CTR-Guided Generative Query Suggestion in Conversational Search
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Abstract

Generating effective query suggestions in con-
versational search requires aligning model out-
puts with user click preferences. However, di-
rectly optimizing for these preferences is dif-
ficult because click signals are sparse and in-
herently noisy. To address this, we propose
Generative Query Suggestion (GQS), a gener-
ative framework that leverages click modeling
to denoise implicit feedback and enables re-
liable preference optimization for improving
real-world user engagement. GQS consists of
three key components: (1) a Multi-Source CTR
Modeling module that captures diverse con-
textual signals to estimate fine-grained click-
through rates, thereby constructing more reli-
able user click-preference pairs; (2) a Diversity-
Aware Preference Alignment strategy using
CTR-weighted Direct Preference Optimization
(DPO), which balances relevance and semantic
diversity; and (3) a CTR-Calibrated Iterative
Optimization process that jointly refines both
the CTR model and the query suggestion model
across training rounds, enabling effective data
reuse. Experiments on two real-world tasks
demonstrate that GQS outperforms strong base-
lines in CTR, relevance, and diversity.

1 Introduction

Conversational search systems such as Al assistants
have emerged as a new paradigm for search, where
users interact through natural language queries and
receive not only direct answers but also proactive
query suggestions. As shown in Figure 1, these
suggestions are typically presented as clickable
elements in the interaction interface, helping users
refine or extend their queries with minimal effort.
Recent work on query suggestion has explored
using general-purpose Large Language Models
(LLMs) as the backbone, leveraging their internal
knowledge to alleviate cold-start limitations and
generate suggestions in conversational search (He
et al., 2023; Wang et al., 2023; Liu et al., 2024;
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Figure 1: Examples of Al assistant interfaces where
query suggestions are presented as clickable elements.

Zhao and Dou, 2024; Wang et al., 2024b). While
these models produce fluent and plausible sugges-
tions, they lack grounding in real user search be-
havior and often fail to align with actual user pref-
erences. Retrieval-augmented generation (RAG)
frameworks (Bacciu et al., 2024; Shen et al., 2024,
Wang et al., 2024a) incorporate external search-
related knowledge to bridge this gap, but still de-
pend on LLMs’ retrieval and summarization abili-
ties rather than genuine preference alignment. In
conversational search systems, user clicks provide
one of the most direct signals of user preference.
However, how to effectively leverage such signals
to guide query suggestion remains an open chal-
lenge.

We identify three key challenges in building ef-
fective click-preference-aligned Generative Query
Suggestion (GQS) framework: (1) Real-world click
data is inherently noisy and biased, making it un-
suitable for out-of-the-box use (Sang et al., 2024;
Jin et al., 2024; Islam et al., 2025). This calls for
reliable click-through rate (CTR) modeling to cal-
ibrate and denoise click signals before applying
them for preference alignment. (2) Directly opti-
mizing for CTR often reduces the semantic diver-
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sity of suggestions, resulting in repetitive or nar-
rowly focused outputs (Peng et al., 2023; Kirk et al.,
2024; Chen et al., 2024; Zhao et al., 2025). Balanc-
ing CTR alignment with diversity preservation is
essential to sustain user engagement. (3) Collecting
sufficient online feedback for preference optimiza-
tion is time-consuming and costly, underscoring
the importance of fully exploiting existing offline
click data through efficient iterative improvement
strategies (Chen et al., 2023; Kang et al., 2023;
Chen et al., 2024).

In this paper, we propose a novel generative
framework for Al assistant query suggestion that
addresses these challenges through three key com-
ponents: (1) a Multi-Source CTR Modeling strat-
egy that integrates multiple signals to build a robust
CTR predictor for reliable click signal estimation.
(2) a Diversity-Aware Click Preference Alignment
method that jointly optimizes CTR alignment and
semantic diversity using Direct Preference Opti-
mization (DPO) over diversity-enhanced prefer-
ence pairs. (3) a CTR-Calibrated Iterative Op-
timization process that applies importance sam-
pling to effectively reuse offline click data for it-
erative preference alignment, enabling continuous
improvement without relying on costly online feed-
back collection.

Our experiments on industrial-scale Al assistant
datasets demonstrate substantial improvements in
CTR and diversity metrics, validating the effective-
ness of our approach. To summarize, our contribu-
tions are:

* We propose an end-to-end Generative Query
Suggestion (GQS) framework tailored for Al
assistant query suggestion.

* We construct Multi-Source CTR Modeling for
Diversity-Aware Click Preference Alignment
to align generation with real user preferences,
and propose a CTR-Calibrated Iterative Opti-
mization approach for efficient improvement.

* We validate our method through large-scale
A/B online experiments, showing significant
improvements in user engagement and sugges-
tion quality.

2 Background

We formulate query suggestion in conversational
search as a conditional generation task, where an
LLM generates novel queries tailored to the user’s
evolving intent instead of retrieving queries from

a fixed set. This enables proactive exploration be-
yond explicit user input, improving both experience
and search coverage.

To maximize the quality and relevance of gen-
erated suggestions, our prompt design explicitly
incorporates multiple contextual sources as side
information, as illustrated in Appendix A.1: (1)
Current user query q,(r), representing the user’s
immediate information need at conversation turn
75 (2) Current assistant response 7(r), showing
how the system interprets and addresses the current
query; (3) Conversation history h., consisting of
all prior user—assistant turns before 7, providing
broader dialog context; (4) User profile features
u, including age, interests, or behavioral tags, to
encode user background and preferences; (5) Co-
occurring queries C(.), mined from similar histori-
cal conversations as external user behaviour refer-
ences (see Appendix A.2 for construction details).

Formally, we represent the context as X(;) =
{9u()sT(r)s P(7), w; C7y }. The LLM is prompted
to jointly generate a set of candidate queries

QE:)) ={q1,42,...,4n} from the conditional dis-

tribution:
4(t) (t) X 1
Q(T)Nﬂ-g ((IL---,QN ‘ (T))? (1
where Wét) denotes the search preference-aligned

LLM under the current optimization turn ¢, and
Q(? is the resulting set of n candidate suggestions.
By explicitly emphasizing current user query along-
side above side information as content X{), this
prompt structure guides the model to generate sug-
gestions QE?) related to user search intent while
maintaining holistic awareness.

3 Methodology

In this section, we introduce our framework for
CTR-driven generative query suggestion in conver-
sational Al assistent search. The method consists of
three major components: (1) a multi-source contex-
tual CTR modeling to obtain click prefence signals;
(2) CTR-weighted Direct Preference Optimization
(DPO) with diversity regularization for click pref-
erence alignment; (3) an iterative training scheme
with calibrated CTR correction to ensure efficient
policy improvement.

3.1 Multi-Source Contextual CTR Modeling

User click signals extracted from logs offer a nat-
ural form of preference supervision, but are inher-
ently noisy and biased (e.g., due to position effects),
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Figure 2: An overview of our proposed method. (a) The overall pipeline of the framework. (b) Multi-Source
contextual Modeling for reliable CTR estimation. (c) Diversity-Aware Click Preference Data Construction for

balancing CTR alignment and diversity.

making them unsuitable for direct use. A central
challenge in aligning a GQS LLM with real user
preferences lies in accurately estimating the click-
through rate (CTR) of each generated query under
diverse conversational contexts.

To address this, we propose a multi-source CTR
prediction model that: (1) encodes heterogeneous
contextual signals, (2) uses cross-attention to model
the interaction between each context and the target
query, and (3) integrates these signals for final CTR
estimation, as illustrated in Figure 2(b).

Let ¢, denote the n-th generated query sug-
gestion, where n € {1,2,...,N}. Let X =
{z1,x9,...,xK} represent a set of contextual
sources, including the user’s current query, Al re-
sponse, dialog summary, user profile, co-occurring
queries, and prior generated queries. Each zj, € X
is encoded using a shared BERT encoder:

H, = BERT(z;,), H, = BERT(qy).

To model the relationship between ¢,, and each
context x, we apply single-head cross-attention:

H,WoH,Wgk)'
Vd
e, = Pool(Ay),

A, = softmax ( ) (HxWy),

where Wg, Wi, and Wy, are learnable projec-
tion matrices, and Pool(-) denotes mean pooling
over attended tokens to produce fixed-length rep-
resentations. To account for position bias in the
generated query list, we incorporate a learnable
position embedding epos = Embed(p), where p is
the position index of g,.

The final CTR prediction for ¢, is computed
by concatenating all contextual embeddings and
feeding them into a multi-layer perceptron:

Un = O (MLP ([el; .. .;eK;epos])) .
The model is trained using binary click labels as
supervision, optimizing a standard binary classifica-
tion loss. This attention-based architecture enables
fine-grained modeling of how each type of context
contributes to click likelihood, supporting CTR-

informed preference data construction in the next
stage.

3.2 CTR-Driven Preference Optimization for
Query Generation

To align the GQS model with real user preferences,
we formulate training as a preference-based learn-
ing problem. Rather than directly maximizing pre-
dicted CTR which may be poorly calibrated, we
aim to optimize for response-level preference rank-
ings inferred from CTR scores. We build upon
DPO (Rafailov et al., 2023), extending it with CTR-
weighted importance and an auxiliary diversity ob-
jective.

Step 1: Response Scoring and Filtering. For
each prompt z, we generate a set of M candidate
responses {Y7,...,Ya } using the current GQS
model. Each response Y; = [q1,...,qn] (1 <i <
M) consists of a list of NV queries. Using the CTR
model described in Section 2, we compute the total
predicted click likelihood of each response:

N
=> (),
=1

2
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where p(g;) is the predicted CTR of query g;.

To select a preferred response Y 5,., we filter can-
didate responses with low semantic diversity (be-
low a fixed threshold ) and choose the one with
the highest 7(Y"). Semantic diversity is assessed
using GPT-40, which takes the full list of suggested
queries along with the user query as input and out-
puts a diversity score.

For the rejected response Y., we follow robust
preference construction principles and select from
candidates with CTR scores in the lower tail of the
score distribution. Specifically, we reject candi-
dates whose CTR falls below p — 20 (Xiao et al.,
2025), where 1 and o are computed over all 7(Y;)
within the candidate set. This enforces that each
preference pair exhibits both semantic and reward-
level separation.

Step 2: Weighted CTR-DPO Loss. Let 7y be
the current generation model and 7,¢¢ be a frozen
reference model (e.g., a snapshot before DPO
training). Given a preference pair (Y§,,Y/,) for
prompt z, we compute the DPO loss as:

T (Yeir | @) T (Yo | @)

Lppo(me; mref) = —logo <B log — Blog

mret (Y | @) mret (Y |

@)
3
where [ is a temperature hyperparameter, and o is
the sigmoid function.

To reflect the relative importance of each prefer-

ence pair, we compute a sample-level weight:
a=o(y (r(Va) —r(Yw)), @)

where 7 is a scaling factor. Intuitively, larger CTR

gaps indicate more reliable preferences and there-

fore contribute more strongly to model updates.
The CTR-weighted DPO loss is then defined as:

LoTr-DPO = @ - LDpo (705 Tret)- (5)

Step 3: Diversity-Aware Preference Learning.
In addition to CTR-guided preference learning,
we introduce diversity-aware supervision to en-
courage semantic diversity in the generated query
lists. Specifically, we construct auxiliary prefer-
ence pairs (Y , Y. ) where the CTR scores are
close, but their diversity scores differ significantly
(.e., [s(Y§,) — s(Yg,)| > 6). These pairs are
used to apply a DPO-style objective that encour-
ages preference toward the more diverse response,
using the same loss structure as in the CTR-aligned
case. The final training objective combines both
preference signals:

Lctr-piv = LoTrR-DPO + A - Lp1v-ppo,  (6)

where ) is a tunable coefficient balancing align-
ment accuracy and diversity regularization.

This framework enables structured and inter-
pretable alignment of the generation model to user
behavior, while preserving diversity and avoiding
generic response collapse.

3.3 Iterative Training with Calibrated CTR
Predictor

Collecting online user click feedback for CTR
model training is often time- and resource-intensive.
To improve efficiency, we aim to reuse each batch
of logged feedback for multiple rounds of DPO-
style fine-tuning. However, this introduces a crit-
ical challenge: after each iteration of DPO, the
distribution of the generation policy 7y shifts. Con-
sequently, the CTR model—originally trained on
real click data collected from queries generated by
the initial policy 7,0, becomes misaligned with
the queries generated by the updated policy 7).
This distribution mismatch stems from a distribu-
tion drift in the CTR model, caused by a signal
shift from real user clicks to predicted clicks, intro-
ducing bias into preference modeling.

To address this issue, we propose an iterative
framework where a CTR model is explicitly cali-
brated via importance weighting using the likeli-
hood ratio between the initial policy and the opti-
mized ¢ step’s policy my().

Let my0) denote the generation policy used to
generate the response list when the CTR training
data was collected, and ;) denote the policy at
iteration ¢. For each response Y = [q1, . . ., qn] for
each prompt x in the CTR dataset D, we estimate
its probability under both my0) and mp):

Tow) (Y | )

®(y) = Clip(—092 "1/
w(Y) lp(wg(m(Y\x)’

1—¢1+¢€), (7)
where w(®)(Y) is the importance weight used to
reweight the loss contribution of generated re-
sponse Y in the CTR training process.

We then train the CTR predictor ﬁg) at iteration
t using a weighted binary cross-entropy loss:

t t
LER = = (o) eve Ziamey w0 ) [

®
ylogpl) (q | @)+ (1= y)log (1 -5 (] 2))]

where y € {0, 1} denotes the click label, and ﬁg)
is the calibrated CTR model trained for the current
policy.

Once ]3((;) is trained, we regenerate the reward
estimates 7(Y") for candidate responses, re-sample
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updated preference pairs (Y, Y") as described in
Section 3.2, and perform the next round of DPO
optimization over the updated 7 ):

e+ arg mein ES)TR_DIV(WQ; Tow).  (9)

This iterative calibration mechanism enables ef-
fective reuse of collected CTR data across multiple
DPO updates while mitigating reward drift caused
by evolving generation policies.

4 Experiments

4.1 Experimental Setup

Tasks and Datasets. We evaluate our framework
on two query suggestion tasks in Baidu’s conver-
sational Al assistant, with examples shown in Fig-
ure 3: (T1) General query suggestion. After
answering a user’s query, the system offers three
follow-up query suggestions for preference elic-
itation. (T2) Creative-writing snippet genera-
tion. Users receive a guiding sentence and approx-
imately eight clickable snippet suggestions (e.g.,
“shorter”, “more creative”, “more elegant”) for re-
fining creative-writing prompts.

Here, we adopt real large-scale search logs from
the Baidu Al assistant for model training and eval-
uation. Specifically, for each task, we first build a
CTR predictor training dataset using more than 20
million exposure records sampled from 14 days of
click logs of the initial SFT baseline. Afterwards,
we randomly sample 10,000 queries from the 15th-
21st days of search logs as the training set for CTR
alignment, with 10,000 queries from the 22nd day
as the test set.

Evaluation Metrics and Baselines. To provide
a thorough evaluation of the model’s performance,
we utilize three metrics: Click-Through Rate
(CTR), Relevance and Diversity. Besides, we adopt
ERNIE Speed (21B) (Sun et al., 2020) as our foun-
dation model. We select three unaligned method
as baselines: 1) SFT, which means the model is
only supervisedly finetuned by human-annotated
datasets, 2) Few-shot, which means the model
is prompted by demonstrating examples, 3) RA-
GQS (Bacciu et al., 2024), which retrieves sim-
ilar queries from query logs to construct better
few-shot examples. In terms of alignment mod-
els, We evaluate our approach in comparison with
four baselines: SFT, KTO (Ethayarajh et al., 2024),
SimPO (Meng et al., 2024), and DPO (Rafailov
et al., 2023), where preference pairs are derived
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Figure 3: Illustration of the two query suggestion tasks
in Baidu’s conversational Al assistant: (T1) general
query suggestion and (T2) creative-writing snippet gen-
eration.

from (1) user click behaviour and (2) estimated
CTR values. The AI assistant presents 3 and 8
query suggestions as clickable items for Task 1 and
Task 2, respectively. Besides, we set A as 0.1 for
all experiments.

4.2 Overall Results and Analysis

The overall experimental results are presented in
Table 1, and we have the following observation:

The CTR performance of SFT with human-
annotated training data and few-shot method is sim-
ilar, suggesting that utilizing more annotated data
for SFT does not necessarily enhance recommen-
dation performance. This is reasonable because
even with high-quality annotations for GQS tasks,
there remains a significant discrepancy between the
annotators’ preferences and the users’ actual click
preferences.

In both the Click-Aligned and CTR-Aligned
scenarios, we observe that improvements in CTR
performance are accompanied by enhanced rele-
vance but reduced diversity. This trade-off arises
because high-CTR samples often share similar pat-
terns, which biases the model toward generating
less diverse suggestions.

For Click-Aligned, although real user click data
were used for preference alignment, we observe an
overall decline in CTR in both Task 1 and Task
2. For example, in Task 1, applying the KTO,
SimPO, and DPO algorithms led to CTR decreases
of 1.61%, 1.71%, and 1.42%, respectively. We
attribute this performance drop to the noise and
randomness inherent in users’ click and non-click
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Scenario Method Task 1 Task 2
CTR Relevance Diversity CTR  Relevance Diversity
SFT 0.00 80.53 85.63 0.00 84.86 81.42
Base Few-shot  1.14 78.12 80.17 -5.81 82.66 79.46
RA-GQS 145 79.48 83.93 0.21 82.33 80.45
SFTcik 4.61 81.89 83.49 0.76 84.14 78.11
Click-Aligned KTOci -1.61 79.45 86.81 -1.69 84.55 81.97
& SimPOy  -1.71 78.34 84.36 1.91 86.05 78.20
DPOqix -1.42 80.91 83.94 1.54 84.65 76.78
SFTew 19.44 84.08 80.12 4.45 87.32 75.14
CTR-Aliened KTOc 30.78 86.74 77.68 7.63 89.04 72.12
£ SimPOy,  32.99 90.36 79.29 16.98 93.86 70.61
DPOc¢ 60.15 91.15 65.73 25.51 95.83 59.43
Ours GQS 70.36 94.60 86.04 30.72 98.11 82.09

Table 1: The overall performance of various models for GQS. Three training scenarios: Base (no click alignment),
Click-Aligned (aligned with raw click data), and CTR-Aligned (aligned with calibrated CTR scores).

CTR Comparison Diversity Comparison

Task 1
Task 2

o
o
Diversity (%)
~ 2]
o o

o
o

T T T 50 T T T
-DIV -CW Ours -DIV -Cw Ours

Figure 4: Ablation results of Preference Alignment

signals, which undermine the effectiveness of pref-
erence learning and highlight the limitations of
directly using raw click data.

In comparison, methods that perform preference
alignment based on predicted CTR signals consis-
tently yield improvements. This indicates that fil-
tering based on CTR scores predicted by CTR mod-
els is more significant than direct filtering based
on click signals, thereby reducing noise and vari-
ance. This demonstrates that preference alignment
is more effective than SFT alone, and understand-
ing the patterns of negative samples is crucial for
the model.

Our proposed GQS method jointly optimizes
CTR-prediction preferences and diversity, thereby
achieving CTR gains while simultaneously preserv-
ing high diversity and relevance. For example, in
Task 2, compared to the DPO algorithm in the CTR-
Aligned scenario, GQS improves CTR, relevance,
and diversity by 5.21, 2.28, and 22.66 points, re-
spectively.

4.3 Ablation Studies

In this subsection, we present experiments to eval-
uate the effectiveness of key components of GQS.

AUC Comparison Logloss Comparison

0.80 0.210
Task 1
0.78 A 0.205 A Task 2
0.76 1 0.200 -
0
Q S
2 0.741 % 0.195 A
< S]
g}
0.721 0.190 A
0.701 0.185 A
0.68 T T T 0.180 T T T
-CAttn -Pos Ours -CAttn -Pos Ours

Figure 5: CTR model performance (AUC and Logloss)
under different architectural components.

Ablation of preference alignment modules. We
denote “-DIV” as the removal of the diversity-
aware learning component, and “-CW” as the exclu-
sion of the CTR-weighting strategy. As illustrated
in Figure 4, ablating “~-CW” leads to a substantial
drop in CTR, highlighting the value of emphasizing
preference pairs with larger CTR gaps. Removing
“-DIV” results in a notable decrease in diversity
scores, underscoring the role of diversity regular-
ization in enhancing generative variability. Inter-
estingly, CTR performance also slightly declines
without the diversity objective, suggesting that di-
verse suggestions are more likely to capture user
interest.

Analysis of CTR Model. Here, “-CAttn” refers to
the removal of the cross-attention mechanism for
multi-source fusion; in this variant, all contextual
inputs are simply concatenated and fed into a BERT
encoder. “-Pos” denotes the exclusion of positional
embeddings. As shown in Figure 5, removing ei-
ther component leads to a drop in AUC and an
increase in Logloss, indicating degraded prediction
quality. These results highlight the importance of
cross-attention in effectively integrating heteroge-
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Figure 6: CTR progression over training rounds in Task
1 and Task 2, comparing calibrated vs. uncalibrated
preference guidance.

neous information, as well as the crucial role of
positional embeddings in modeling position bias.

4.4 Effect of Iterative Training with CTR
Calibration

We evaluate the impact of our iterative training
strategy, where the CTR model is progressively up-
dated to guide preference optimization. As shown
in Figure 6, CTR performance improves notably
in the first few rounds—for example, Task 1 im-
proves by 7.45 points (from 63.05 to 70.50)—and
stabilizes afterward. This demonstrates that iter-
ative calibration effectively enhances alignment
quality without overfitting. In contrast, a base-
line using a fixed CTR model across rounds yields
only marginal improvements (e.g., Task 1 increases
by 1.03 points, from 63.05 to 64.08), indicating
the limited reliability of static preference signals.
These results highlight the benefit of updating the
reward model to reflect evolving generation behav-
ior. We also observe a saturation trend beyond
the third round, where gains become negligible or
slightly decline (e.g., Task 2 drops by 0.61 points,
from 30.72 to 30.11). This suggests that excessive
iterations may offer diminishing returns, reinforc-
ing the need to select a moderate number of training
rounds to balance effectiveness and efficiency.

5 Sensitive Analysis

In this subsection, we conduct experiments on
Task 1 to analysis the sensitivity of the hyper-
parameters in this paper.

Sensitivity Analysis of Diversity Loss Coeffi-
cient \. We conduct experiments to analyze
the impact of the diversity loss weight A in our
preference optimization. We test values from
{1.0,0.1,0.01,0.001,0.0001} and summarize the
results in Figure 7(a). The results show that moder-
ately weighted diversity loss leads to better balance

Sensitivity to Diversity Loss Weight Sensitivity to Preference Sample Size

—e— CTR 80
851 Diversity

80 60 1

1 40
70 I, Y
| cmmm—
204 =
651 cTR
Diversity

1074 1073 1072 107t 10° 10* 102 103 10% 10°
DPO Diversity Loss Coefficient (log scale) Number of Preference Samples (log scale)

Figure 7: Sensitivity analysis results. (a) Effect of diver-
sity loss coefficient A on CTR and diversity. (b) Effect
of alignment sample size on model performance.

between CTR and diversity. For instance, A = 0.1
achieves the best CTR (70.50) while maintaining
high diversity (86.04). When \ becomes too small,
the diversity benefit diminishes significantly (e.g.,
66.22 at A = 0.001), though CTR still remains rela-
tively stable. Conversely, larger values like A = 1.0
ensure high diversity (86.55), but lead to a lower
CTR (69.33). These results highlight the impor-
tance of moderate regularization strength—A\ = 0.1
offers the best overall trade-off.

Sensitivity Analysis of Number of Alignment
Samples. We further examine the effect of the
number of preference samples used in align-
ment training. We vary the sample count in
{10, 102,10%,10%, 105} and report the perfor-
mance on Task 1 in Figure 7(b). The results show
that increasing the number of samples significantly
improves CTR and diversity up to a certain thresh-
old. For example, when using only 10 samples,
CTR is 11.00 and diversity is 85.60, while using
1000 samples leads to 64.00 CTR and 86.40 di-
versity. The model saturates around 10* samples,
with CTR reaching 70.36 and diversity maintaining
86.40. Further increasing the sample size to 10°
yields marginal gains in CTR (70.39) but causes
a slight drop in diversity (85.10). Therefore, we
adopt 10* samples in our default setup, balancing
computational cost and performance.

6 Conclusion

We propose GQS, a generative query suggestion
framework for conversational search that aligns
with user preferences through multi-source CTR
modeling, diversity-aware preference optimization,
and iterative CTR calibration. Extensive experi-
ments on real-world tasks demonstrate that GQS
consistently improves CTR, relevance, and diver-
sity. Our findings highlight the importance of mod-
eling user feedback and maintaining semantic di-
versity in preference-aligned generation.
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Limitations

While GQS demonstrates strong performance in
aligning query suggestions with user preferences,
several limitations remain. First, our approach re-
lies on click-through data, which may carry in-
herent biases such as position effects and delayed
feedback. Although the CTR model helps mitigate
this, residual bias could still influence optimiza-
tion. Second, the iterative optimization process
requires multiple rounds of reward model updates
and generation training, which increases compu-
tational cost. In future work, we plan to explore
more efficient update strategies and incorporate
human-in-the-loop feedback for better alignment
quality.

Ethics Statement

Use of Al Assistants We have employed Chat-
GPT as a writing assistant, primarily for polishing
the text after the initial composition.
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A Prompt Construction and COO Information Refilling

A.1 Prompt and Respones Format

Here we provide the detailed prompt and response format used for query generation.

Example Prompt and Response for Query Generation

Instruction:

You are an intelligent assistant helping users explore information in a conversational search session.
[Current User Query]:

How does intermittent fasting affect metabolism?

[Current Assistant Response]:

Intermittent fasting can influence metabolic health by...

[Conversation History Before This Turn] (/):

User: What are effective diet methods for weight loss?

Assistant: There are various methods such as calorie restriction, low-carb diets, and intermittent
fasting...

[User Profile Features]:

Age: 35; Interests: fitness, healthy diet, sustainable health practices

[Co-occurring Queries]:

Benefits of fasting for fat loss; Best time windows for intermittent fasting; Intermittent fasting vs.
calorie restriction

Based on the current query and answer, previous conversation history, user profile, and related
queries, generate 3 new and diverse follow-up queries that the user may find useful.

Generated Response:

Does fasting improve insulin sensitivity?
Best fasting methods for beginners
Fasting and muscle preservation tips

A.2  Co-Occurrence Query Information Construction and Refilling

We demonstrate how co-occurring query information is constructed and applied in query suggestion, as
illustrated in Figure 8.

(a) CO0 Data Construction (c) €00 Data Filling
D i . . .
€00 / User Initiative Alignment via
 Log S S G, COO Information Filling
Collectlon Prompt Template

(All Users)

DCDQ :
Next Query g,

(b) CO0 Data Retrieval
Eﬁcoo
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Direct Prompt Template
Retrieval

Approximate Nearest Neighbor /S ‘ S
Retrieval k
(ko) () (@)

K Slde Informatlon Filling J

Co-occurrence
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Information Retrieval Search Preference

LLM Knowledge
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Figure 8: COO query information construction and refilling as side information.
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As shown in Figure 8, given an input query ¢
and optional side information S' = s1, s9, ..., Sk,
the LLM M generates suggested queries R() =
q1,92,---,qn. The side information S is task-
specific, such as session history or system re-
sponses in conversational search as shown in Sec-
tion A.1. To incorporate co-occurring query sig-
nals as side information for aligning with user
search preferences, we construct COO information
as follows: (a) We extract co-occurrence (COQO)
signals (qu, gnext, ¢) from Baidu’s complete user
query logs, where g, is the user query, gpext 1S a
co-occurring query in the same session, and c¢ de-
notes the frequency of this COO. These signals are
aggregated into a COO dictionary Dcoo. (b) We
build an Approximate Nearest Neighbor (ANN)
semantic matching system over Dcog, enabling
efficient retrieval of relevant co-occurring queries
based on user input. If the input query g, has an
exact match in Dcog, we retrieve its correspond-
ing co-occurring queries; otherwise, we retrieve
semantically similar queries from the ANN index
to provide meaningful co-occurring suggestions.
(c) The retrieved co-occurring queries are format-
ted as textual side information and incorporated
into the prompt template to help align generated
suggestions with user search preferences.

B Evaluation Criteria

Relevance. This metric evaluates the semantic
alignment between a suggested query and the user’s
original query. Relevance is categorized into three
levels:

* High (1.0): The suggested query is highly
related to the user’s query in both topic and in-
tent, providing additional and pertinent infor-
mation that complements the original query.

* Moderate (0.5): The suggested query is some-
what related but may not directly address the
user’s core intent, often offering tangential or
loosely associated content.

* Low (0.0): The suggested query shows mini-
mal topical or semantic overlap with the user’s
query, failing to align in intent or subject mat-
ter.

Diversity. This metric assesses the degree of
novelty and non-redundancy of each suggested
query along three dimensions:

* Exclusivity from the user query: The sug-
gested query should not be semantically equiv-
alent to the original query, ensuring it intro-
duces a new perspective or subtopic.

* Exclusivity from the Al response: The sug-
gested query should elicit new content from
the Al model rather than reproducing informa-
tion already covered in the initial response.

* Exclusivity from other suggested queries:
Each suggested query in the recommended
set should be distinct from others, contribut-
ing unique value to the overall list.

Scoring rule: A diversity score of 1.0 is assigned if
all three aspects are satisfied, 0.5 if exactly two are
satisfied, and 0.0 otherwise.

We utilize GPT-40 as an automatic judge to score
both relevance and diversity. Prompts are carefully
designed to instruct the model to assess each dimen-
sion independently and output scores following the
defined criteria.
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