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Abstract

Large Language Models (LLMs) have be-
come a popular interface for human—AlI in-
teraction, supporting information seeking and
task assistance through natural, multi-turn di-
alogue. To respond to users within multi-
turn dialogues, the context-dependent user
intent evolves across interactions, requiring
contextual interpretation, query reformulation,
and dynamic coordination between retrieval
and generation. Existing studies usually fol-
low static “rewrite, retrieve, and generate”
pipelines, which optimize different procedures
separately and overlook the mixed-initiative
action optimization simultaneously. Although
the recent developments in deep search agents
demonstrate the effectiveness in jointly opti-
mizing retrieval and generation via reasoning,
these approaches focus on single-turn scenar-
ios, which might lack the ability to handle
multi-turn interactions. We introduce a con-
versational agent that interleaves search and
reasoning across turns, enabling exploratory
and adaptive behaviors learned through rein-
forcement learning (RL) training with tailored
rewards towards evolving user goals. The ex-
perimental results across four widely used con-
versational benchmarks demonstrate the effec-
tiveness of our methods by surpassing several
existing strong baselines.

1 Introduction

Large Language Models (LLMs) have become a
popular interface for human—Al interaction, sup-
porting information seeking and task completion as-
sistance through natural, multi-turn dialogue (Gao
et al., 2022; Zamani et al., 2023; Mo et al., 2024b).
To respond to users within multi-turn dialogues,
the context-dependent user intent usually evolves
across historical interactions, requiring contextual
interpretation (Jin et al., 2023), mixed-initiative
actions (Aliannejadi et al., 2021), and dynamic
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coordination between information retrieval and re-
sponse generation (Su et al., 2024; Qian and Liu,
2025; Lai et al., 2025; Qi et al., 2026).

To facilitate the multi-turn conversational scenar-
ios, existing studies (Roy et al., 2024; Ye et al.,
2024; Mo et al., 2026a) usually follow static
“rewrite, retrieve, and generate” workflows with
separated models. Such a pipeline optimizes var-
ious procedures separately and requires different
task-specific supervision signals, including rewrit-
ten queries, relevance judgments, and ground-truth
answers for each turn. Besides, it might overlook
the mixed-initiative action optimization, e.g., ask-
ing a clarification question at a suitable moment,
simultaneously. Aiming for a dynamic procedure,
recent developments in deep search agentic mod-
els (Jin et al., 2025; Zheng et al., 2025; Zeng et al.,
2026) achieve remarkable performance on complex
information-seeking tasks by interleaving multi-
round reasoning and external search. The flexible
architecture allows it to dynamically explore ex-
ternal knowledge sources and iteratively refine its
reasoning trajectory for open-domain question an-
swering (Zhang et al., 2024b; Zhu et al., 2025b;
Zhang et al., 2025a; Su et al., 2025). However,
these advanced deep search agentic models are de-
signed for single-turn information accessing tasks,
which might lack the ability to handle multi-turn
conversational scenarios (Zhang et al., 2024a; Zhu
et al., 2025a; Mo et al., 2025¢).

Under user-system multiple interactions, the
user’s queries are context-dependent and involve
topic-switch (Mao et al., 2022a; Mo et al., 2023b;
Yoon et al., 2025). Thus, it is crucial for the con-
versational agent to learn to leverage useful his-
torical context to reply to the current turn via rea-
soning ability. One important aspect is to generate
a stand-alone search query condition on compre-
hending the historical context (Jang et al., 2023;
Mo et al., 2024a), which is different from the exist-
ing single-turn deep search agent that decomposes
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a self-contained query. Another crucial factor lies
in optimizing the model to effectively leverage in-
formation obtained from search results through de-
contextualization, enabling accurate answer gen-
eration that integrates retrieved knowledge with
the model’s inherent parametric knowledge (Wang
et al., 2024a; Su et al., 2025; Mo et al., 2026b),
while the existing studies on deep search lack
search results optimization (Jin et al., 2025). Be-
sides, the flexible interaction interface enables the
system to respond in various ways, which make
it possible to equip the conversational agents with
mixed-initiative actions capabilities to response in
suitable forms, such as asking clarification ques-
tions (Zou et al., 2023), providing short or long
form answers with dynamic decisions depending
on the query type (Jeong et al., 2024; Mo et al.,
2025b), and rejecting to answer when without
enough evidence (Wang et al., 2024b). The mixed-
initiative actions are useful for the system to engage
with the user (Aliannejadi et al., 2021; Mo et al.,
2024d; Wang et al., 2024c).

To address the aforementioned issues, we aim
to optimize the agentic conversational search task
from multiple aspects within a single agentic frame-
work with contextualized reasoning, including
history-conditional search query generation, the
utilization of search results for accurate answer gen-
eration, and interactive action decision via mixed-
initiative capacities. To achieve it, we propose
ConvAgent to decompose the overall reward into
three complementary components under a rein-
forcement learning (RL) training framework (Shao
et al., 2024) to interleave search and reasoning
across turns, enabling exploratory and adaptive be-
haviors learned through tailored design. Specifi-
cally, to help the agentic model optimize search
queries through de-contextualization reasoning in
conversations and learn to extract useful infor-
mation from retrieved results for answer genera-
tion, we introduce a search optimization reward.
This reward measures the information overlap be-
tween the retrieved content and the ground-truth
answers, providing additional supervision beyond
the ground-truth answer signal alone. Besides, a
mixed-initiative action reward is used to enhance
the alignment with evolving user goals and facil-
itate the mixed-initiative capacity of the models.
The experimental results across four widely used
conversational search benchmarks demonstrate the
effectiveness of our methods by surpassing several
existing strong baselines with different principles

under various settings. Detailed ablation analy-
ses show the contributions of different components
and insightful observations to improve multi-turn
capacity for conversational agents.

Our contributions can be summarized as follows:

(1) We introduce an agentic framework to op-
timize the conversational search task from multi-
ple aspects via contextualized reasoning, including
history-conditional search query generation, the
utilization of search results, and interactive action
decision via mixed-initiative capacities.

(2) We propose to decompose the RL training
rewards with intermediate components, including
a search optimization and a mixed-initiative action
reward in addition to the outcome, which enables
the model with exploratory and adaptive behaviors
to interleave search and reasoning across turns.

(3) We conduct experiments on four widely used
conversational search benchmarks and take analy-
ses to understand how agentic models with search
and mix-initiative actions impact generation perfor-
mance in conversational search.

2 Related Work

Conversational Question Answering is the task
of responding to user queries within multi-turn dia-
logues, with dependence on previous turns and of-
ten grounding from external knowledge (Qu et al.,
2020). The retrieval-augmented generation (RAG)
technique (Lewis et al., 2020) is a common prac-
tice to obtain external factual grounding in answers.
Previous studies in conversational search (Wu et al.,
2022; Mo et al., 2023a; Abbasiantaeb et al., 2024;
Lupart et al., 2025b) aim to enhance the under-
standing of user intent and more complex user in-
teractions. A series of approaches are proposed to
improve the search results performance in conversa-
tions, including query rewriting (Mao et al., 2023;
Ye et al., 2023; Lai et al., 2024), conversational
dense retrieval fine-tuning (Lin et al., 2021; Kim
and Kim, 2022; Mao et al., 2024; Mo et al., 2024c),
and data augmentation (Mao et al., 2022b; Mo et al.,
2025d). Besides, several studies (Meng et al., 2023;
Owoicho et al., 2023) have explored improving
mixed-initiative action detection in conversational
settings to provide more effective support during
interactions. However, these approaches do not
directly explore how to leverage the retrieved infor-
mation to improve answer generation in the era of
LLMs (Gao et al., 2023; Mo et al., 2024b; Bhaskar
et al., 2025; Zhang et al., 2025b,c). Our research
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aims to develop an agentic conversational search
model that can understand context-dependent user
intent, optimize search queries, enhance mixed-
initiative interaction, and reason over search results
to generate accurate answers.

Agentic Search. Recent studies (Zhang et al.,
2024b) focus on developing agentic LLMs for in-
formation accessing tasks via RL training. The
principle is to decompose the complex questions
via integrating in-context reasoning with dynamic
search tool invocation when needed. Representa-
tive studies such as Search-rl (Jin et al., 2025),
R1-Searcher (Song et al., 2025), and DeepRe-
search (Zheng et al., 2025) optimize RL policies
for generating multiple queries through multi-turn
search interactions and integrating retrieved evi-
dence, thereby achieving strong performance on
knowledge-intensive QA tasks. However, they are
limited to handling self-contained questions as one-
shot querying and do not require understanding
historical context. Different from them, we aim
to define an intermediate reward tailored to an-
swer questions in conversations that directly op-
timizes the agentic model to utilize search results
when generating rewritten queries for search in
capturing user intent at each dialogue turn. Con-
current work ChatR1 (Lupart et al., 2025a) and
ConvRecR1 (Zhu et al., 2025b) attempt to extend
this line of work, while their designed reward for
conversational scenarios relies on the ground-truth
of rewritten queries as training signals and does not
consider the mixed-initiative action capability.

3 Methodology

3.1 Task Formulation

A conversational agent should be capable of per-
forming various actions through reasoning in con-
versation to arrive at the final answer. Formally,
given a dataset of user—system conversations, each
composed of multiple turns, and a collection of
passages C. At each turn n, the agent system re-
ceives the conversation history H,, = {¢;, ai}?:_ll
and the current user query ¢g,. The conversational
agent requires generating an answer a,, to query
gn. leveraging context from H,, and grounding in
external information C. In some cases, the agent
should also be capable of handling unanswerable or
ambiguous queries through rejection and clarifica-
tion, resulting in requiring mixed-initiative action
capabilities. We aim to develop such an agentic
model via contextualized reasoning in this study.

Our Policy LLM
mg ~ Trajectory T

User Query g,

-
Rollout
Reference
LLM 7 pe¢ L

Information - B
Sampling Gain Reward R, RankList {£,}1

" $ Mix-Initiative
Ground-Truth a;, |5/ A tion Reward Ruwia ction 7y,
Outcome Answer a,,
Reward R,,¢

Figure 1: Overview of our designed agentic conversa-
tional search framework. The GRPO Optimization is
guided by full trajectories sampled from the policy LLM,
which consists of reasoning, search, mix-initiative ac-
tion, and answer steps, with rewards assigned to each
signal. The policy model interleaves the same action set
while interacting with a search environment within the
Interaction Loop for both training and inference.

Group [

GRPO Optimization
Interaction Loop

3.2 Rewards Modeling

Reinforcement learning (RL) plays a crucial
role in training agentic models by enabling self-
exploration of diverse reasoning trajectories and re-
warding those that are effective. This aligns model
behavior with the objectives of information seek-
ing for users’ context-dependent intents and effi-
cient decision-making for actions in conversations.
However, since these trajectories are self-generated
and do not always yield correct final answers due
to noisy conversational context, relying solely on
outcome-based rewards yields sparse supervision
signals, making the training process harder to op-
timize (Chen et al., 2025; Zhang et al., 2026).
To this end, we decompose the overall reward
into three complementary components: outcome
reward, search optimization reward, and mixed-
initiative action reward. These rewards guide the
model to reason more strategically with the con-
versational context towards the final answer, effec-
tively capture user intent for search optimization,
and respond precisely to various types of queries
with mixed-initiative needs in conversations. We
describe the overview of our framework in Figure 1.

3.2.1 Outcome Generation Reward

The outcome generation reward directly reflects
the final task success. At the end of each rollout,
the predicted answer a,, is extracted to evaluate
by comparing with the ground-truth answer a;, us-
ing a task-specific metric Syps as Syns(an, at), e.g.,
Exact Match or F1 score. The formulation of the
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outcome generation reward is
*
Routcome = Sans (ana an) (1)

3.2.2 Information Gain Reward

Solely relying on the supervision signal from the
ground-truth answer is not enough to enable the
conversational agent to interpret user intent and
establish high-quality intermediate results for ex-
ternal search. Different from previous studies (Jin
et al., 2025; Song et al., 2025), which only gen-
erate search queries for calling the search inter-
face, the agentic model requires optimizing the
search query via de-contextualization in conversa-
tions and learn to utilize the gained information
via external retrieval, i.e., the useful parts of the
search results in terms of approaching the final
answer. To this end, the information gain reward
is designed to measures the information overlap
between the retrieved information and the ground-
truth a), via applying a specific metric Siyf, On
them as Sigo({ P}, a). The {P,}¥ is the top-k
relevant passages obtained by an ad-hoc retriever
Ret via the generated rewritten-query ¢/, for the
n-th turn as { P, }¥ = Ret(q,).

Such an optimization is expected to improve
the quality of the agent-rewritten search query by
aligning its search results with the associated final
answer without requiring the relevance judgments
between query and gold passages as supervision
signals. The information gain reward Rg is for-
mulated as the cumulative coverage of the search
results in each retrieval calling iteration. Accord-
ing to the length of the ground-truth answer for
each query (Bolotova et al., 2022), we use either
F1-score or Accuracy as an evaluation metric to
validate the information gain reward from long or
short types of answers, which is defined as

RIG - SInfo(Ret(QZ)a a;) = SInfo({Pn}’fa a;kl)

_ JmaXg, F1({P.}},a%)  type(a}) =long
maxg Acc({P,}},al) type(ar;) = short

where the accuracy is measured by whether the
ground-truth a; is a sub-string contained in the
retrieved information { P, }} as I[a}, C {P,}}].

3.2.3

The mixed-initiative plays an important role in con-
versational scenarios, where the agentic model is
expected to clarify ambiguous query turns or refuse

Mixed-Initiative Action Reward

to answer when their knowledge is insufficient. To
facilitate the mixed-initiative capacity of our model,
we formulate the mixed-initiative as a classifica-
tion task to validate whether the agentic model can
decide the necessary supportive reactions. Specif-
ically, we include four types of mixed-initiative
action following (Wu et al., 2023) in the reaction
set as Act = {answer, clarify, no answer}. In ad-
dition to generating a final answer as a common
case, the agentic model should generate clarifica-
tion questions, return only relevant search results
with the final answer, or refuse to answer to accom-
modate the unanswerable cases. Then, the mixed-
initiative action (MIA) reward Ra is designed
similarly to the format reward to measure whether
the specific label tokens, i.e., <clarify> and <noan-
swer>, are included in the generated sequence 7.,
among the turns that are annotated with requiring
specific mixed-initiative actions in the ground-truth
reaction set Act;, as

1, if r,, C Act’,
Rmia = 2
—0.5, otherwise.

The negative reward assigned to incorrect mixed-
initiative actions serves as a penalty that discour-
ages the model from aggressively generating un-
necessary clarifications or refusals.

Finally, the reward assigned to a rollout trajec-
tory T aggregates the three components as

R(7) = Routcome + 0.5 X (Rig + Rmia) (3)

3.3 Contextualized Reasoning in
Conversations with RL

With the designed rewards, the optimization objec-
tive of our model with parameters 6 is to maximize
the aggregated reward R(7) given the history H,
the user query ¢ at the last turn n, and the search en-
gine Ret, while minimizing the distance between
the optimized and original policies as Eq. 4.

Terro(6) = [ S min (6:(6)As, clip(4:(6),

1-— €, 1+ 6)./4@) — ’}/DKL(ﬂ'gHﬂ'mf)}
“)
) o wo(Ti|q, H,7<i,Ret)
where ¢;(0) = Trejld(n\q,?l;@,Ret)
probability between the new and old policies and
A = W represents the estimated
advantage of the i-th rollout trajectory within the

denotes the
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current group calculated by our designed reward
function R(7) in Eq. 3. Besides, the parameter ¢
controls the clipping threshold, while ~y regulates
the KL divergence penalty.

We adopt the efficient Group Relative Policy Op-
timization (GRPO) algorithm (Shao et al., 2024),
which eliminates the need for explicit reward and
value models. As an alternative optimization ap-
proach, we also implement the Proximal Policy
Optimization (PPO) to optimize our approach.
The corresponding analysis compared to GRPO
is shown in the experimental Section 4.3.

3.4 Usage of Clarification Results

The goal of generating necessary clarified ques-
tions in mixed-initiative actions for some ambigu-
ous turns is to support the user in obtaining their
desired answers. Thus, the evaluation of clarifi-
cation actions should consider not only whether
they are taken at appropriate moments but also how
effective they are in improving downstream task
performance. To this end, we design the usage of
clarification results in downstream tasks. Specifi-
cally, in the retrieval procedure interacting with the
search engine, the clarified question ¢;, generated
by the model is used as an expansion, concatenated
with the previous rewritten query ¢/, as Ret(q/,0¢%)
to obtain search results. For the answer generation
procedure, we replace the original query g, with
a clarified one g;,, which is used as a simulated
question to obtain the final answer a,,.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct the main evaluation on
four widely-used conversational search datasets,
including TopiOCQA (Adlakha et al., 2022),
INSCIT (Wu et al., 2023) for in-domain evalu-
ation, and QReCC (Anantha et al., 2021), and
CORAL (Cheng et al., 2025a) for out-of-domain
evaluation. More statistical details are provided in
Appendix A.

Evaluation Metric. We investigate three different
capabilities of the conversational agent: search opti-
mization with query generation, answer generation
with retrieval augmentation, and action determina-
tion in conversations. For search evaluation, we
adopt the traditional retrieval metric NDCG@3 and
the token-/string—based overlap InfoGain metric to
measure the overlap between retrieved passages

and ground-truth answers, thereby assessing infor-
mation gain (Qian and Liu, 2025), which aligns
with our search optimization reward. For answer
generation, we use Fl-score following previous
studies (Lupart et al., 2025a; Mo et al., 2025a)
for fair comparison, Exact Match (EM) for the
short answer dataset TopiOCQA, and LLM-as-a-
Judge (Gu et al., 2024) based on Qwen-3-4B model
for the remaining towards semantic measurement.
For mixed-initiative actions, the evaluation is con-
ducted as a classification task and then further eval-
uates the improvement with supportive actions.

Baselines. We compare our model with various
baselines, which is categorized into two types: i)
Separated retriever-generator pipeline systems, in-
cluding ChatQA (Liu et al., 2024), UniConv (Mo
et al., 2025a), REFRAG (Lin et al., 2025), and
EvoRAG (Cheng et al., 2025b), and ii) agentic
systems, including Search-R1 (Jin et al., 2025),
ConvSearch-R1 (Zhu et al., 2025a), ChatR1 (Lu-
part et al., 2025a), and the AgenticLM (Yang et al.,
2025) using latest Qwen-3 models as backbone
with agentic capacity. Among them, ConvSearch-
R1 and ChatR1 require the rewritten queries from
original datasets or LLM-generated pseudo data
as additional supervised signal during the model
training. In addition, we include a supervised fine-
tuning (SFT) baseline trained with the standard
next-token prediction loss for answer generation,
as well as direct inference results from proprietary
large language models, including ChatGPT (Ope-
nAl, 2022) and Claude (Anthropic, 2023), for refer-
ence. The detailed information about each baseline
method is provided in Appendix B.

Implementation Details. We implement our
conversational agent model based on Qwen-2.5-
3b/7b (Yang et al., 2025) and launch a retriever
model with ES (Wang et al., 2022) based on four
NVIDIA A100 80GB GPUs. The top-3 retrieved
passages are used as search results for each turn
among the compared baselines and our method to
ensure a fair comparison. The TopiOCQA and IN-
SCIT are used as the training set, and evaluated
on all datasets with in-domain and out-of-domain
settings. The mixed-initiative action reward is ap-
plied on the INSCIT dataset, which is the only one
containing corresponding supervision signals. The
batch size of the policy model is 256, a max prompt
length of 8192 tokens, and a learning rate of le-6.
The total training steps are 150.
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Method LLM TopiOCQA INSCIT QReCC CORAL
F1 EM LLM-Jud. F1 LLM-Jud. Fl LLM-Jud.
SFT Qwen-2.5-3b  18.2 147 237 52.6 17.0 50.4 15.2 423
Search-R1-3b Qwen-2.5-3b 26.1 13.1 5.8 50.1 5.9 48.7 39 41.2
ConvSearch-R1 Qwen-2.5-3b 7.6 3.5 15.7 48.5 - - - -
AgenticLM-4b Qwen-3-4b 294 112 21.6 50.8 7.9 46.3 22.1 42.6
ChatR1-3b Qwen2.5-3b 294 - 28.2 - 28.0 - - -
ConvAgent-3b (ours) Qwen2.5-3b 252 14.1 235 51.8 24.1 56.3 22.4 43.2
ChatQA LLaMA-3-8b 18.1 - 25.7 - 23.7 - 20.3 -
UniConv Mistral-2-7b  29.6 - 33.2 - 26.2 - 24.3 -
EvoRAG Qwen2.5-7b  26.8 - 26.8 - 24.0 - 25.1 -
REFRAG LLaMA-2-7b  28.2 - - 17.4 - - -
SFT Qwen-2.5-7b 23.6 17.8 245 53.9 19.1 54.3 18.8 43.0
Search-R1-7b Qwen2.5-7b  37.0 20.7 9.1 57.7 8.6 60.3 3.8 43.0
AgenticLM-8b Qwen-3-8b 346 153 232 52.1 21.1 49.6 24.1 44.7
ChatR1-7b Qwen2.5-7b  30.6 - 27.8 - 31.0 - - -
ConvAgent-Tb (ours) Qwen2.5-7b 4037 2337 30.1° 58.51 30.4f 64.61 28.91 46.81
For Reference - Direct Inference with Proprietary LLMs
ChatGPT GPT-3.5 25.5 - 22.6 - 22.8 - 26.8 -
Claude Sonnet-3.5 27.2 - 25.0 - 27.0 - 27.4 -

Table 1: Performance of different systems for the answer generation task. Bold and underline indicates the best
and the second-best results. Superscript } denotes significant improvements with paired t-test at p < 0.05 over two
comparable main competitors, agentic systems Search-R1 and AgenticLM.

Method TopiOCQA INSCIT QReCC CORAL
Search-R1-3b 22.8 21.4 359 329
AgenticLM-4b 18.7 24.1 33.2 28.6
ChatR1-3b 24.1 - 36.4 -
ConvAgent-3b 22.7 24.7 37.2 31.6
Search-R1-7b 26.5 22.3 36.7 333
AgenticLM-8b 20.4 23.8 36.0 30.9
ChatR1-7b 26.7 - 37.0 -
ConvAgent-Tb 294 30.8 39.6 349

Table 2: Performance of the retrieval task.

4.2 Main Results

In this section, we evaluate the performance of an-
swer generation, search results, and the correlation
analysis between search results quality and answer
generation performance.

4.2.1 Answer Generation Performance

The result of the answer generation is shown in Ta-
ble 1, where our approach consistently achieves the
best or second-best performance across nearly all
datasets and metrics. Specifically, our agent model
with 7B variant achieves the highest F1-scores on
TopiOCQA, QReCC, and CORAL datasets by sur-
passing the comparable agentic systems such as
AgenticLM, Search-R1, and ChatR1, and even ex-
ceeds the performance of proprietary LLMs with

direct inference (ChatGPT and Claude). Such ob-
servations demonstrate the importance of optimiz-
ing the model to learn to interact with the search
engine and utilize the useful parts of search results
in conversations via our designed reward signals.

Besides, the agentic systems (Search-R1, Agen-
ticLM, ChatR1, and ours) perform better than
the traditional “retrieval-generation” pipeline ap-
proaches (ChatQA, UniConv, and EvoRAG) with
separated fine-tuning using different supervision
signals, which indicates the implicit reasoning ca-
pacity is important for conversational engagement
and interacting with the search engines. Among the
agentic systems, the Search-R1 does not perform
well on the datasets with long-form answers due
to the lack of intermediate rewards. The ChatR1
should rely on rewritten queries as additional super-
vision signals to capture user intent, and this might
be the potential reason for its better performance
on 3b variants. Nevertheless, by scaling to 7b size,
our approach outperforms ChatR1, which indicates
the scaling law (Chung et al., 2022) should still be
helpful in such a scenario.

In addition, our approach also achieves better
results on LLLM-as-a-Judge scores, although with
less significance. The scores judged by LLM might
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Method TopiOCQA INSCIT

QReCC CORAL

N@e3 F1 EM N@3 Fl

LLM-Jud.

N@3 F1 LLM-Jud. N@3 F1 LLM-Jud.

Our Full Model 294 403 233 30.8 30.1

- IG Reward 267 37.8 208 235 176
- MIA Reward 28.1 395 212 295 243
- both 265 370 207 223 9.1

58.5 393 274 63.6 349 289 46.8
54.8 370 112 60.7 326 148 44.7
60.3 39.6 304 64.6 336 24.1 46.4
50.7 36.7 8.6 60.3 333 38 43.0

Replace by PPO 264 374 21.6 257 294

57.5 372 247 63.0 338  20.6 46.5

Table 3: Ablation studies in terms of various reward signals based on the 7b model across four datasets.

not always align with the F1 scores, which is still
an open question in evaluating long-form answers.

4.2.2 Search Results Performance

Table 2 presents the retrieval performance across
four benchmark datasets, comparing our approach
with strong agentic baselines. Overall, our model
consistently achieves the best NDCG @3 scores on
all datasets for both 3B and 7B model sizes, demon-
strating its effectiveness in identifying relevant in-
formation among conversational contexts. This is
attributed to the search optimization rewards for
generating rewritten queries with supervision sig-
nals via contextualized reasoning. Specifically, the
improvement compared to existing systems is more
notable on TopiOCQA and INSCIT datasets, where
the topic-switch and mixed-initiative phenomenon
make the conversational retrieval more challenging
but are optimized directly by our designed rewards.
These gains indicate that our conversational agent
implicitly identifies the contextual relevance bet-
ter via contextualized reasoning and emphasize the
necessity of optimization toward adaptive user be-
haviors and search quality.

4.2.3 Correlation between Search Quality and
Answer Generation Performance

The search results evaluated by traditional IR met-
rics (e.g., NDCG@3) might not always reflect the
effectiveness for answer generation. To this end,
we investigate the correlation between search qual-
ity and answer generation performance, where the
search quality is measured by the information gain
during the retrieval procedure in terms of approach-
ing the final answer as described in Section 3.2.2.
We depict the results in Figure 2. We observe
that even with higher information gain via search
results, the Search-R1 still cannot perform better
in answer generation than AgenticLM and our ap-
proach with optimized capacity to utilize the re-
trieved knowledge from external resources. In other
words, without specific optimization for leveraging

TOPIOCQA
45
CORAL
401°
c CORAL (CORAL
© 35
o
§ 30 ©ToPIOCQToPIOCQA
F=]
© INSCIT TopiOCQA
E25( INSCIT SCORAL oRIOCR
O
L
c QReCC
£20) o wsarr oINS o Search-R1
15 ©QRECC o Agentic LM
QReCC ¢ Oursw/o R
10 oQReCC & e & Ours w/. R

10 15 20 25 30 35 40 45
Fl-score

Figure 2: Correlation between search quality and answer
generation performance on two main competitors and
our variants of w/. or w/o information gain reward.

search results, the agent models would still tend to
answer the question using parametric knowledge.
In contrast, our method can better integrate exter-
nally retrieved information with original knowl-
edge via our designed information gain reward.

4.3 Ablation Studies

The results of ablation studies are shown in Table 3,
where we aim to investigate the effectiveness of
various reward signals during RL training. We find
that the full model integrating both Information
Gain (IG) reward and mixed-initiative action (MIA)
reward achieves the best overall performance. Such
results confirm these rewards as complementary
benefits for reasoning when using search results
for response generation in conversational scenarios,
and our conjecture that solely relying on the su-
pervision signal from ground-truth answers is not
enough. Besides, removing either reward leads to
clear performance degradation. The IG reward con-
tributes more than the MIA reward, while the MIA
reward might not always be effective in the datasets
(i.e., QReCC) that do not contain mixed-initiative
phenomena. In addition, excluding both rewards
results in a sharp decline across all datasets, and
replacing the RL optimization algorithm with stan-
dard PPO yields consistently lower results, which
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Model No Answer Acc. Clarify Acc. NDCG@3 Improve F1 Improve

ConvAgent wW/o Raction (Base-7b) 1.42 3.67 - -

ConvAgent wi. Raction & sep. label 11.51 83.19 39 5.8
ConvAgent w/. Raction & comb. label 6.99 78.35 0.2 0.8
Qwen-3-4b 24.86 80.21 -0.4 2.3
Qwen-3-8b 20.99 82.00 0.8 -0.2
Qwen-3-14b 16.57 83.70 4.2 4.6
Qwen-3-32b 2.21 81.50 4.8 44

Table 4: Accuracy of mixed-initiative action and the

effectiveness of clarifications on downstream tasks.

45 TopiOCQA - Avg. F1 Score INSCIT - Avg. F1 Score TopiOCQA - Avg. Token Length INSCIT - Avg. Token Length
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Figure 3: Impact of conversational context on the reasoning effectiveness and efficiency with different models.

demonstrate that the GRPO algorithm performs
much better and provides more stable training in
this scenario.

4.4 Investigation of Mixed-Initiative Actions

In this section, we investigate the performance of
mixed-initiative actions. We evaluate the accuracy
of taking the associated mixed-initiative actions,
whether to generate clarification (Clarify Acc.) or
refuse to answer when no answers are available,
at specific turns across different model capacities,
including variants of our models based on “Qwen-
2.5-7b” with various training strategies and the
latest agentic models with multiple sizes.

The results are shown in Table 4. We observe
that the non-agentic backbone model training with-
out mixed-initiative action reward R,cton Will al-
most not take mixed-initiative actions. After train-
ing with our designed reward, the accuracy of deter-
mined actions improved, as well as the F1 scores of
generated answers. Among them, the format of the
special labels in the input template affects the final
performance, where separating the labels into <clar-
ify>, <noanswer>, and <answer> with later parsing
(sep. label) can obtain better performance than
combining all mixed-initiative result content in a
single span (comb. label). Moreover, the agentic
models in the Qwen-3 series exhibit a clear scaling
effect: larger models achieve better performance
in both answer generation and clarification tasks,

although they tend to respond more aggressively,
even in the absence of ground-truth evidence. Nev-
ertheless, incorporating accurate mixed-initiative
actions leads to notable improvements in both re-
trieval performance (NDCG@3) and answer gen-
eration (F1) compared to models without mixed-
initiative optimization.

4.5 Impact of Conversational Context

In this analysis, we study the impact of the con-
text (multi-turn conversations) on the reasoning
capacity to leverage the historical context learned
by different models. We use their per-turn answer
generation performance and reasoning token length
for effectiveness and efficiency evaluation.

As shown in Figure 3, all models drop as the con-
versation goes on in TopiOCQA datasets, while our
model consistently performs slightly better than
the others. In the INSCIT dataset, the agentic
models (ours and Agentic LM) exhibit their ca-
pacity in leveraging abundant historical context
in mix-initiative scenarios compared to the non-
agentic one (Search-R1) and thus actually increase
in longer conversations. However, the agentic LM
cannot perform well in terms of efficiency com-
pared to Search-R1. With the intermediate rewards,
our agentic model achieves a better effectiveness-
efficiency trade-off, with better performance than
Search-R1 and one-third of the reasoning token
cost of Agentic LM.
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5 Conclusion

In this paper, we present a contextualized reason-
ing RL framework to improve multi-turn capac-
ity for conversational agents, which aims to ad-
dress the scenarios of user intent evolving across
turns and must be inferred from context. We inter-
leave search and reasoning across turns in conversa-
tions, enabling exploratory and adaptive behaviors
learned through decomposed rewards by guiding
the model to reason conversational context towards
the final answer, effectively capture user intent for
search optimization, and respond precisely to var-
ious types of queries. The experimental results
across four widely used conversational benchmarks
demonstrate the effectiveness of our methods by
surpassing several existing strong baselines.

Limitations

Despite our comprehensive studies, some potential
limitations can be addressed in the future:
Efficiency. While the RL training facilitates the
multi-turn capacity of the agentic conversational
search model via contextualized reasoning, the ad-
ditional computational cost is added for both the
training and inference phases. Thus, efficiency op-
timization is required.

Broader Experimental Configuration. Although
our approach could generalize to other backbone
models, we did not test on more types and sizes of
LLMs. Besides, we only leverage the fixed hyper-
parameters for reward modeling, where the explo-
ration within broader experimental configurations
could lead to better performance.

In addition, how to design better intermediate
reward to facilitate the utilization of search results
for better response generation quality is still an
open question for further exploration.
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Appendix
A Datasets Details

TopiOCQA QReCC CORAL INSCIT

#Conv. 205 2,775 200 469
#Turns(Qry) 2,514 16451 2,153 2,767
#Collection 25M  54M 02M  49M
#Avg. Qry 12.9 53 10.8 59
#Min Qry 5 2 8 2
#Max Qry 25 12 19 7
#Avg. Psg 9.0 1.6 2.4 1.6

Table 5: Statistics of the four used datasets.

The statistics of each dataset are presented in
Table 5. For the CORAL dataset, we only use the
most challenging subset (level-d) with the longest
conversations for the evaluation in our experimen-
tal scenario. Additionally, we utilize the INSCIT
dataset for evaluating mixed-initiative actions, as
it is the only dataset annotated with the associated
ground-truth information.

B Baseline Details

We provide a more detailed introduction to the fol-
lowing baselines used for comparison:

Supervised fine-tuning (SFT): A simplest train-
ing method with next-token prediction loss to gen-
erate the answer on the backbone language models.

ChatQA (Liu et al., 2024): A two-stage instruc-
tion fine-tuned model for conversational QA and
RAG, with synthetic data generation and human-
annotated high-quality data.

UniConv (Mo et al., 2025a): A unified frame-
work to improve the seamless consistency between
conversational retrieval and its augmented response
generation within a single LLM.

REFRAG (Lin et al., 2025): An optimized archi-
tecture to compress only a small subset of retrieved
documents that are directly related to the query for
effective and efficient RAG.

EvoRAG (Cheng et al., 2025b): A novel frame-
work that dynamically maintains an evolving
knowledge graph to model the logical relations
among user queries, system responses, and the rel-
evant passages across conversational turns.

Search-R1 (Jin et al., 2025): A new and effec-
tive paradigm for enhancing input quality of the
LLMs by integrating in-context reasoning with dy-
namic search tool invocation when needed.

ConvSearch-R1 (Zhu et al., 2025a): A conver-
sational query rewriting approach that eliminates
dependency on external rewrite supervision based
on the paradigm of Search-R1.

ChatR1 (Lupart et al., 2025a): An RL-based
reasoning model for Conversational QA, which
optimizes multi-turn retrieval and generation end-
to-end with dynamic behavior learning.

AgenticLM (Yang et al., 2025): Leveraging the
capacity of agentic LLMs to perform explicit rea-
soning in conversational scenarios.

C Instruction Template and AI Usage

The full instruction template to guide our agentic
conversational model based on different backbone
LLMs is provided in Table 6. Besides, we only use
Al assistants (e.g., ChatGPT and Claude) to test
in our experimental scenarios, without the use of
coding and writing.
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You are a helpful assistant. Answer the
question in multi-turn conversations. The
historical context is provided inside
<context> and </context>.

- You must conduct reasoning inside <think>
and </think>first every time you get new
information. After reasoning, if you find you
lack some knowledge, you should first rewrite
the context-dependent question into a
rewritten query by refering the historical
context.

- Then, you can call a search engine by
<search>rewritten query + your answer
</search>, and it will return the top
searched results between <information>and
</information>. You can search as many times
as you want.

- If you find no available answer could be
provided, you can say you cannot find any
information inside <answer>and </answer>,
without detailed illustrations. For example,
<answer>Sorry, I did not find any useful
information. </answer>.

- If you find the question is ambiguous to
answer or want to engage the conversation,
you can generate a clarification question
inside <clarify>and </clarify>, without
detailed illustrations. For example, <clarify>
There are commercial and homemade substitutes
available, which ones would you like to know
about? </clarify>.

- If you find no further external knowledge
needed, you can directly provide the answer
inside <answer>and </answer>, without
detailed illustrations. For example, <answer>
Beijing </answer>.

Context Begin: <context> {Historical Context}
</context>.
Question: {Current User Query}

Table 6: Instruction Template for the policy LLM.
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