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Abstract

Generative query suggestion aims to enhance
user engagement by anticipating user intents
and recommending relevant follow-up queries.
A central challenge is to generate slates whose
individual queries are useful while the slate
covers distinct intents. We propose an Intent-
Driven Query Suggestion Framework with
dual-stage optimization. First, intent-aware
diversity modeling constructs intent-aligned su-
pervised fine-tuning (SFT) data and uses an
Intent-Aware Diversity Reward to optimize in-
tent coverage. Second, query-level credit as-
signment routes individual quality signals to
the corresponding query tokens while sharing a
slate-level diversity signal across the slate. Ex-
periments on a large-scale production dataset,
including online A/B testing and offline evalua-
tion, show improvements in click-through rate,
query quality, and intent coverage.

1 Introduction

The rise of conversational AI assistants (Achiam
et al., 2023) has fundamentally transformed how
users access information and accomplish tasks. Re-
cent work studies multimodal, click-guided, and
preference-aligned query suggestion for conver-
sational systems (Wang et al., 2024; Min et al.,
2025; Yin et al., 2025). Figure 1 shows an example
of conversational query suggestion, where diverse
follow-up queries are recommended to enhance
user engagement.

Recent advances (Lin et al., 2023; Bao et al.,
2023) in generative query suggestion employ large
language models (LLMs) to synthesize queries di-
rectly from conversational context. While gen-
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Figure 1: Example of conversational query suggestion,
where the AI Assistant recommends diverse follow-up
queries to enhance user engagement.

erative query suggestion offers greater flexibility
than retrieval-based methods, it requires dual op-
timization: query slates must be diverse to cover
the breadth of potential user follow-up interests,
while each individual query must remain contextu-
ally relevant to the conversation history, accurately
capturing the user’s underlying intent.

However, jointly optimizing these objectives
presents two challenges. L1) Intent-aware di-
versity optimization. Semantic diversification
through embedding similarity and post-hoc rerank-
ing is well established, but such methods do not
necessarily optimize context-dependent coverage
of distinct user intents during policy training. For
instance, “How to learn Python” and “Python tutori-
als” are lexically distinct but express the same learn-
ing intent. We therefore model diversity as cover-
age over orthogonal intent dimensions rather than
textual variation alone. L2) Within-slate credit
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assignment. Min et al. (2025) and Yin et al. (2025)
align query suggestions with click- or preference-
based objectives. Our method instead explicitly ap-
plies query-specific quality advantages only to the
corresponding query tokens while sharing a slate-
level intent-coverage advantage across the slate.
This decomposition identifies each query’s contri-
bution within an autoregressively generated slate.

To address these challenges, we propose an
Intent-Driven Query Suggestion Framework
with dual-stage optimization for conversational AI
assistants. To address L1, we introduce intent-
aware diversity modeling in semantic intent space.
During SFT, we construct a cold-start data pipeline
based on user-initiative alignment. During rein-
forcement learning (RL), an Intent-Aware Diversity
Reward (IAD-R) captures intent coverage through
Noisy-OR aggregation. To address L2, we de-
vise a query-level credit assignment mechanism:
query-quality advantages are applied only to the
corresponding query tokens, whereas a slate-level
diversity advantage is shared across all queries.
Their composite enables fine-grained optimization
of individual quality while maintaining overall slate
diversity.

We validate the framework through industrial
online A/B testing and human evaluation. Its dis-
tinguishing feature is the combination of query-
specific token-level advantages and a shared slate-
level intent-coverage advantage in a single policy
update.

2 Related Work

Generative Query Suggestion Large Language
Models (LLMs) have been widely used to gen-
erate diverse and context-aware query sugges-
tions (Di Palma, 2023). Diversification can be im-
posed through decoding constraints (Deng et al.,
2025; Guo et al., 2025), embedding-based rerank-
ing (Bacciu et al., 2024), or preference alignment.
Min et al. (2025) combine multi-source CTR mod-
eling, diversity-aware CTR-weighted DPO, and
iterative CTR calibration; Yin et al. (2025) in-
troduce uncertainty-aware preference modeling,
out-of-distribution regularization, and multi-stage
alignment. These systems align suggestions with
clicks or preferences. Our focus instead is the gran-
ularity of credit within a generated slate: query-
specific quality advantages are routed only to the
corresponding tokens, while intent coverage sup-
plies a shared slate-level advantage. Inspired by

exposure modeling in recommender systems (Yin
et al., 2025; Min et al., 2025; Chen et al., 2025),
we view each generated query as activating a user
intent and optimize intent-space coverage directly.

Credit Assignment and Slate Optimization in
RL Reinforcement Learning (RL) is commonly
used to align generative models with human prefer-
ences (Rafailov et al., 2023; Ouyang et al., 2022),
but slate-level rewards often lead to ambiguous
credit assignment (Yin et al., 2025). Prior stud-
ies address this with process reward modeling at
the token or step level (Yue et al., 2025; Xiong
et al., 2025; Cui et al., 2025). SlateQ (Ie et al.,
2019) decomposes slate Q-values into item-level
scores over a fixed candidate pool, while our setting
constructs slates autoregressively and optimizes
them with policy gradients. We therefore introduce
query-level credit assignment, which distributes
slate rewards into per-query advantages and com-
bines them with intent-aware diversity rewards.

3 Methodology

We formalize conversational query suggestion as a
slate generation task (§3.1) that jointly optimizes
query-level quality and slate-level diversity. As
illustrated in Figure 2, our framework consists of
two stages: (1) a cold-start supervised fine-tuning
stage (§3.2) that constructs high-quality training
data through LLM generation and human-AI col-
laboration, and (2) a reinforcement learning stage
(§3.3) that optimizes intent-aware diversity and
query-level credit assignment.

3.1 Problem Formulation

We formulate conversational query suggestion as
a conditional generation task. Given context X =
{qu, r, h}, where qu denotes the current user query,
r the assistant response, and h the conversation
history, the model generates a slate of K candidate
queries:

S = {q1, . . . , qK} ∼ πθ(· | X ) (1)

where πθ represents the policy model parameter-
ized by θ. The objective is to jointly optimize
individual query quality and slate-level diversity.

3.2 Cold-Start SFT

To address the data quality and diversity bottleneck
in the SFT, we design a two-stage data construction
pipeline coupled with a hybrid training strategy.
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Figure 2: Overview of our framework. Left: Cold-Start SFT stage with LLM generation, human-AI collaboration
and hybrid CoT training. Right: RL stage with multi-objective reward and query-level credit assignment.

Step 1: Candidate Generation. We leverage
LLMs to perform multi-dimensional intent analy-
sis on dialogue context, decomposing user needs
into orthogonal intent dimensions through scenario
reconstruction and pain point diagnosis. For each
identified intent, we generate a diverse set of candi-
date queries that address distinct user information
needs.

Step 2: Collaborative Refinement. We adopt a
multi-stage human-AI collaboration pipeline to en-
sure data quality. The LLM first filters the optimal
query for each intent dimension. Human annotators
and an LLM-based evaluator then iteratively label
and cross-validate the samples, with disagreements
surfaced for re-adjudication to reduce subjective
variability. This process ensures both scalability
and high annotation quality. Detailed annotation
protocols, qualification criteria, and quality control
procedures are provided in Appendix C.

Step 3: Hybrid Training. To balance inference
efficiency with reasoning capability, we construct
a hybrid instruction dataset containing both Di-
rect Query Generation and Intent-Aware Chain-of-
Thought (CoT) samples. Each generation mode
is guided by task-specific system prompts (repre-
sentative excerpts appear in Appendix Figures 4
and 5). This hybrid approach enables the model
to capture complex intent reasoning patterns while
maintaining real-time generation throughput.

3.3 Reinforcement Learning

3.3.1 Multi-Objective Reward

CTR Reward To align suggestions with user
preferences, we employ a lightweight BERT-based
CTR model trained on historical click logs. Given
conversational context X (τ) = {q(τ)u , r(τ), h(τ)}
and candidate query qi, the model predicts click
probability:

RCTR(qi,X (τ)) = p̂(qi | X (τ)) ∈ [0, 1] (2)

This reward guides the policy toward generating
user-preferred suggestions.

Rubric-based Reward To prevent reward mod-
els from exploiting surface-level patterns, we intro-
duce Rubric-based Rewards following (Ye et al.,
2023; Liu et al., 2023). We employ an LLM to
assess whether each query satisfies expert-curated
quality rubrics (summarized in Appendix Figure 6).
Given query q and rubrics R = {r1, . . . , rn}, the
reward uses an all-pass criterion:

Rrubrics(q) =

{
1, if ∀i, ri(q) = 1

0, otherwise
(3)

where ri(q) ∈ {0, 1} indicates whether query q
satisfies the i-th rubric. During RL training, Qwen-
Max produces this rubric-based reward using the
rubric structure summarized in Appendix Figure 6.
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Rule-based Penalty We impose rule-based con-
straints Rrule(Q̂(t)

(τ)) to ensure quality and prevent
degenerate outputs: (1) redundancy penalty based
on Jaccard similarity, (2) length penalty, and (3)
format compliance penalty.

Intent-Aware Diversity Reward In deployed
generative query suggestion, commonly used sur-
face deduplication and post-hoc reranking do not
explicitly optimize context-dependent intent cover-
age during training.

Given conversation history h(τ), we leverage
an LLM to infer M orthogonal user intents Z =
{z1, . . . , zM} during offline construction, verified
by human annotators. We adopt a Noisy-OR
model (Pearl, 1988) to measure slate S’s coverage
over the intent space. For intent zm, the coverage
probability represents the likelihood that at least
one query in the slate activates this intent:

Pcov(zm | S) = 1−
∏

qk∈S
(1− σ (sim(qk, zm)))

(4)
where sim(qk, zm) = ϕ(qk)

⊤ϕ(zm)
∥ϕ(qk)∥2∥ϕ(zm)∥2 is the co-

sine similarity between query and intent em-
beddings from Sentence-BERT (Reimers and
Gurevych, 2019), and σ(·) is the sigmoid func-
tion. The Intent-Aware Diversity Reward (IAD-R)
averages coverage across all intents:

Rdiv(S) =
1

M

M∑

m=1

Pcov(zm | S) (5)

We employ uniform weighting to ensure unbiased
intent coverage. This prevents the model from pri-
oritizing dominant intents at the expense of long-
tail scenarios.

3.3.2 Query-level Credit Assignment
Our query-level credit assignment mechanism in-
cludes query-level quality advantages and slate-
level diversity advantages.

Query-level Advantage Calculation For G
query slates {yi}Gi=1 sampled from policy πθ,
where each slate consists of K queries, we compute
the query-level reward for the k-th query in the i-th
slate as a weighted combination of rubric-based
and CTR rewards:

ri,k = α · Rrubrics(qi,k) + β · RCTR(qi,k) (6)

Here, α = 0.6 weights rubric compliance and β =
0.4 weights predicted CTR. The aggregated query-
level reward ensures that the generated queries

maintain semantic compliance and quality stability
while maximizing actual click-through conversion
efficiency.

In contrast to GRPO’s group-level normaliza-
tion over sequence returns, we perform query-level
advantage estimation by globally normalizing re-
wards across all G×K queries:

r̃i,k =
ri,k − µr

σr + ϵ
(7)

where µr and σr denote the mean and standard
deviation computed over all sampled query rewards.
To account for the sequential dependency between
queries, we introduce a discount factor γ ∈ [0, 1]
and compute the advantage for the t-th query as:

A
q
i,t =

K∑

k=t

γk−t · r̃i,k (8)

This formulation values each query by both its im-
mediate reward and its impact on subsequent gen-
erations, encouraging coherent and high-quality
query sequences.

Slate-level Diversity Advantage To encourage
diverse query lists, we introduce slate-level di-
versity advantages. As diversity is a collective
property, we normalize the diversity reward Rdiv,i
within the group:

Adiv
i,t =

Rdiv,i − µdiv

σdiv + ϵ
, ∀t ∈ {1, . . . ,K} (9)

where µdiv, σdiv are computed over {Rdiv,j}j∈G.
This advantage is uniformly assigned to all queries,
encouraging complementary suggestions.

Advantage Aggregation and Policy Optimiza-
tion We combine query quality and slate diver-
sity through a composite advantage with rule-based
gating:

Ai,t =





A
q
i,t+Adiv

i,t√
2

, if Rule(yi) = Pass

−1, if Rule(yi) = Fail
(10)

where quality and diversity advantages are equally
weighted and normalized. Slates violating critical
constraints receive −1 penalty, combining learned
and rule-based rewards.

Following GRPO, we optimize token-level gen-
eration probabilities using query-level advantages.
To bridge this granularity gap, we uniformly broad-
cast each query-level advantage to all its tokens:

Atok
j = Ai,t, ∀uj ∈ tokens(qi,t) (11)
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Method CTR Gain (%) ↑ GSB vs. base ↑ LLM Critic ↑ Self-BLEU ↓ Intent Cov. ↑
PE-based +0 +0 0.33 0.0656 0.27
SFT-cold start +27.06 +0.16 0.67 0.0609 0.54
PPO +35.29 +0.31 0.71 0.0571 0.69
GRPO +43.53 +0.37 0.83 0.0474 0.85

RL-Ours +48.24 +0.44 0.88 0.0470 0.91

Table 1: Main results. CTR reports relative gains over the PE-based arm; GSB is relative to PE-based outputs. Bold
indicates the best result.

The policy is then optimized via the clipped sur-
rogate objective:

L(θ) = −Ey∼πθ(·|x)

[∑

j

min
(
ρjA

tok
j , ρ̄jA

tok
j

)

− λKLDKL(πθ∥πref)

]
. (12)

where ρj = πθ(uj |u<j)/πref(uj |u<j) is the prob-
ability ratio, ρ̄j = clip(ρj , 1 − ϵ, 1 + ϵ), and λKL
is the KL coefficient. The clipping mechanism pre-
vents large policy updates, while the KL penalty
ensures training stability.

4 Experiments

4.1 Experimental Setup
We evaluate on a large-scale production system us-
ing anonymized real-world interactions. We use
Qwen3-30B-A3B (Yang et al., 2025) as the foun-
dation model (training details in Appendix D).
Training Datasets. We collect data from real
user logs of a large-scale conversational AI assis-
tant. For SFT, we construct 15,000 instances from
4 weeks of conversations using the pipeline in §3.2,
mixing 20% intent-augmented CoT samples with
80% direct generation samples. For RL, we sam-
ple 12,000 instances from an additional 2 weeks,
annotated with intents for IAD-R.
Test Datasets. We construct two expert-validated
test sets spanning diverse user scenarios. The Of-
fline Evaluation Set contains 500 contexts for auto-
matic metrics. The Human Evaluation Set contains
150 representative contexts for measuring genera-
tion quality and diversity.
Online Metrics. To assess real-world efficacy,
we conducted a one-week A/B test on live traf-
fic. The core metric is Click-Through Rate (CTR),
which measures interaction with the suggestion
slate within a single turn. The five systems ran
concurrently in mutually exclusive, randomly as-
signed user-level buckets. Traffic allocation for PE-
based/SFT/PPO/GRPO/RL-Ours was 5/80/5/5/5%;

SFT was the incumbent production arm, while Ta-
ble 1 reports CTR gains relative to the PE-based
arm. We use two-proportion z-tests on unrounded
arm-level CTRs. Exact traffic counts and absolute
CTR values are commercially sensitive.
Offline Metrics. We evaluate query quality with:
(1) Good-Same-Bad (GSB), a pairwise side-by-side
human evaluation across content quality, text qual-
ity, intent relevance, and information gain (Table 9),
yielding (#Good−#Bad)/N ; and (2) LLM Critic,
an ensemble of Gemini-3, Claude-4.5, and Qwen-
Max that reports the majority-voted checklist pass
rate (Figure 6). Thus, no single Qwen-family eval-
uator determines this metric. For slate diversity, we
use: (1) Self-BLEU (Yin et al., 2025; Min et al.,
2025), the average pairwise similarity within each
slate; and (2) Intent Coverage, the recall of sepa-
rately annotated test intents, where three annotators
independently label intent matches for each query
and majority voting determines the final label.

Intent Coverage targets the same property as
IAD-R, and LLM Critic uses the same rubric family
as the training reward. We therefore treat both as
target-aligned diagnostics rather than fully indepen-
dent evidence. Neither evaluation directly reuses
stored training-time reward outputs: evaluation cov-
erage uses discrete human matching against sep-
arately annotated test intents instead of Sentence-
BERT similarity and Noisy-OR aggregation, while
LLM Critic recomputes judgments on held-out con-
texts using the three-model ensemble. Because
Qwen-Max participates in both training and the
evaluation ensemble, online CTR and human GSB
serve as the primary independent evidence.

4.2 Overall Results and Analysis
Table 1 compares our RL framework with the pro-
duction and policy-optimization baselines. Scal-
ability to Qwen3-235B-A22B is evaluated in Ap-
pendix B.

SFT Establishes a Strong Foundation. Start-
ing from the PE-based prompt engineering base-
line, supervised fine-tuning on user interaction data
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Method LLM Critic ↑ Self-BLEU ↓ Intent Cov. ↑
DPO 0.63 0.0723 0.55
CTR-weighted DPO 0.69 0.0714 0.49
GRPO 0.83 0.0474 0.85
RL-Ours 0.88 0.0470 0.91

Table 2: Controlled offline optimization comparison.
The DPO variants use the same SFT initialization, train-
ing data, slate size, decoding settings, and evaluation
budget. CTR-weighted DPO is inspired by Min et al.
(2025), not a full reproduction.

improves all five metrics. As shown in Table 1,
the SFT-cold start strategy achieves a +27.06%
CTR improvement, a GSB score of +0.16, and
an LLM Critic score of 0.67. These results support
the value of learning from real user interactions
beyond prompt engineering.

RL Methods Improve Performance. We ex-
plore PPO and GRPO using the same reward sig-
nals as our method. PPO increases the PE-relative
CTR gain to +35.29%. GRPO reaches +43.53%
CTR gain, +0.37 GSB, and 0.83 LLM Critic. Rel-
ative to the incumbent SFT arm, GRPO improves
CTR by 13.0% (p = 0.006).

Query-level Credit Assignment Achieves the
Best Results. Our method attains the highest PE-
relative CTR gain (+48.24%). The 4.71 difference
from GRPO is measured in percentage points of
PE-relative gain; the direct comparison is a 3.25%
relative CTR improvement (p = 0.02). RL-Ours
also improves CTR over the incumbent SFT arm by
16.7% (p = 0.003). On the common 150-context
paired evaluation subset, two-sided paired t-tests
comparing RL-Ours with GRPO give GSB +0.07
(p = 0.03), Intent Coverage +0.06 (p = 0.002),
and LLM Critic +0.05 (p = 0.05). Self-BLEU
changes from 0.0474 to 0.0470, whereas Intent
Coverage increases from 0.85 to 0.91. Because
Intent Coverage and LLM Critic are aligned with
their corresponding training objectives, CTR and
human GSB are the primary independent evidence
for the improvement.

Table 2 adds standard DPO (Rafailov et al.,
2023) and a CTR-weighted DPO baseline. Both un-
derperform GRPO and RL-Ours on the three avail-
able offline metrics. The CTR-weighted variant
improves LLM Critic and Self-BLEU over stan-
dard DPO but reduces Intent Coverage, suggesting
that pairwise click-weighted optimization does not
directly capture slate-level intent coverage. We do
not report online CTR or human GSB for these
additional runs. Yin et al. (2025) cannot be repro-

Method GSB vs. base LLM Critic Self-BLEU Intent Cov.

PE-based +0 0.33 0.0656 0.27
SFT-Candidate +0.05 0.41 0.0631 0.28
SFT-Refined +0.13 0.59 0.0617 0.42
SFT-Hybrid +0.16 0.67 0.0609 0.54

Table 3: Ablation study on data pipeline stages. Self-
BLEU ↓, other metrics ↑.

Method ∆GSB vs. RL-Ours LLM Critic Self-BLEU Intent Cov.

RL-Ours 0.00 0.88 0.0470 0.91
w/o IAD-R −0.12 0.83 0.0461 0.71
w/o Rubric −0.09 0.62 0.0496 0.86
w/o CTR −0.11 0.76 0.0486 0.89
w/o query-level −0.07 0.83 0.0474 0.85

Table 4: Ablation on RL components. GSB is measured
relative to RL-Ours; the other columns report absolute
values. “query-level” refers to query-level credit assign-
ment. Self-BLEU ↓, other metrics ↑.

duced in full because its reward models, data, and
training components are unavailable; the concep-
tual comparison appears in Section 2.

4.3 Ablation Studies

Ablation Study on SFT Data. To validate our
data construction pipeline (Section 3.2), we con-
duct an ablation study using different data sources:
PE-based uses only prompt engineering with-
out fine-tuning, SFT-Candidate trains on LLM-
generated candidates (Stage 1), SFT-Refined trains
on human-AI collaborative refined queries (Stage
2), and SFT-Hybrid trains on the full pipeline with
mixed CoT traces and queries (Stage 3).

Table 3 shows progressive improvements across
pipeline stages. Relative to SFT-Candidate, SFT-
Refined improves GSB by 0.08 and Intent Cov-
erage by 0.14, supporting the value of human-AI
refinement. SFT-Hybrid adds a further 0.12 in In-
tent Coverage, suggesting that mixing CoT traces
with direct queries helps the model learn intent-
aware generation. We adopt SFT-Hybrid as the
cold-start model for RL training.

Ablation Study on RL Components. We sys-
tematically remove key components from our RL
framework to validate their individual contribu-
tions. Table 4 presents the final performance, while
Figure 3 illustrates the training dynamics to pro-
vide deeper insights into how these components
affect the learning process.

Removing diversity reward causes the largest In-
tent Coverage drop, decreasing from 0.91 to 0.71.
Figure 3(a) shows models with this reward con-
verge faster and to a higher plateau, reaching 0.91
by step 100, whereas the ablated variant continues
to improve gradually, only approaching 0.71 by
step 125. Both quality reward components prove
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(a) IAD-R (b) Query-level CA

Figure 3: Training dynamics of ablated components.
(a) IAD-R impact on Intent Coverage. (b) Query-level
credit assignment on LLM Critic.

essential. Without rubric-based reward, the LLM
Critic score drops from 0.88 to 0.62, showing its
role in maintaining generation quality. Similarly,
removing CTR reward decreases GSB by 0.11, sug-
gesting that engagement signals effectively guide
the model toward user-preferred queries.

Query-level credit assignment also outperforms
the sequence-level baseline. Figure 3(b) demon-
strates consistent advantages throughout training.
As early as step 50, our method achieves an LLM
Critic score of approximately 0.86 compared to
0.75 for the baseline, maintaining a consistent gap
through convergence with final scores of 0.88 and
0.83 respectively. This result supports the conclu-
sion that assigning rewards at the query level rather
than the sequence level enables more effective op-
timization by providing precise feedback for each
individual query.

5 Conclusion

We propose an intent-driven framework that jointly
optimizes query quality and slate diversity through
dual-stage optimization. The online and offline
results show that query-level credit assignment im-
proves engagement and human-evaluated quality
while intent-aware training increases semantic cov-
erage. Future work will explore personalization
and multimodal query generation.

Limitations

This work has several limitations. First, our train-
ing and online evaluation are based on anonymized
production logs from a deployed conversational
assistant; although this setting provides realistic
feedback, the proprietary nature of the data lim-
its direct reproducibility. We therefore report de-
tailed data construction and evaluation protocols
and plan to release a sanitized evaluation subset
when compliance permits. Second, online CTR is
an engagement proxy rather than a direct measure
of user satisfaction or task success. We interpret
it together with offline human evaluation, and fu-
ture work should incorporate richer satisfaction
and task-completion signals. The online analysis
reports significance from a single one-week exper-
iment but does not report confidence intervals or
repeated-window variance. Third, Intent Cover-
age targets the same property as IAD-R, and LLM
Critic uses the same rubric family as the training re-
ward; Qwen-Max also participates in both training
and the evaluation ensemble. The metrics do not
reuse stored training-time reward outputs, but they
are not fully independent evidence, so our main
conclusions foreground online CTR and human
GSB. Fourth, our evaluation uses independent an-
notations and majority voting but does not report a
chance-corrected inter-annotator agreement statis-
tic. Our intent-aware diversity reward also relies on
LLM-assisted intent construction and human vali-
dation; remaining annotation noise or intent gran-
ularity mismatch may affect coverage estimation.
Repeated full-scale RL runs and a complete sweep
over the quality–diversity weights are computation-
ally prohibitive, so we report evaluation-sample sig-
nificance tests and only a targeted discount-factor
sensitivity study. We also do not measure whether
broader intent coverage improves multi-turn en-
gagement conditioned on distinct follow-up intents.
Finally, while query-level advantages improve opti-
mization granularity, diversity remains a slate-level
property shared across its queries; more precise
marginal contribution estimation is an important
direction for future work.

Ethics Statement

Use of AI Assistants We used ChatGPT solely
as a writing assistant to polish the manuscript after
the initial draft was written. The authors were
responsible for all scientific content, analyses, and
conclusions presented in this paper.
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A Prompt Templates

We provide abridged prompt excerpts that illustrate
the formats used for direct query generation (Fig-
ure 4), intent-guided CoT reasoning (Figure 5), and
rubric-based evaluation (Figure 6). Some opera-
tional rules are omitted for brevity.

System Prompt for Direct Query Generation

# Role
User Intent Insight Expert tasked with generating
follow-up queries on behalf of users.
# Workflow
1. Intent Categorization

• Creative: Content generation/refinement tasks
(writing, coding, translation).

• Non-Creative: Factual Q&A, information re-
trieval, troubleshooting.

2. Strategy
• Creative: Generate instructive queries (style,

audience, tone optimization).

• Non-Creative: Explore extended value and
practical needs.

# Constraints
• Generate 3-5 diverse queries (no duplicates or

highly similar ones).

• Character limit: 20 characters or fewer (prefer-
ably 8-16).

• Avoid repeating historical queries or answered
content.

Example:
What scenarios suit deep learning?
How does ML do feature engineering?
What GPUs for training models?

Figure 4: Abridged system prompt for direct query gen-
eration.

B Scalability to Larger Models

Method GSB vs base LLM Critic Self-BLEU Intent Cov.

PE-based +0 0.57 0.0493 0.58
SFT-cold start +0.14 0.79 0.0471 0.76
RL-Ours +0.23 0.92 0.0463 0.94

Table 5: Scalability results on Qwen3-235B-A22B. Self-
BLEU ↓, other metrics ↑.

To validate the generalizability of our framework
across model scales, we conduct experiments on
Qwen3-235B-A22B using offline metrics due to
deployment constraints. As shown in Table 5, our
approach achieves 0.92 LLM Critic and 0.94 In-
tent Coverage compared with the baseline’s 0.57
and 0.58. Despite the larger model’s stronger base-

System Prompt for Intent CoT Query Generation

You are an expert in user intent understanding. First,
conduct user needs analysis, then provide queries
the user wants to ask.
# Input Description

• [Session History] <history>

• [User Query] <query>

• [Agent Answer] <response>
# Output Format
{
"deeperIntent": {
"userSituation": "<user profile>",
"motivations": "<latent intent>",
"potentialIntents": ["<Intent 1>", ...]

},
"response_summary": {
"answeredInDetail": "<fully answered>",
"answeredNotDetail": "<partially>",
"notAnswered": "<not covered>"

},
"recommend_query": {
"query1": "<query>", // 20 chars
"reason1": "<reason>", ...

}
}

# recommend_query_rule
1. Content Repetition Issue: Recommended

queries must not obviously repeat content from
the user query or AI-Chat response;

2. . . . (Additional rules omitted for brevity)

Figure 5: Abridged system prompt for intent-guided
CoT query generation.

line (0.57 vs. 0.33 LLM Critic on Qwen3-30B-
A3B), our framework retains improvements of 61%
in LLM Critic and 62% in Intent Coverage. Self-
BLEU decreases from 0.0493 to 0.0471 and 0.0463,
showing that SFT data construction and RL op-
timization also reduce lexical redundancy at the
larger model scale.

Parameter Value Parameter Value

Optimizer AdamW LR Scheduler Linear
Learning Rate 1e-5 Grad Clip 1.0
β1 0.99 β2 0.999
Batch Size 128 Max Tokens 8192

Table 6: Hyper-parameters for the SFT stage.

We use γ = 0.95 and fix K = 3 because the
production interface displays three suggestions;
neither value was tuned on the test set. The
rubric/CTR mixture (α, β) = (0.6, 0.4) is fixed
across experiments. Table 8 reports a targeted of-
fline sensitivity analysis with all other settings fixed.
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System Prompt for Rubric-based Evaluation

# Role
Senior Dialogue Recommendation Auditor. Evaluate
whether recommended queries meet strict quality val-
idation rules.
# Input Definitions
• Query Intent, Current Time, Session History

• User Query, Agent Answer, Recommended
Query

# Evaluation Rules
• R01 (Awkward Expression): Grammatical issues,

improper collocations, punctuation errors.

• R02 (Language Inconsistency): Must match the
language of current user query.

• R03 (Outdated Questions): No outdated content
unless historical context requested.

• R04 (Creative Content): For creative writing, use
declarative/imperative only.

• R05 (Irrelevant Needs): Avoid content unrelated
to user query or agent answer.

• . . . (Additional rules)

# Output Format
JSON structure with two fields:
• is_pass: Boolean indicating pass/fail status

• violations: Array of violation objects containing
rule_id, rule_name, and reason

Figure 6: Abridged prompt for rubric-based quality
assessment.

Both metrics remain within a narrow range. In-
tent Coverage requires per-model human annota-
tion and is therefore reported only for the selected
γ = 0.95 setting (0.91 in Table 1).

C Annotation Pipeline and Quality
Control

Annotation Pipeline. The collaborative refine-
ment in Step 2 follows a four-stage procedure: (i)
the LLM filters the optimal query for each intent
dimension; (ii) human annotators verify and label
a seed subset of samples to establish quality stan-
dards; (iii) an LLM-based evaluator performs batch
labeling guided by human feedback; (iv) human
validators review and refine the LLM-labeled re-
sults.

Annotator Training and Qualification. All an-
notators follow standardized guidelines and un-
dergo rigorous training. Qualification requires
achieving >90% agreement in back-to-back val-
idation against gold-standard samples before being

Parameter Value Parameter Value

Optimizer AdamW LR Schedule Linear
LR 2e-6 Grad Clip 1.0
β1 0.99 β2 0.999
Batch Size 64 Max Tokens 9216
λKL 0.05 Rollout N 8
WD 0.1 Warmup 2
Clip Ratio [0.2, 0.28] Temp. 1.0
Top-p 1.0 Epochs 2
Rubric wt. α 0.6 CTR wt. β 0.4
γ 0.95 Slate Size K 3

Table 7: Hyper-parameters for the RL stage.

γ 0.90 0.95 0.99 1.00

LLM Critic ↑ 0.871 0.880 0.868 0.873
Self-BLEU ↓ 0.0491 0.0470 0.0482 0.0479

Table 8: Offline sensitivity to the query-level discount
factor γ.

assigned to production labeling.

Quality Control. An independent QC team au-
dits annotation quality on sampled batches. In ad-
dition, we apply machine-assisted cross-validation
between LLM and human labels: samples with dis-
agreement are automatically flagged and routed for
re-adjudication. This mechanism reduces variabil-
ity in subjective decisions and provides a continu-
ous feedback loop for guideline refinement.

D Training Configuration

Model training is conducted using a cluster of 256
NVIDIA H100 GPUs. The specific training param-
eters for each stage are summarized in Tables 6
and 7.

E Algorithm Details

The complete pseudocode of our query-level credit
assignment mechanism is provided in Algorithm 1.
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Algorithm 1 Query-level Credit Assignment
Require: Policy πθ , ref. policy πref, input x
Require: Hyperparams: G, K, α, β, γ, ϵ, λKL
Ensure: Updated policy parameters θ
1: Step 1: Sample Generation
2: for i = 1 to G do
3: Sample slate yi = {qi,1, . . . , qi,K} ∼ πθ(· | x)
4: end for
5: Step 2: Query-level Reward
6: Compute ri,k = α · Rrubrics(qi,k) + β · RCTR(qi,k)
7: Step 3: Query-level Advantage
8: Normalize: r̃i,k =

ri,k−µr

σr+ϵ

9: Compute: Aq
i,t =

∑K
k=t γ

k−t · r̃i,k
10: Step 4: Diversity Advantage
11: Compute Rdiv,i = Rdiv(yi)

12: Normalize: Adiv
i,t =

Rdiv,i−µdiv
σdiv+ϵ

13: Step 5: Advantage Aggregation

14: Ai,t =

{
(Aq

i,t +Adiv
i,t)/
√
2, Pass

−1, Fail
15: Step 6: Token-level Broadcasting
16: Assign Atok

j = Ai,t for all uj ∈ tokens(qi,t)
17: Step 7: Policy Optimization
18: Compute ρj =

πθ(uj |u<j)

πref(uj |u<j)

19: J =
∑

j min(ρjA
tok
j , ρ̄jA

tok
j )− λKLDKL(πθ∥πref)

20: L(θ) = −E[J ]
21: Update: θ ← θ −∇θL(θ)
22: return Updated policy πθ

F Case study

Traditional query suggestion models focus solely
on the current turn, providing surface-level rec-
ommendations while neglecting global dialogue
context and users’ implicit needs. In contrast, our
model integrates dialogue history with the current
QA trajectory to perform multi-dimensional intent
modeling across multiple facets: Reconstructing
Latent User Scenarios, Diagnosing Specific Pain
Points, and Disentangling Orthogonal User In-
tents.

As illustrated in Figure 7, the baseline captures
only surface-level intent, while our model performs
implicit need inference and intent-driven analysis.
The generated suggestions maintain contextual con-
tinuity and precisely address users’ latent inten-
tions.

G Offline Evaluation Standard

To systematically assess the contextual quality of
the generated query suggestions, we establish a
manual offline evaluation standard. The scoring
protocol operates on a per-case basis, where each
test case consists of three query suggestions gen-
erated from the preceding context. The score as-
signed to each case directly corresponds to the num-
ber of suggestions deemed valuable by the annota-

tor. Table 9 presents the detailed evaluation criteria
across four dimensions: Content Quality, Require-
ment Satisfaction, Text Quality, and Information
Gain.
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[User Inquiry] 
Will human beings still be needed for tasks like 
upgrading and maintaining them?

[Current QA] 

[Turn 1]
Assuming virtual assistants could completely 
replace human jobs, would we lose employment
opportunities and economic independence? 

[Dialogue History] 

[Turn 2]
What consequences would this lead to? 

[Intelligent Response] 
Though virtual assistants may be able to 
replace human jobs in many fields, their 
upgrades, maintenance, and optimization still 
require human specialized skills and 
knowledge… 

Our Approach
(Intent-Aware Focus)

What emerging professions that previously did 
not exist has AI given rise to? 

What skills will be needed for future AI-related work? 

How can humans collaborate with AI rather than 
being replaced?

Query Suggestions

[Reconstruct Latent User Scenarios]
The Transition from Defense to Exploration: The user is moving beyond the "total AI replacement" hypothesis, shifting focus 
from job displacement toward actively exploring the possibilities of job creation.
The Search for Irreplaceable Value: Driven by anxiety over automated labor, the user is in a scenario of seeking concrete 
evidence that human presence and professional roles remain essential in a highly automated future.
Mitigating Existential Uncertainty: The user is attempting to identify both systemic challenges and emerging opportunities to 
cultivate a balanced perspective and reduce future-related anxiety.
[Diagnose Specific Pain Points]
Lack of Concrete Vision: A difficulty in conceptualizing the 
specific nature and duties of "newly created roles."
Automation Paradox: The concern that even "maintenance or 
oversight" roles might eventually be automated by next-
generation AI.
Strategic Ambiguity: Uncertainty regarding personal career 
planning and how to adapt to these evolving labor paradigms.

[Disentangle Orthogonal User Intents]
Cognitive Intent: To cultivate a comprehensive and balanced 
perspective on the future relationship between AI and humanity.
Psychological Intent: To confirm human value and mitigate a 
sense of uncertainty and existential anxiety.
Practical Intent: To identify specific skill sets, case studies of 
collaboration, and necessary educational reforms for adaptation.

[CoT of Our Model ] 

What standards and regulations currently apply to 
virtual assistants?

What are the maintenance costs of virtual assistants? 

Baseline Approach
(Query-Only Focus)

How to ensure that virtual assistants can provide 
personalized services? 

Query Suggestions

Figure 7: Case study comparing intent modeling approaches between baseline and our model.

Criterion Description

Content Quality

Timeliness Issue The recommended query is outdated and no longer meets current requirements.
Security & Compliance Content involving pornography, politics, violence, or illegal activities is deemed non-compliant.
Question Duplication Recommended queries should avoid significant (over 80%) textual duplication.
History Duplicate Overlapping less than 50% with historical queries, offering additional information gain.
Duplicate-of-Response Overlapping less than 50% with previous responses and providing additional information.

Requirement Satisfaction

Irrelevant The query severely deviates from the user’s current primary needs and intent.
Over-Assumption Makes unfounded assumptions about the user’s identity, context, or expertise.
Over-Reliance Overly focuses on past conversations, neglecting current needs. Prioritize the current round.

Text Quality

Word-Count-Exceeded Exceeds 20 characters (Chinese, English x2, digits, punctuation, spaces each count as 1).
Unit Error Non-standard units not commonly used, increasing user comprehension difficulty.
Poorly-Expression The text is unclear, poorly expressed, with grammatical errors, typos, or ambiguities.
Inappropriate Topic Pose questions about trending topics conversationally—avoid simply listing news.

Information Gain

Logical Confusion The query is logically inconsistent or contradictory with the preceding content.
Generic Question The query is too vague, generic, and common knowledge, offering little added value.

Table 9: Human evaluation standards for query suggestion quality assessment.
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