Ael
https://doi.org/10.1145/3604915.3608829
https://doi.org/10.1145/3604915.3608829
https://arxiv.org/abs/2312.06717
https://arxiv.org/abs/2312.06717
https://doi.org/10.1007/BF01588971
https://doi.org/10.1007/BF01588971
https://arxiv.org/abs/2404.11792
https://arxiv.org/abs/2404.11792
https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2410.21276
https://doi.org/10.18653/v1/2024.emnlp-main.215
https://doi.org/10.18653/v1/2024.emnlp-main.215
https://doi.org/10.18653/v1/2023.emnlp-main.611
https://doi.org/10.18653/v1/2023.emnlp-main.611
https://arxiv.org/abs/2412.15115
https://www.reddit.com/r/modnews/comments/134tjpe/reddit_data_api_update_changes_to_pushshift_access/
https://www.reddit.com/r/modnews/comments/134tjpe/reddit_data_api_update_changes_to_pushshift_access/
https://www.reddit.com/r/reddit/comments/12qwagm/an_update_regarding_reddits_api/
https://redditinc.com/blog/publishing-our-public-content-policy-and-introducing-a-new-community-for-researchers
https://redditinc.com/blog/publishing-our-public-content-policy-and-introducing-a-new-community-for-researchers
https://arxiv.org/abs/2410.20297
https://arxiv.org/abs/2410.20297
https://arxiv.org/abs/2410.20297
https://arxiv.org/abs/2310.03003
https://arxiv.org/abs/2310.03003
https://openreview.net/forum?id=H1aIuk-RW
https://openreview.net/forum?id=H1aIuk-RW
https://openreview.net/forum?id=H1aIuk-RW
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
http://www.jstor.org/stable/2236561
http://www.jstor.org/stable/2236561
http://www.jstor.org/stable/2236561
https://arxiv.org/abs/2402.01761
https://arxiv.org/abs/2402.01761
https://doi.org/10.1145/3795686
https://doi.org/10.1145/3795686
https://proceedings.neurips.cc/paper_files/paper/2005/file/0c1c995b77ea7312f887ddd9f9d35de5-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2005/file/0c1c995b77ea7312f887ddd9f9d35de5-Paper.pdf
https://arxiv.org/abs/2403.09167
https://arxiv.org/abs/2403.09167
https://arxiv.org/abs/2403.09167


Yueming Sun and Yi Zhang. 2018. Conversational rec-
ommender system. In The 41st International ACM
SIGIR Conference on Research & Development in In-
formation Retrieval, SIGIR ’18, page 235–244, New
York, NY, USA. Association for Computing Machin-
ery.

Yixuan Tang and Yi Yang. 2024. Pooling and attention:
What are effective designs for llm-based embedding
models? Preprint, arXiv:2409.02727.

Tomasz Walkowiak and Mateusz Gniewkowski. 2019.
Evaluation of vector embedding models in clustering
of text documents. In Proceedings of the Interna-
tional Conference on Recent Advances in Natural
Language Processing (RANLP 2019), pages 1304–
1311, Varna, Bulgaria. INCOMA Ltd.

Jian Wang, Yi Cheng, Dongding Lin, Chak Leong, and
Wenjie Li. 2023a. Target-oriented proactive dialogue
systems with personalization: Problem formulation
and dataset curation. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language
Processing, pages 1132–1143, Singapore. Associa-
tion for Computational Linguistics.

Liang Wang, Nan Yang, Xiaolong Huang, Linjun Yang,
Rangan Majumder, and Furu Wei. 2024. Improv-
ing text embeddings with large language models. In
Proceedings of the 62nd Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 11897–11916, Bangkok, Thai-
land. Association for Computational Linguistics.

Xi Wang, Hossein Rahmani, Jiqun Liu, and Emine Yil-
maz. 2023b. Improving conversational recommenda-
tion systems via bias analysis and language-model-
enhanced data augmentation. In Findings of the As-
sociation for Computational Linguistics: EMNLP
2023, pages 3609–3622, Singapore. Association for
Computational Linguistics.

Xiaolei Wang, Kun Zhou, Xinyu Tang, Wayne Xin Zhao,
Fan Pan, Zhao Cao, and Ji-Rong Wen. 2023c. Im-
proving conversational recommendation systems via
counterfactual data simulation. In Proceedings of the
29th ACM SIGKDD Conference on Knowledge Dis-
covery and Data Mining, KDD ’23, page 2398–2408,
New York, NY, USA. Association for Computing
Machinery.

Xiaolei Wang, Kun Zhou, Ji-Rong Wen, and Wayne Xin
Zhao. 2022. Towards unified conversational rec-
ommender systems via knowledge-enhanced prompt
learning. In Proceedings of the 28th ACM SIGKDD
Conference on Knowledge Discovery and Data Min-
ing, KDD ’22, page 1929–1937, New York, NY, USA.
Association for Computing Machinery.

Yeo Wei Jie, Ranjan Satapathy, Rick Goh, and Erik
Cambria. 2024. How interpretable are reasoning ex-
planations from prompting large language models?
In Findings of the Association for Computational Lin-
guistics: NAACL 2024, pages 2148–2164, Mexico
City, Mexico. Association for Computational Lin-
guistics.

Likang Wu, Zhi Zheng, Zhaopeng Qiu, Hao Wang,
Hongchao Gu, Tingjia Shen, Chuan Qin, Chen Zhu,
Hengshu Zhu, Qi Liu, Hui Xiong, and Enhong Chen.
2024. A survey on large language models for recom-
mendation. World Wide Web, 27(5).

Yunjia Xi, Weiwen Liu, Jianghao Lin, Bo Chen, Ruim-
ing Tang, Weinan Zhang, and Yong Yu. 2024. Mem-
ocrs: Memory-enhanced sequential conversational
recommender systems with large language models.
In Proceedings of the 33rd ACM International Con-
ference on Information and Knowledge Management,
CIKM ’24, page 2585–2595, New York, NY, USA.
Association for Computing Machinery.

Yu Xia, Subhojyoti Mukherjee, Zhouhang Xie, Junda
Wu, Xintong Li, Ryan Aponte, Hanjia Lyu, Joe Bar-
row, Hongjie Chen, Franck Dernoncourt, Branislav
Kveton, Tong Yu, Ruiyi Zhang, Jiuxiang Gu, Nes-
reen K. Ahmed, Yu Wang, Xiang Chen, Hanieh Deil-
amsalehy, Sungchul Kim, and 15 others. 2025. From
selection to generation: A survey of LLM-based ac-
tive learning. In Proceedings of the 63rd Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 14552–
14569, Vienna, Austria. Association for Computa-
tional Linguistics.

Yu Xia, Junda Wu, Tong Yu, Sungchul Kim, Ryan A.
Rossi, and Shuai Li. 2023. User-regulation decon-
founded conversational recommender system with
bandit feedback. In Proceedings of the 29th ACM
SIGKDD Conference on Knowledge Discovery and
Data Mining, KDD ’23, page 2694–2704, New York,
NY, USA. Association for Computing Machinery.

Zhouhang Xie, Junda Wu, Hyunsik Jeon, Zhankui
He, Harald Steck, Rahul Jha, Dawen Liang, Nathan
Kallus, and Julian Mcauley. 2024. Neighborhood-
based collaborative filtering for conversational rec-
ommendation. In Proceedings of the 18th ACM Con-
ference on Recommender Systems, RecSys ’24, page
1045–1050, New York, NY, USA. Association for
Computing Machinery.

Haozhe Xu, Xiaohua Wang, Changze Lv, and Xiaoqing
Zheng. 2025. Beyond single labels: Improving con-
versational recommendation through LLM-powered
data augmentation. In Proceedings of the 63rd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 15573–
15590, Vienna, Austria. Association for Computa-
tional Linguistics.

Biwei Yan, Kun Li, Minghui Xu, Yueyan Dong, Yue
Zhang, Zhaochun Ren, and Xiuzhen Cheng. 2025.
On protecting the data privacy of large language
models (llms) and llm agents: A literature review.
High-Confidence Computing, 5(2):100300.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao,
Chengen Huang, Chenxu Lv, Chujie Zheng, Day-
iheng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao
Ge, Haoran Wei, Huan Lin, Jialong Tang, and 41

15467

https://doi.org/10.1145/3209978.3210002
https://doi.org/10.1145/3209978.3210002
https://arxiv.org/abs/2409.02727
https://arxiv.org/abs/2409.02727
https://arxiv.org/abs/2409.02727
https://doi.org/10.26615/978-954-452-056-4_149
https://doi.org/10.26615/978-954-452-056-4_149
https://doi.org/10.18653/v1/2023.emnlp-main.72
https://doi.org/10.18653/v1/2023.emnlp-main.72
https://doi.org/10.18653/v1/2023.emnlp-main.72
https://doi.org/10.18653/v1/2024.acl-long.642
https://doi.org/10.18653/v1/2024.acl-long.642
https://doi.org/10.18653/v1/2023.findings-emnlp.233
https://doi.org/10.18653/v1/2023.findings-emnlp.233
https://doi.org/10.18653/v1/2023.findings-emnlp.233
https://doi.org/10.1145/3580305.3599387
https://doi.org/10.1145/3580305.3599387
https://doi.org/10.1145/3580305.3599387
https://doi.org/10.1145/3534678.3539382
https://doi.org/10.1145/3534678.3539382
https://doi.org/10.1145/3534678.3539382
https://doi.org/10.18653/v1/2024.findings-naacl.138
https://doi.org/10.18653/v1/2024.findings-naacl.138
https://doi.org/10.1007/s11280-024-01291-2
https://doi.org/10.1007/s11280-024-01291-2
https://doi.org/10.1145/3627673.3679599
https://doi.org/10.1145/3627673.3679599
https://doi.org/10.1145/3627673.3679599
https://doi.org/10.18653/v1/2025.acl-long.708
https://doi.org/10.18653/v1/2025.acl-long.708
https://doi.org/10.18653/v1/2025.acl-long.708
https://doi.org/10.1145/3580305.3599539
https://doi.org/10.1145/3580305.3599539
https://doi.org/10.1145/3580305.3599539
https://doi.org/10.1145/3640457.3688191
https://doi.org/10.1145/3640457.3688191
https://doi.org/10.1145/3640457.3688191
https://doi.org/10.18653/v1/2025.acl-long.758
https://doi.org/10.18653/v1/2025.acl-long.758
https://doi.org/10.18653/v1/2025.acl-long.758
https://doi.org/10.1016/j.hcc.2025.100300
https://doi.org/10.1016/j.hcc.2025.100300


others. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Ting Yang and Li Chen. 2024. Unleashing the retrieval
potential of large language models in conversational
recommender systems. In Proceedings of the 18th
ACM Conference on Recommender Systems, RecSys
’24, page 43–52, New York, NY, USA. Association
for Computing Machinery.

Yifan Yao, Jinhao Duan, Kaidi Xu, Yuanfang Cai, Zhibo
Sun, and Yue Zhang. 2024. A survey on large lan-
guage model (llm) security and privacy: The good,
the bad, and the ugly. High-Confidence Computing,
4(2):100211.

Shengyu Zhang, Linfeng Dong, Xiaoya Li, Sen Zhang,
Xiaofei Sun, Shuhe Wang, Jiwei Li, Runyi Hu, Tian-
wei Zhang, Guoyin Wang, and Fei Wu. 2026. In-
struction tuning for large language models: A survey.
ACM Comput. Surv., 58(7).

Yifei Zhang, Bo Pan, Chen Ling, Yuntong Hu, and
Liang Zhao. 2024. ELAD: Explanation-guided large
language models active distillation. In Findings of
the Association for Computational Linguistics: ACL
2024, pages 4463–4475, Bangkok, Thailand. Associ-
ation for Computational Linguistics.

Yiming Zhang, Lingfei Wu, Qi Shen, Yitong Pang, Zhi-
hua Wei, Fangli Xu, Bo Long, and Jian Pei. 2022.
Multiple choice questions based multi-interest policy
learning for conversational recommendation. In Pro-
ceedings of the ACM Web Conference 2022, WWW
’22, page 2153–2162, New York, NY, USA. Associa-
tion for Computing Machinery.

Yongfeng Zhang, Xu Chen, Qingyao Ai, Liu Yang, and
W. Bruce Croft. 2018. Towards conversational search
and recommendation: System ask, user respond. In
Proceedings of the 27th ACM International Confer-
ence on Information and Knowledge Management,
CIKM ’18, page 177–186, New York, NY, USA. As-
sociation for Computing Machinery.

Zhipeng Zhao, Kun Zhou, Xiaolei Wang, Wayne Xin
Zhao, Fan Pan, Zhao Cao, and Ji-Rong Wen. 2023.
Alleviating the long-tail problem in conversational
recommender systems. In Proceedings of the 17th
ACM Conference on Recommender Systems, RecSys
’23, page 374–385, New York, NY, USA. Association
for Computing Machinery.

Kun Zhou, Wayne Xin Zhao, Shuqing Bian, Yuanhang
Zhou, Ji-Rong Wen, and Jingsong Yu. 2020. Improv-
ing conversational recommender systems via knowl-
edge graph based semantic fusion. In Proceedings
of the 26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining, KDD ’20,
page 1006–1014, New York, NY, USA. Association
for Computing Machinery.

A Selection Criteria Details

This appendix provides the construction details
for the two active selection criteria defined in Sec-
tion 2.3.

JS Diversity. We partition the embedding space
using K-means clustering to obtain cluster centers
C = {c1, . . . , cK} ⊂ Rd. For each embedding
xi, we compute its Euclidean distance to each clus-
ter center (Walkowiak and Gniewkowski, 2019;
Ikotun et al., 2023), d(xi, cj) = ∥xi − cj∥, and
construct a soft cluster-membership distribution
pi = {pij}Kj=1 via softmax:

pij =
exp

(
−d(xi, cj)

)
∑K

k=1 exp
(
−d(xi, ck)

) , j = 1, . . . ,K.

High entropy H(pi) indicates that xi lies close
to multiple centroids, while low entropy indicates
strong association with a single cluster. We ini-
tialize R0 = {i(1)} with the maximum-entropy
sample (Shannon, 1948):

i(1) = argmax
i∈D

H(pi),

H(pi) = −
K∑

j=1

pij log pij .

Subsequent samples are selected by Equation (1).
The entropy term favors boundary samples, while
the JS term (Lin, 1991) promotes novelty relative
to the selected set. We updateRt+1 = Rt ∪ {i(t)}
and repeat until |R| = B.

Fisher Information. Under a last-layer lin-
earization of the fine-tuning objective (Mukher-
jee et al., 2024; Kveton et al., 2025), greedy log-
determinant selection approximates expected in-
formation gain (Kirsch and Gal, 2022). We ini-
tialize Σ0 = Id and Λ0 = Id. Given selected set
Rt, the regularized information matrix is Σt =
Id +

∑
j∈Rt

xjx
⊤
j ,Λt = Σ−1

t . The next sample
is selected by Equation (2), corresponding to the
largest incremental information gain (Pukelsheim,
2006; Ash et al., 2021; Petersen et al., 2008). Af-
ter selecting i(t), we update Rt+1 = Rt ∪ {i(t)}
and update Λt using the rank-1 Sherman–Morrison
formula (Sherman and Morrison, 1950):

Λt+1 ← Λt −
(Λtxi(t))(Λtxi(t))

⊤

1 + x⊤
i(t)

Λtxi(t)
.

The Fisher criterion is equivalent to greedy D-
optimal design (Pukelsheim, 2006): each step
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maximizes log det(Σt+1) − log det(Σt), reduc-
ing the volume of the confidence ellipsoid for
model parameters under the last-layer approxima-
tion. The JS criterion is motivated by submodu-
lar coverage objectives (Nemhauser et al., 1978).
Together, JS and Fisher represent complementary
notions of sample utility: distributional coverage
and parameter-aligned informativeness.

B Popularity Bias and Coverage Analysis

We further characterize the active-selection results
in RQ2 by analyzing the popularity profile of se-
lected seed items and the coverage of the result-
ing recommendations. These diagnostics show
that information-theoretic selection identifies use-
ful seeds across the item distribution and produces
broader recommendation coverage.

B.1 Selected-Item Popularity
We partition seed items by Amazon review count
into head (top 20%), mid (next 30%), and tail (bot-
tom 50%) buckets. For budgets B ∈ {1k, 2k, 3k},
we report selected-bucket proportions, the Gini co-
efficient of the selected-item distribution, and the
Spearman correlation ρ between item popularity
and selection probability.

B Method Head Mid Tail Gini ρ

1k
Random 20.6 32.5 46.9 .706 +.002
JS 22.7 32.6 44.7 .677 +.042
Fisher 14.8 23.3 61.9 .787 −.172

2k
Random 20.7 31.5 47.9 .702 +.001
JS 22.7 32.8 44.5 .684 +.065
Fisher 18.2 26.1 55.8 .763 −.154

3k
Random 20.4 32.0 47.6 .717 +.006
JS 22.5 32.2 45.3 .700 +.076
Fisher 18.4 27.8 53.8 .763 −.145

Table 4: Popularity composition of selected samples
at budgets B ∈ {1k, 2k, 3k} (Qwen2.5-1.5B). Head-
/Mid/Tail denote selected-item percentages by Amazon
review-count bucket. Lower Gini indicates more equi-
table coverage; ρ is the Spearman correlation between
item popularity and selection probability.

Table 4 shows a clear distinction between
popularity-based selection and the active crite-
ria. Fisher has a strong long-tail orientation: tail
items account for 53.8–61.9% of selected samples,
and selection probability is negatively correlated
with review-count popularity across all budgets
(ρ = −.172 to −.145). JS remains closer to the
seed-pool distribution while maintaining only a
mild positive popularity correlation (ρ = +.042

to +.076). Thus, the active strategies select useful
seeds from broader regions of the item space, with
Fisher especially highlighting informative long-tail
items. Because these statistics are computed from
the selected set alone, before any teacher calls,
they offer a low-cost check on selection quality:
a concentrated or low-coverage selection can be
corrected by falling back to uniform-random sam-
pling, which RQ2 shows remains a usable baseline
at every budget.

B.2 Recommendation Coverage
We next evaluate how these selection patterns trans-
late into model outputs. We bucket test-set ground-
truth items by evaluation frequency and report Re-
call@5 for each bucket using Qwen2.5-1.5B. We
also report Coverage@K, the number of unique
items appearing in top-K recommendations across
all test conversations.

ReDial R@5 INSPIRED R@5

Method Head Mid Tail Head Mid Tail

Random 9.44 5.58 3.70 5.47 3.83 3.06
JS 11.37 7.44 3.89 5.89 4.94 3.06
Fisher 12.10 7.54 4.44 6.25 4.78 2.64

Table 5: Stratified Recall@5 by item popularity bucket
on ReDial and INSPIRED (Qwen2.5-1.5B). Items
are partitioned into head, mid, and tail buckets by
evaluation-set frequency.

ReDial INSPIRED

Method Cov@5 Cov@10 Cov@5 Cov@10

Random 1030 1407 502 696
JS 1164 1571 569 802
Fisher 1188 1570 547 777

Table 6: Coverage@K: number of unique items in
top-K recommendations across all test conversations
(Qwen2.5-1.5B). Higher values indicate greater recom-
mendation diversity.

On ReDial, both active strategies improve Re-
call@5 over Random across head, mid, and tail
buckets (Table 5); Fisher raises tail Recall@5 from
3.70 to 4.44 while also improving head Recall@5
from 9.44 to 12.10. On INSPIRED, JS improves
head and mid performance while maintaining tail
Recall@5, and Fisher gives the strongest head per-
formance among the three methods. Coverage
shows the most consistent pattern: JS and Fisher
recommend substantially more unique items than
Random on both datasets (Table 6). Overall, active
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selection improves both recommendation accuracy
and coverage, reinforcing the RQ2 conclusion that
information-theoretic seed selection is more effec-
tive than random sampling.

C Ranking Quality (NDCG)

Table 7 reports NDCG for the RQ2 selection strate-
gies at the full generation budget (Qwen2.5-1.5B).
We omit NDCG@1, which is identical to Recall@1
when each evaluation instance has a single ground-
truth item.

ReDial INSPIRED

Method @5 @10 @20 @5 @10 @20

Random 5.82 6.53 7.03 3.41 3.85 4.27
Popularity 6.05 6.75 7.27 3.28 3.73 4.10
JS 7.40 8.13 8.62 3.76 4.30 4.71
Fisher 7.47 8.19 8.70 3.68 4.25 4.59

Table 7: NDCG@k (%) at the full generation budget
(Qwen2.5-1.5B). Both active criteria outperform ran-
dom and popularity-based selection at every cutoff on
both benchmarks.

NDCG tracks Recall closely: both active crite-
ria improve over random and popularity selection
at every cutoff on both benchmarks, and their ad-
vantage varies with budget in the same way as the
Recall curves in Figure 3. Active selection there-
fore improves the rank position of correct items,
not only their presence in the list.

D Synthetic Data Quality

Because the pipeline depends on LLM generation,
we assess the generated corpus directly along two
axes: human judgments of query-recommendation
quality, and automatic validation of output format
and item validity.

D.1 Human Evaluation

Two graduate students independently rated 100 ran-
domly sampled synthetic query-recommendation
pairs on a 1-5 scale along four dimensions: nat-
uralness (does the query read like a real user re-
quest), coherence (is the request internally consis-
tent), relevance (do the recommendations match
the request), and diversity (is the list varied rather
than repetitive). Agreement within one point is
83-90% across dimensions.

All four dimensions average close to 4, and aver-
aging the two annotators, 84% of the 400 example-
dimension scores are at least 3.5. Relevance is

Dimension Mean score

Naturalness 3.92
Coherence 3.94
Relevance 3.79
Diversity 4.18

Table 8: Human evaluation of 100 sampled synthetic
query-recommendation pairs (1-5 scale, two annotators).
Averaging the two annotators, 84% of the 400 example-
dimension scores are at least 3.5.

the lowest-scoring dimension, consistent with the
teacher occasionally returning loosely related items
in the 20-item list.

D.2 Title and Format Validation

We normalize every generated title (lowercasing,
removing release years and punctuation) and check
it against a verified catalog of 9,944 titles compiled
from ReDial, INSPIRED, and the seed data.

Corpus In-catalog Exactly 20 Dup. lists

Domain-grounded 76.5 97.3 2.6
Naïve GPT 92.3 100.0 1.3

Table 9: Format and item validity (%) of the generated
corpora. In-catalog: generated titles matching the veri-
fied catalog. Exactly 20: lists with the requested number
of items. Dup. lists: lists containing a repeated title.

Both corpora follow the requested format almost
always. Exact matching is a lower bound on valid-
ity, since long-tail, international, and alternatively
formatted titles are absent from this small catalog.
Notably, the naïve corpus matches the catalog more
often yet gains far less downstream (Table 3): cata-
log overlap rewards popular titles, not useful ones.

E Prompts and Implementation Details

E.1 Implementation Details

All experiments are implemented using PyTorch
and conducted on NVIDIA A6000 GPUs with
48GB memory. Fine-tuning is a one-time cost of
under four hours per run on a single A6000; at infer-
ence the fine-tuned model serves requests without
further teacher calls. For training stability, we use
the Adam optimizer coupled with a warm-up learn-
ing rate scheduler. The batch size is set to 32, with
gradient accumulation steps of 8.

Training configurations are tailored to each re-
search question: for RQ1 (synthetic data compari-
son), we use a learning rate of 5× 10−6 and train
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for 5 epochs with early stopping to ensure conver-
gence; for RQ2 (active-selection budget curves),
we use a learning rate of 5 × 10−6 and train for
1 epoch; for RQ3 (domain-signal comparisons),
we use a learning rate of 5× 10−6 and train for 1
epoch; for RQ4 (real/synthetic training mixtures),
we use a learning rate of 1 × 10−5 and train for
3 epochs. We synthesize conversational datasets
following the procedure outlined in Section 2.4.
Synthetic data is generated using OpenAI’s GPT-
4o API (OpenAI et al., 2024), with a generation
temperature of 0.8. We fix λ = 0.5 (Equation (1))
in all experiments.

E.2 Experiments
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Figure 7: RQ2: Llama3-3B performance across budgets
on ReDial and INSPIRED. Active selection strategies
(JS, Fisher) consistently outperform random sampling
and popularity-based selection.

Sample generated user-query and assis-
tant response

User Query 1
Movies with a unique twist on classic tales?
I’m interested in films that take a well-
known story and give it a fresh spin. I re-
cently watched a Hercules movie that wasn’t
your typical mythological tale—it had hu-
mor and The Rock was pretty awesome,
even if his acting chops are still a work in
progress. Can you suggest other films like
that? Maybe ones that add humor or a cool
new perspective to a classic narrative?
Assistant Response: Shrek; Enchanted;
Into the Woods; The Princess Bride; Star-
dust; 10 Things I Hate About You; Warm
Bodies; Clueless; Ella Enchanted; Malefi-

cent; The Lego Movie; Tangled; John Tucker
Must Die; Easy A; The Many Adventures of
Winnie the Pooh; Hook; Ever After: A Cin-
derella Story; The Nightmare Before Christ-
mas; Pan; The Brothers Grimm.

User Query 2
Looking for a quirky, whimsical movie with
a great ensemble cast and a bit of adventure.
I’ve heard “The Brothers Bloom” might fit
the bill with its delightful, offbeat charm
and diverse settings. If you enjoy films like
“Dirty Rotten Scoundrels” and appreciate a
touch of the macabre mixed with a fun romp,
this might be the one! Would love to know
if there are other similar movies out there
that capture this unique blend of humor and
adventure. Any recommendations?

Assistant Response: The Grand Budapest
Hotel; The Royal Tenenbaums; Moonrise
Kingdom; Snatch; Amélie; Big Fish; Lock,
Stock and Two Smoking Barrels; The Adven-
tures of Tintin; In Bruges; The Life Aquatic
with Steve Zissou; The Darjeeling Limited;
Midnight in Paris; Scott Pilgrim vs. the
World; The Men Who Stare at Goats; Kiss
Kiss Bang Bang; The Fantastic Mr. Fox;
Delicatessen; O Brother, Where Art Thou?;
Catch Me If You Can; The Imaginarium of
Doctor Parnassus.

User Query 3
My partner and I watched a film recently
and thoroughly enjoyed it. However, I’m
curious about movies where not much hap-
pens plot-wise, but dialogue and arguments
drive the narrative. Any recommendations
for films with this kind of storytelling ap-
proach? Also, any thoughts on movies that
critique or play with horror fan stereotypes?

Assistant Response: My Dinner with Andre;
Before Sunrise; The Breakfast Club; Clerks;
Dazed and Confused; The Big Chill; Slacker,
Richard Linklater’s Waking Life; Coffee and
Cigarettes; Frances Ha; Annie Hall; The
Squid and the Whale; Glengarry Glen Ross;
Tape; Carnage; What We Do in the Shadows;
The Cabin in the Woods; Scream; Tucker
and Dale vs. Evil; Behind the Mask: The
Rise of Leslie Vernon.
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Movie Recommendations Prompt

Pretend you are a movie recommender system.
I will give you a conversation between a
user and you (a recommender system). Based
on the conversation, you reply with 20
recommendations without extra sentences.

Here is the conversation: {conv}

Query Generation Prompt

You will be given multiple product reviews.
Your task is to convert the sentiment,
issues, or features mentioned in these
reviews into one distinct query or question.
I want you to style it similar to the
following queries.

Sample Queries: {sample_queries_text}

Now, convert the following product reviews
into one distinct query with a similar
style.

Input Review: {product_reviews_text}

Sample Query Templates (Qtmp)

The following are example queries from Qtmp, sourced
from Reddit movie recommendation discussions.
These templates guide the style and tone of synthetic
query generation.

“Sick with Covid, dealing with some serious cabin fever.
Any good carefree films that might lighten the mood?”

“Movies about the friends made along the way. I’m

interested in movies where the main character contin-

ually meets and befriends new interesting characters.

Maybe the main character is on a journey. Maybe the

relationships with the new characters both begin and

end during the story. Something like ‘Into the Wild’

would be perfect.”
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