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Abstract

Conversational agents, such as ChatGPT and
Doubao, have become essential daily assistants
for billions of users. To further enhance engage-
ment, these systems are evolving from passive
responders to proactive companions. However,
existing efforts focus on activation within on-
going dialogues, while overlooking a key real-
world bottleneck. In the conversation initiation
stage, users may have a vague need but no ex-
plicit query intent, creating a first-message bar-
rier where the conversation holds before it be-
gins. To overcome this, we introduce Conver-
sation Starter Generation: generating person-
alized starters to guide users into conversation.
However, unlike in-conversation stages where
immediate context guides the response, initia-
tion must operate in a cold-start moment with-
out explicit user intent. To pioneer in this direc-
tion, we present ICEBREAKER that frames hu-
man ice-breaking as a two-step handshake: (i)
evoke resonance via Resonance-Aware Interest
Distillation from session summaries to capture
trigger interests, and (ii) stimulate interaction
via Interaction-Oriented Starter Generation, op-
timized with personalized preference alignment
and a self-reinforced loop to maximize engage-
ment. Online A/B tests on one of the world’s
largest conversational agent products show that
ICEBREAKER improves user active days by
+1.84‰ and click-through rate by +94.25‰,
and has been deployed in production.

1 Introduction

Conversational agents are rapidly becoming an in-
dispensable part of everyday life (Hadi et al., 2023),
people turn to them not only for information seek-
ing (Zhu et al., 2025) and task assistance (Qin et al.,
2024), but also for planning and emotional compan-
ionship (Kasneci et al., 2023; Li et al., 2023). In
this work, we study a deployment setting on one of
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Figure 1: Paradigm comparison between (a) proactive
initiation that lowers the first-message barrier by pro-
viding personalized starters and (b) passive response
that occurs within an ongoing dialogue. ICEBREAKER
mimics human ice-breaking via a two-step handshake:
evoking resonance and stimulating interaction.

the world’s largest conversational agent products,
serving hundreds of millions of users. In real-world
deployments, the serving paradigm is shifting from
passive answering to proactive participation, where
the system anticipates needs and helps users move
the interaction forward (Deng et al., 2025b). Prior
studies on such in-conversation proactivity operate
after the user has already started the conversation
(as depicted in Figure 1(b)), for example by gener-
ating follow-up or clarifying questions (Deng et al.,
2023), and have been shown to improve session
depth (Andukuri et al., 2024; Li et al., 2025b).

In practice, however, a fundamental product bot-
tleneck remains under-explored: the first-message
barrier in the before-conversation stage. At this
cold-start moment, users often have only a vague
goal and a narrow sense of the agent’s actionable
scope (Norman, 2013; Zamfirescu-Pereira et al.,
2023), making it difficult to start the conversa-
tion and highlighting the need for proactive guid-
ance. Production statistics also show that this “first-
message barrier” correlates with a lower conver-
sation start rate: roughly 20% of users enter the
product but leave without starting the conversation.
To address this bottleneck, we study proactive ini-
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tiation, which provides personalized guidance that
lowers the cost of conversation initiation, makes
the agent’s capabilities immediately actionable, and
more importantly, shapes the subsequent trajectory
to improve downstream conversation quality.

However, proactive initiation poses challenges
beyond standard response generation. First, in
the before-conversation stage, inferring user intent
without explicit user signals is challenging. Sec-
ond, user preferences are highly personalized and
long-tailed, so a one-size-fits-all alignment objec-
tive tends to bias generation toward generic starters
that fail to resonate with individuals. To pioneer in
this direction, we study proactive initiation as the
task of Conversation Starter Generation: produc-
ing a set of personalized starter questions that guide
users to start a conversation. Motivated by how peo-
ple initiate conversations in cold-start situations,
first surfacing a few interests likely to resonate and
then phrasing a starter to elicit interaction, we pro-
pose ICEBREAKER, which operationalizes proac-
tive initiation as a two-step handshake: (i) evoke
resonance, where Resonance-Aware Interest Distil-
lation (RID) learns a personalized resonance scorer
to distill long session summaries into a compact set
of trigger interests, with activity-aware gating con-
trolling distillation strength; and (ii) stimulate in-
teraction, where Interaction-Oriented Starter Gen-
eration (ISG) conditions on distilled interests to
generate a small, diverse starter list, warm-started
with distilled instruction data and then aligned via
list-wise multi-dimensional preference optimiza-
tion with periodically augmented preference pairs
for self-reinforced refinement.

Online A/B tests show a +1.84‰ user active
days increase and +94.25‰ CTR improvement.
ICEBREAKER has been deployed at scale on one of
the world’s largest conversational agent products.
Our main contributions include:

• Paradigm shift: By formalizing Conversation
Starter Generation, we move from responsive
execution to proactive initiation to address the
first-message barrier in real-world applications.

• ICEBREAKER: We propose a two-step hand-
shake framework that bridges the resonance gap
in cold-start initiation by coupling resonance-
aware interest distillation with preference-
aligned starter generation.

• Real-world deployment: Extensive offline
and online experiments demonstrate that ICE-
BREAKER not only improves conversation ini-

tiation experience but also increases long-term
engagement. ICEBREAKER has been deployed
at scale, serving hundreds of millions of users.

2 Proposed Method: ICEBREAKER

In this section, we present ICEBREAKER, a two-
stage framework for proactive initiation under cold-
start moments. As illustrated in Figure 2, ICE-
BREAKER consists of a distiller that captures trig-
ger interests from session summaries (§ 2.2), and
a generator that produces a list of conversation
starters conditioned on these interests (§ 2.3).

2.1 Problem Formulation

We first formalize the Conversation Starter Gen-
eration task. Given a user’s session summaries,
the goal is to generate a small list of starters that
maximize subsequent engagement. Let Hu =
{h1, h2, . . . , hT } denote the historical session sum-
maries of user u, where each ht is a short textual
summary of the t-th session. The goal is to learn
a policy πθ that generates a list of K conversation
starters S = [s1, s2, . . . , sK ]. The objective is to
maximize the expected list-wise utility:

S∗ = argmax
S

ES∼πθ(·|Hu)V(S), (1)

where V(S) denotes the overall value of the list,
which depends on both its user-specific utility and
the redundancy within the list. In ICEBREAKER,
this objective is approximated with a learned
interaction-utility ranker and an explicit within-list
diversity signal (§ 2.3).

2.2 Resonance-Aware Interest Distillation
(RID)

As the first handshake for resonance evoking, RID
captures trigger interests from session summaries
by mimicking how humans initiate conversations:
instead of enumerating all possible topics, people
surface a small set of personal resonance cues that
are most likely to elicit interaction. We implement
RID as a resonance-guided distillation pipeline:
we first learn a personalized resonance scorer from
user actions, and then conduct adaptive gating to
produce trigger interests I∗ from Hu.

Personalized Resonance Scorer To quantify
user-specific resonance potential, we learn a person-
alized resonance scorer sϕ(·) that maps a candidate
session summary ht of user u to a scalar score. Fol-
lowing Deng et al. (2025a) and Guo et al. (2025),
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Figure 2: Overall architecture of ICEBREAKER. (a) Resonance-Aware Interest Distillation identifies trigger
interests from session summaries via personalized resonance scoring and adaptive gating. (b) Interaction-Oriented
Starter Generation produces a small set of first-turn starters conditioned on these interests, and optimizes them for
personalized interaction utility and within-list diversity through preference alignment.

the historical session summaries together with user
profile (a crowd portrait fitted by the platform) are
encoded as user features u = Euser(Hu, u), session
summary is encoded as zt = Etext(ht):

sϕ(u, ht) = cos(u, zt), (2)

where cos(·, ·) denotes cosine similarity between
ℓ2-normalized embeddings. This design enables
efficient retrieval over large summary pools, which
is important for real-world production.

For sϕ(·) training, an interest-revisit signal is
leveraged as a proxy for resonance, which provides
direct evidence of what a user is willing to revisit.
Concretely, we identify resonance by matching a
user’s later session summaries to their historical ses-
sion summaries using a prompting-based approach
(detailed in Appendix B.2.1). A session summary
is considered as positive h+ if a later session re-
visits the same interest. Two types of negatives
are constructed: (i) within-user negatives Nintra,
i.e., other session summaries from the same user
that are not matched by any later session, and (ii)
cross-user negatives Ninter, i.e., session summaries
from other users in the same minibatch. Finally,
Nu = Nintra ∪Ninter is used as the negative set.

Let DRID denote the resulting set of training tu-
ples (u, h+,Nu). We train the encoders in sϕ by
minimizing the following contrastive loss:

LCL(ϕ) = − 1

|DRID|
∑

DRID

log
exp(sϕ(u, h+))∑
h exp(sϕ(u, h))

,

(3)
where h ∈ {h+}∪Nu, ϕ denotes the parameters of
scorer sϕ, |DRID| is the number of training tuples.

Adaptive Gating At inference, we compute
scores {sϕ(u, ht)}Tt=1 and distill trigger interests
via an user activity-aware threshold. Concretely,

we map each user to an activity group b(u) ∈
{1, . . . , B} based on user activity, and apply a
group-specific threshold τb that increases with ac-
tivity. Formally, τu = τb(u), where τb represents
the learned score threshold for group b:

I∗ = {ht ∈ Hu | sϕ(u, ht) ≥ τu}. (4)

The resulting I∗ serves as resonance-aware cues
for the downstream starter generator.

2.3 Interaction-Oriented Starter Generator
(ISG)

As the second handshake for stimulating reaction,
conditioned on the distilled trigger interests I∗,
ISG generates a small list of first-turn starters
S = [s1, . . . , sK ] optimized for both personalized
interaction utility and within-list diversity.

We train ISG in two stages: (i) Supervised
Interest-Expanded Instruction Tuning (SIT) to
warm-start generation quality and topical coverage,
and (ii) Personalized Multi-Dimensional Align-
ment (PMA) to align list-level utility and diversity
with user-specific feedback.

2.3.1 Supervised Interest-Expanded
Instruction Tuning

We warm-start the generator using an interest–
starter instruction corpus distilled from a teacher
LLM. Given trigger interests I∗, the teacher gener-
ates qualified starters under multiple constraints,
yielding a coverage-oriented instruction corpus
Dcov = {(I∗,S)}. Let πθ(·|I∗) denotes the
conversation starter generator distribution. The
instruction-tuning objective is:

LSIT(θ) = −E(I∗,S)∼Dcov [log πθ(S|I∗)] . (5)

SIT expands the training distribution beyond the
limited observation and provides a stable initializa-
tion for subsequent preference optimization.
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Algorithm 1: Hybrid Reward List Search
Input: user u, trigger interests I∗, generator πθ ,

Rutil(u, ·), Rdiv(·, ·), list length K, pool size
N , beam width J , expansion size M ,
diversity weight λ

1 Iteratively sample the candidate pool from:
C ← SAMPLE

(
πθ(·|I∗), N

)
;

2 Initialize: B ← {⟨⟩};
3 V(⟨⟩)← 0;
4 for ℓ← 1 to K do
5 Expand beam with utility and diversity reward;
6 B′ ← ∅;
7 foreach P ∈ B do
8 T ← TOP

(
C \ P,Rutil(u, ·),M

)
;

9 foreach s ∈ T do
10 P ′ ← P ⊕ s;
11 V(P ′)←

V(P) + Rutil(u, s) + λ · Rdiv(P, s);
12 end
13 end
14 Keep top-J partial lists: B ← TOP

(
B′,V(·), J

)
;

15 end
16 S+ ← argmaxS∈B Score(S)
17 S−

util,S−
div,S−

jf ← SELECTNEGATIVES(B,S+)

Output: S+, S−
util,S−

div,S−
jf

2.3.2 Personalized Multi-Dimensional
Alignment

SIT teaches the generator to produce well-formed
starters, but it does not align generation with user-
specific interaction utility. To align the generator
with personalized feedback under sparse and evolv-
ing signals, PMA optimizes the generator with
Direct Preference Optimization (DPO) and mines
user-conditioned preference supervision tailored to
both interaction utility and within-list diversity:

LPMA(θ) = −E(Sw,Sl)∼P
[
log σ

(
β
(
log πθ(Sw|I∗)

− log πθ(Sl|I∗)
))]

,

(6)
where β is a temperature parameter and Sw ≻ Sl

denotes list Sw is preferred to Sl for a given user.

Hybrid Reward List Search To obtain such
user-conditioned preference pairs, a straightfor-
ward approach is to derive them from user feed-
back data. However, feedback from a specific
user is extremely sparse, resulting in an insufficient
candidate space that limits both the quantity and
diversity of preference supervision. To alleviate
this personalized-feedback sparsity, we iteratively
construct user-conditioned preference pairs from
model-generated candidates during PMA.

Specifically, as shown in Algorithm 1, we sam-
ple a candidate pool C from the current generator

πθ(·|I∗) for each user. Guided by a hybrid reward
signal (interaction utility reward and diversity re-
ward; denoted as Rutil and Rdiv and detailed below),
the algorithm incrementally grows partial lists: at
each position, it expands a beam of partial lists
with top-M utility-ranked candidates and re-scores
each expansion by combining utility with marginal
diversity gain. As πθ is updated across iterative
preference alignment rounds, we re-sample C from
the latest πθ to mine fresh preference pairs.

Utility–Diversity Reward We guide list search
and preference mining with a hybrid reward signal
that jointly captures two dimensions:
• Interaction utility reward Rutil(u, s): the person-

alized likelihood that starter s triggers interaction
for user u.

• Diversity reward Rdiv(P, s): the marginal diver-
sity gain of adding s to a partial list P , computed
from sentence embeddings.

Algorithm 1 maintains a running list value V(P) by
accumulating these stepwise rewards. For interac-
tion utility, Rutil(u, s) captures both short-term and
long-term value: (i) predicting whether the user en-
gages with the presented starter, and (ii) predicting
the depth of subsequent conversations measured
by the number of sessions. The model outputs a
point-wise score in (0, 1):

Rutil(u, s) = Proj
(
[Euser(Hu, u);Etext(s)]

)
, (7)

where Proj(·) is the projection layer and E(·) de-
notes the text encoder. For a completed list S =
[s1, . . . , sK ], we compute its normalized utility
v̂util(S) = 1

K

∑K
k=1Rutil(u, sk) and its diversity

v̂div(S) ∈ [0, 1] as the average pairwise cosine dis-
similarity among sentence embeddings. We then
select the preferred list by:

S+ = argmax
S

V(S),

V(S) = v̂util(S) + λ · v̂div(S),
(8)

where λ controls the utility–diversity trade-off.
Three types of dispreferred lists are constructed

for hierarchical supervision:
• Utility negatives (S−

util): lists with substantially
lower v̂util than S+ while keeping v̂div compara-
ble, isolating the signal for user-specific utility.

• Diversity negatives (S−
div): lists with substantially

lower v̂div while keeping v̂util comparable, pro-
viding the signal for within-list non-redundancy.

• Joint-failure negatives (S−
jf ): lists that are poor

on both v̂util and v̂div, providing easy negatives
that stabilize preference learning.
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Finally, S− ∈ {S−
util,S−

div,S−
jf }, which disentangle

utility and diversity trade-offs for DPO training, en-
abling the generator to improve engagement with-
out collapsing into generic or repetitive starters.

Self-Reinforced Iterative Optimization To con-
tinuously harvest informative supervision under
sparse feedback, we alternate between preference
mining and policy optimization by iteratively min-
ing hierarchical preference pairs from the latest
πθ, augmenting them with teacher-distilled starters,
and updating πθ on the accumulated preference
set. In deployment, we periodically execute this
procedure to track drifting user preferences.

3 Experiments

We evaluate ICEBREAKER with offline bench-
marks and online A/B tests, and conduct ablations
to quantify the contribution of each component.

3.1 Experimental Setup

Datasets We construct the offline benchmark
from anonymized user actions collected in a large-
scale conversational system, using activity strati-
fication to ensure balanced representation across
engagement levels. For each user, historical ses-
sion summaries are retrieved to generate candidate
starters, which are then evaluated with the interac-
tion utility ranker. Final effectiveness is validated
through online A/B tests for more than one month.

Baselines We compare ICEBREAKER against
two categories of LLM-based generation. For
training-free baselines: • PE directly prompts the
backbone model with session summaries to gener-
ate starters; • PE + RID prompts the model with
distilled trigger interests by Resonance-Aware In-
terest Distillation. For fine-tuned baselines: • SFT
fine-tunes the starter generator on interest–starter
pairs to improve generation quality and coverage;
• SFT + DPO further trains the generator with
vanilla direct preference optimization based on user
interaction signals.

3.2 Offline Evaluation and Model Selection

Offline evaluations compare ICEBREAKER against
baselines and determine the optimal backbone for
deployment. As shown in Table 1, we evaluate
Qwen2.5-7B and Doubao1.5-Lite across two di-
mensions: (i) Utility measures alignment with
the deployed learning-to-rank model through user-
level ranking consistency (fraction of improved

Method
Utility Diversity

R-User ↑ R-Score ↑ Lexical ↑ Semantic ↑
Qwen2.5-7B

PE – – 29.03 6.11
PE + RID +0.69 +0.32 24.12 4.99
SFT +0.73 +0.39 26.46 5.17
SFT + DPO +0.75 +0.42 13.75 2.64
ICEBREAKER +0.82 +0.74 27.74 5.01

Doubao1.5-Lite
PE +0.56 +0.08 29.45 6.23
PE + RID +0.71 +0.38 25.13 4.86
SFT +0.78 +0.44 28.97 5.59
SFT + DPO +0.79 +0.52 12.94 2.37
ICEBREAKER +0.89 +0.80 28.83 5.28

Table 1: Main offline results across backbones (↑ in-
dicates higher is better). Utility reflects relative im-
provement over PE. The best and second-best results
are indicated in bold and underlined, respectively.

Method Active ↑ Avg.S. ↑ CTR ↑ CSR ↑
PE -0.01 -0.26 -16.16* -0.17
SFT +0.20 +0.33 +6.97* -0.05
SFT + DPO +1.16 +0.42* +56.41* +0.68
ICEBREAKER +1.84* +1.59* +94.25* +1.27*

Table 2: Main online A/B test results (relative lifts
‰ over the deployed baseline). We report user active
days (Active), average sessions per user (Avg.S.), click-
through rate (CTR), and conversation start rate (CSR).
The best results are bolded and * indicates p<0.05.

users) and score-level lift. (ii) Diversity measures
diversity using a keyword-based lexical metric and
a classifier-based semantic metric. Details are pro-
vided in Appendix B.1.

Experimental results show that: (i) RID im-
proves personalization. Distilling resonance-
triggering interests provides more user-specific
conditioning and improves over direct prompting.
(ii) ICEBREAKER balances utility and diversity.
Through utility–diversity preference alignment, it
achieves the highest ranking consistency without
sacrificing variety or collapsing into repetitive out-
puts. Doubao-based ICEBREAKER is selected for
online A/B testing due to its superior performance.

3.3 Online A/B Tests

We conduct online A/B tests on one of the world’s
largest conversational agent products for more
than one month. Detailed metric definitions are
provided in Appendix B.1. Table 2 shows that:
(i) Breaking the first-message barrier. ICE-
BREAKER achieves the largest CSR lift, indicating
that more users cross the first-turn initiation thresh-
old. (ii) Downstream benefits. Beyond initiation,
ICEBREAKER consistently improves Active and
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Figure 3: Distribution analysis. Left: RID distills
away generic topics toward triggering categories. Right:
starters generated by ICEBREAKER show broader cov-
erage and higher interaction potential.

Avg.S., suggesting sustained engagement after the
conversation started.

3.4 Further Analysis

Distribution Analysis We map each text to
a fine-grained topic category with a pre-trained
classifier and visualize topic proportions across
pipeline stages. In Figure 3, the inner and outer
rings show the distributions before and after each
step ( “Others” aggregates categories below the
display threshold): (i) RID denoises and sharp-
ens interests. Distilled trigger interests down-
weight functional and generic head topics and
shift the distribution toward resonance-prone, long-
tailed cues. (ii) ISG steers starters toward ice-
breaking topics. Compared with distilled inter-
ests, generated starters tilt further toward easy-
to-engage, consumption-oriented categories (e.g.,

“Psychology”, “ACGN”, “Entertainment”),
which are more likely to elicit interaction. (iii)
Utility-aligned diversity. Relative to the deployed
baseline, ICEBREAKER achieves broader topical
coverage with reduced head dominance while re-
maining aligned with interaction utility, rather than
being diverse but irrelevant.

Cases Analysis Table 3 provides an illustrative
comparison. Compared with retrieved generic
starters, ICEBREAKER generates more personal-
ized, interaction-inviting starters.

4 Related Work

Recent advances in LLMs have empowered conver-
sational agents to move beyond passive respond-
ing (Li et al., 2025a; Liu et al., 2024; Deng et al.,
2025b). Prior work on proactivity mainly stud-
ies in-conversation behaviors, including follow-up

Session summaries: AI trends; Weekend schedule planning;
One Piece anime wallpapers; Translating a Latin article on
Philosophy; Cosplay beginner tutorial; Top anime opening of
2025; JoJo character analysis; Local LLM deloyment

Retrieved conversation starters (Deployed):
① What are the latest LLM papers?
② How to spend a fulfilling vacation?
③ How to better cosplay female anime characters?
④ Recommend some popular anime openings in 2025.

Distilled trigger interests: Anime openings and characters
(One Piece, JoJo); cosplay ideas; AI trends and applications

Generated conversation starters (ICEBREAKER):
① What anime conventions will be held this year?
② Which One Piece character is beginner-friendly to cosplay?
③ Explain techniques for acceleration of LLM deployment.
④ Three anime movies for a relaxing weekend.

Table 3: Case study comparing the deployed retrieval-
based starters and our ICEBREAKER. (1) Denoising:
RID filters out functional noise in session summaries
(e.g., translation requests) and distills trigger interests.
(2) Finer-grained personalization beyond retrieval: com-
pared to generic starters, ICEBREAKER generates more
personalized starters with finer topical granularity.

question generation (Li et al., 2025b) and topic
steering (Rebedea et al., 2024), which depend on di-
alogue context and explicit intents. For preference
alignment, a growing body of work studies prefer-
ence alignment for LLMs to better reflect human
preferences and improve assistance quality, leverag-
ing feedback signals via supervised fine-tuning and
preference optimization (Yin et al., 2025; Sun et al.,
2024; Wu et al., 2025). However, such general
alignment objectives are insufficient for proactive
initiation, which requires user-level personalization
under sparse feedback. Appendix A provides an
extended discussion.

5 Conclusion

Conversational agents are becoming daily assis-
tants for billions of users. We highlight proactive
initiation as a practical capability for modern LLM
chat assistants to overcome the first-message bar-
rier in cold-start moments. To this end, we study
Conversation Starter Generation and propose ICE-
BREAKER, which operationalizes proactive initi-
ation as a two-step handshake: Resonance-Aware
Interest Distillation for evoking user resonance and
Interaction-Oriented Starter Generation for stimu-
lating interaction. Extensive offline evaluations and
online A/B tests demonstrate that ICEBREAKER

consistently improves user experiences and con-
versation quality, providing a scalable solution for
industrial-grade proactive conversational agents.
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A Extended Related Work

A.1 LLM-based Conversational Agents
Recent advances in LLMs have empowered conver-
sational agents (Li et al., 2025a; Liu et al., 2024)
to move beyond passive responding (Deng et al.,
2025b). Existing works on proactivity primarily
focus on in-conversation stages, such as generating
follow-up questions (Li et al., 2025b; Yin et al.,
2025), clarifying ambiguous queries (Deng et al.,
2023), or steering topics (Rebedea et al., 2024).
However, these methods rely on ongoing dialogue
contexts and explicit user intents, rendering them
ineffective for cold-start users who have not yet ini-
tiated a conversation. Our work targets the before-
conversation stage, addressing the critical bottle-
neck of the first-message barrier.

A.2 LLM Alignment for User Preference
Aligning LLMs with user preferences has been ex-
tensively studied in recommendation (Zhu et al.,
2026; Wang et al., 2025; Liao et al., 2024), search
(Luo et al., 2025; Qin et al., 2025), and conver-
sational systems (Wu et al., 2025; Wang et al.,
2023). Recent approaches leverage human feed-
back, such as clicks or comparative judgments, to
align LLMs with user values and interests through
Supervised Fine-Tuning (SFT) (Luo et al., 2025),
Reinforcement Learning from Human Feedback
(RLHF) (Yin et al., 2025; Yang et al., 2025), or
Direct Preference Optimization (DPO) (Sun et al.,
2024; Liao et al., 2024). These methods can only
align overall platform preferences, not personal-
ized preferences for each user. To address the is-
sue of sparse feedback in personalized preference
alignment, we designed a list-wise, multi-objective
formulation to bridge the generative decoder with
user interests.

B More Details of Experiment Setups

B.1 Metrics Calculation
We provide detailed definitions and calculation pro-
cedures for the offline and online metrics used
throughout our experiments.

B.1.1 Offline Metrics
Diversity measures the coverage of user interests
at both lexical and semantic granularities. Lexical
diversity employs a TF-IDF-based keyword extrac-
tion approach, computing the number of unique
high-weight keywords extracted from generated
starters. This captures surface-level topical variety
through vocabulary distinctiveness. Semantic di-
versity employs a classifier-based approach, where
we map generated starters to a hierarchical inter-
est taxonomy using a trained topic classifier and
compute the number of distinct interest categories
activated. This captures deeper semantic variation
beyond surface keywords.

Utility Utility evaluates the alignment between
generated starters and the deployed online learning-
to-rank (LTR) model. Let U denote the set of eval-
uated users. For each user u ∈ U , let Gu and Ru

denote the sets of generative starters and baseline
candidates, respectively. f(·) denotes the scoring
function of the deployed learning-to-rank model.

R-User measures the fraction of users whose
generated starters achieve higher average scores
than baseline candidates:
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R-User =
1

|U|
∑

u∈U
I
(
f̄(Gu) > f̄(Ru)

)
, (9)

R-Score measures the average LTR score im-
provement of generative starters over baseline can-
didates:

R-Score =
1

|U|
∑

u∈U

f̄(Gu)− f̄(Ru)

f̄(Ru)
, (10)

B.1.2 Online Metrics
For online A/B tests, all metrics are reported as
relative lifts over the deployed baseline. Let U
denote the set of users exposed to the system during
the evaluation period, and Su denote the set of
sessions initiated by user u ∈ U . Let I(·) be the
indicator function.

Active (user active days) measures the number
of days a user engages with the system within a
7-day window.

Avg.S. (average sessions per user) measures the
average number of conversation sessions per user:

Avg.S. =
1

|U|
∑

u∈U
|Su|. (11)

CTR (click-through rate) measures the propor-
tion of recommended starters that receive clicks:

CTR =
Nclicked

Nshown
, (12)

CSR (conversation start rate) measures the pro-
portion of active users who have initiated conversa-
tions:

CSR =
|{u ∈ U : start(u) > 0}|

|U| , (13)

where U denotes the set of active users during the
evaluation period and start(u) indicates whether
user u starts a conversation, including entering a
conversation via clicking a starter.

B.2 More Implementation Details

B.2.1 Prompts
We summarize the prompts used in our pipeline.
Table 4 is used to generate a coverage-oriented
interest–starter corpus for Supervised Interest-
Expanded Instruction Tuning (SIT), as well as for

Task Objective.
Based on the information provided, generate several ques-
tions and corresponding reasoning processes that conform
to common sense, share similar interest subjects, are
relevant to the input, but do not repeat specific content.

Key Rules.
1. Length Constraint: Each question must be strictly

limited to 20 characters;
2. Number of Questions: Output 5–20 questions;
3. Diversity Requirement: Cover diverse topic types, no

medical topics;
4. Long- and Short-term Interest Balance: Focus on

both core and immediate interests;
5. Generality: Generalization and association are re-

quired;
6. Fine-grained Requirement: Questions should be spe-

cific, not generic;
7. User Expertise Matching: Adjust professionalism

based on user interest;
8. Factuality: Subjects must objectively exist;
9. Safety: No sensitive, negative, or invasive topics.

Output Format.
<think> Reasoning process </think>
<sug> Question 1 && Question 2 && . . . && Question n
</sug>

Input.
{user_interest}

Table 4: Prompt used for distilled data generation.

the prompt-based baseline. Table 5 is used to de-
tect interest revisits by matching later session sum-
maries to historical ones, providing samples for
training the personalized resonance scorer in RID.

In Table 4, the input {user_interest} is a set of
distilled trigger interests. The model is instructed to
output multiple short, diverse, and qualified conver-
sation starters under explicit constraints; we parse
the questions from the <sug> field and ignore the
intermediate reasoning.

In Table 5, we apply the prompt to pairs of histor-
ical and later session summaries from the same user.
We treat MATCH pairs as interest-revisit positives for
RID training and discard the optional <rationale>
in downstream processing.

B.2.2 Implementation Details
Model Architecture We experiment with two
backbone models as the base generator πθ:
• Qwen2.5-7B: A 7-billion-parameter open-source

model with 32 transformer layers, 4096 hidden
dimensions, and 32 attention heads. The model
supports a context window of 32K tokens.

• Doubao1.5-Lite: A proprietary lightweight
model optimized for low-latency inference with
comparable capacity. The model employs effi-
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Task Objective.
Given an earlier session summary and a later session sum-
mary from the same user, decide whether the later session
revisits the same underlying interest as the earlier one.

Key Rules.
1. Use only the provided session summaries.
2. Output MATCH only if both summaries refer to the same

specific interest/topic (paraphrases allowed); otherwise
output NO_MATCH.

3. Shared generic themes (e.g., “music”, “travel”) are
insufficient for MATCH unless the specific subject aligns.

Output Format.
<label> MATCH or NO_MATCH </label>
<rationale> One-sentence justification </rationale>

Input.
[Earlier session summary]: {h_earlier}
[Later session summary]: {h_later}

Table 5: Prompt used for interest-revisit detection via
session-summary matching.

cient attention mechanisms and is trained with
multi-task instruction tuning. Model details
are available at https://console.volcengine.
com/ark.

Deployment Latency In production deployment,
ICEBREAKER meets real-world latency require-
ments: the median end-to-end latency for generat-
ing a full starter list is 2.9 seconds, and the first-
token latency is 0.28 seconds. ICEBREAKER has
been deployed at scale in the product.

C Additional Experimental Results

We conduct extensive studies to quantify the con-
tribution of key design choices in our system. All
experiments are evaluated using the same offline
metrics as in Section 3.2. The results validate that
our method designs are complementary and jointly
necessary to improve both utility and diversity.

C.1 Analysis on Resonance-Aware Interest
Distillation

The RID component is designed to distill high-
resonance trigger interests. We further investigate
its effectiveness through a two-step evaluation: (1)
a direct quality assessment of the distilled interests,
and (2) their downstream impact on starter gener-
ation. We compare RID against two baselines: (i)
Non-Distillation, which feeds all historical inter-
ests into the generator without filtering; and (ii)
Rule-based, which selects interests based on static
heuristics such as frequency of occurrence and re-
cency within the user’s history summary.

Interest Quality Evaluation To quantify the
quality of distilled interests directly, we employ
both LLM-as-judge and human evaluations in a
pairwise comparison setting. Given a user’s raw in-
terests (Non-Distillation), both LLMs (DeepSeek-
R1-671B and Doubao-Seed-1.8-High) and human
annotators are asked to judge which distillation
strategy produces interests that are more likely to
serve as high-resonance triggers for a future con-
versation. As shown in Table 6, RID achieves a
dominant win rate over rule-based distillation
across all evaluators. This confirms that static
heuristics often surface generic or repetitive inter-
ests, while RID accurately identifies specific, high-
reward points aligned with user resonance.

Effect on Starters Generation We further inves-
tigate how the quality of distilled interests trans-
lates into final generation performance using the
offline evaluation metrics described in §3.2. The
non-distillation setting, while having the highest
diversity due to its broad input, underperforms at
utility, indicating that a lack of distillation intro-
duces significant noise. Rule-based retrieval im-
proves utility but is still outperformed by RID. Our
reward-based strategy (RID) achieves the best
utility while maintaining good diversity, demon-
strating that by accurately distilling high-resonance
seeds, RID effectively guides the generator to pro-
duce conversation starters that are both personal-
ized and engaging.

C.2 Analysis on Self-Reinforced Iterative
Optimization

During the self-reinforced iterative optimization
process, the model is continually updated using
time-sliced data to harvest the latest supervision
signals. Each slice corresponds to user interests col-
lected within a fixed window (e.g., one week) be-
fore a specific date, paired with candidates scored
by the ranking model deployed at that time. During
evaluation, all models are assessed using the latest
ranking model and the same user inputs, ensuring
that performance reflects adaptability to the current
online environment.

As shown in Table 7, generators trained on
more recent data slices consistently achieve
higher utility, confirming that iterative optimiza-
tion enables the generator to better adapt to evolv-
ing ranking preferences and user behavior. How-
ever, we also observe a gradual decrease in diversity
as the training slice becomes more recent. We at-
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Distillation
Strategy

Interest Quality Utility Diversity

DeepSeek-R1 Doubao-1.8 Human R-User ↑ R-Score ↑ Lexical ↑ Semantic ↑
Non-Distillation – – – – – 29.45 6.23
Rule-based 0.07 0.08 0.14 +0.70 +0.35 25.98 4.87
Reward-based (RID) 0.93 0.92 0.86 +0.78 +0.58 28.83 5.28

Table 6: Evaluation of interest distillation strategies. Interest Quality reports the pairwise win rate from LLM-as-
judge (DeepSeek-R1-671B and Doubao-Seed-1.8-High) and human annotators. Utility and Diversity evaluate the
downstream generation quality.

Data Slice
Utility Diversity

R-User ↑ R-Score ↑ Lexical ↑ Semantic ↑
Early +0.79 +0.40 30.76 6.25
Middle +0.85 +0.70 30.82 6.14
Latest +0.89 +0.80 28.83 5.28

Table 7: Effect of Self-Reinforced Iterative Optimiza-
tion using different training periods. All models are
evaluated with the latest ranking model and compared
against the prompt engineering model as the baseline.

tribute this phenomenon to the increased concentra-
tion of supervision signals from the current ranking
model, which tends to emphasize a narrower set of
high-reward interests.

C.3 Analysis on Training Data Usage
To understand how training data usage affects gen-
eration quality, we ablate the data composition in
both the SIT and PMA stages while keeping the
backbone and evaluation protocol unchanged. (i)
For SIT, we compare our distilled-only setting that
instruction-tunes the generator on teacher-distilled
interest–starter pairs (ICEBREAKER) against a vari-
ant that additionally mixes in self-reinforced data
(w/ Self-Reinforced). (ii) For PMA, we com-
pare our default preference-pair construction that
mixes distilled starters with self-reinforced can-
didates (ICEBREAKER) against removing the dis-
tilled starters (w/o Distilled).

Results shown in Table 8 validate our de-
sign: SIT should prioritize coverage expansion
through teacher distillation to establish a broad
sample space and raise the model’s capability ceil-
ing, while PMA refines utility-diversity trade-offs
through personalized preference learning.

SIT Data Composition Using distilled supervi-
sion for SIT yields the best performance. In con-
trast, adding self-reinforced data at the SIT stage
(w/ Self-Reinforced) degrades both utility and di-
versity, suggesting that early instruction tuning ben-

Data
Source

Utility Diversity

R-User ↑R-Score ↑Lexical ↑Semantic ↑
SIT Data Composition

ICEBREAKER +0.89 +0.80 28.83 5.28
w/ Self-Reinforced +0.83 +0.32 19.6 4.79

PMA Data Composition
ICEBREAKER +0.89 +0.80 28.83 5.28

w/o Distilled +0.85 +0.34 16.12 3.20

Table 8: Analysis of training data composition for SIT
and PMA stages. The best results of each stage are
indicated in bold.

Negative
Sampling

Utility Diversity

R-User ↑ R-Score ↑ Lexical ↑ Semantic ↑
Utility-Only +0.85 +0.36 15.18 2.94
Diversity-Only +0.58 +0.08 33.34 6.50
Joint-failure +0.72 +0.20 21.3 4.59
Hierarchical +0.84 +0.35 28.83 5.28

Table 9: Ablation study of hierarchical negative sam-
pling strategies in the PMA stage. All results are eval-
uated using the same ranking model and compared
against the PE baseline. The best result is shown in
bold and the second best is underlined.

efits more from clean, high-coverage distilled sig-
nals than from on-policy self-generated data.

PMA Data Composition For PMA, mixing
distilled starters with self-reinforced candidates
achieves the best results. Removing distilled
starters (w/o Distilled) leads to clear drops in both
utility and diversity, indicating that distilled data
provides complementary coverage that improves
preference learning and avoids collapsing to a nar-
row set of repetitive patterns.

C.4 Analysis on Hierarchical Negative
Sampling

We ablate the hierarchical negative sampling de-
sign in the DPO stage by selectively using differ-
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ent types of negative preference pairs. As shown
in Table 9, only using utility negatives improves
utility but significantly harms diversity, while di-
versity negatives enhance diversity with limited
gains in ranking-related metrics. Simpler negatives
like joint-failure negatives provide weak but sta-
ble supervision across all dimensions. In contrast,
the hierarchical combination of all negative types
achieves the most balanced performance, indicat-
ing that structured negative sampling is crucial for
jointly optimizing engagement and diversity.

D Limitations

While ICEBREAKER demonstrates strong perfor-
mance in generating personalized conversation
starters, a few limitations remain. (1) Hallucina-
tion: Like other generative models, ICEBREAKER

may occasionally produce starters that contain fac-
tually incorrect information or hallucinated content.
In deployment, we mitigate this risk through safety
classifiers that detect potentially problematic con-
tent. However, fully eliminating hallucination re-
mains an open challenge, particularly for long-tail
interests where training supervision is sparse. (2)
Cold-Start for New Users: The Resonance-Aware
Interest Distillation (RID) component requires his-
torical session summaries to identify trigger inter-
ests effectively. Future work could explore incor-
porating zero-shot or few-shot learning techniques
to better handle cold-start scenarios.
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