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Abstract

Humans increasingly query Large Language Models (LLMs)
to accomplish personal tasks according to their individual
preferences. However, these preferences are often uncon-
sciously veiled during conversation. To address this, LLMs
have to elicit human preferences through multi-turn dialogue,
where tasks are accomplished via iterative clarifying ques-
tions and final response generated by LLMs as effective
questioners. Existing approaches based on self-taught reason-
ing have two limitations: 1) they struggle to avoid generat-
ing irrelevant questions and 2) the final responses to tasks
are misled by the conversations. To overcome these limi-
tations, we propose TO-GATE, a novel framework that en-
hances question generation through trajectory optimization.
TO-GATE comprises two key components: a clarification re-
solver, which generates optimal questioning trajectories to
produce effective elicitation questions, and a summarizer,
which ensures task-aligned final responses. Experimental re-
sults show that TO-GATE significantly outperforms baseline
methods, achieving a 9.32% improvement on standard pref-
erence elicitation benchmarks.

Code — https://github.com/DYL23456/to-gate
Extended version — https://arxiv.org/abs/2506.02827

1 Introduction
The remarkable success of Large Language Models (LLMs)
in various NLP tasks has given rise to a new paradigm of
human-agent interaction, where users pose questions or in-
structions to LLM-based agents, which then generate re-
sponses (Mann et al. 2020; Brown et al. 2020; Reynolds and
McDonell 2021; Madotto et al. 2021; Wang et al. 2023; Gi-
ray 2023; Mayer, Ludwig, and Brandt 2023; Barisin, Schla-
ditz, and Redenbach 2024; Liu et al. 2024; Yu et al. 2024;
Cheng et al. 2024; Xing et al. 2024; Zhang et al. 2025).
However, user queries can often be ambiguous due to im-
plicit preferences (Finn, Xu, and Levine 2018; Tamkin et al.
2023). For instance, if a user requests a pasta recipe without
specifying dietary restrictions (e.g., vegetarian), the agent
may fail to provide a suitable response (Andukuri et al.
2024). To address this challenge, recent work has focused
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Figure 1: (a) STaR-GATE adopts the supervised training; (b)
TO-GATE adopts contrastive learing with adoptive weights
for find responses. TO-GATE’s response is better than
STaR-GATE’s because TO-GATE recommends classic hard
sci-fi that matches Lucy’s preference for complex worlds
and scientific reasoning, while STaR-GATE suggests lighter
books that do not suit her interests.

on preference elicitation and alignment techniques, ensur-
ing that LLMs better adapt to complex human preferences
and values (Li et al. 2025).

To enhance the ability of LLM-based agents to ask use-
ful clarifying questions, STaR-GATE (Andukuri et al. 2024)
address Generative Active Task Elicitation (GATE; Li et al.
2025) with a self-improvement loop inspired by STaR (Ze-
likman et al. 2022). During interactions, the agent iteratively
refines its understanding by posing clarifying questions to
elicit user preferences, ultimately generating a final response
to the user original task via self-play, as illustrated in Fig-
ure 1(a). However, STaR-GATE is trained solely on con-
versations with the highest conditional probability of gold
responses, P (Gold Response | Conversations). This opti-
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mization strategy fails to penalize degenerate dialogue tra-
jectories, often resulting in ineffective question sequences
that yield suboptimal task resolutions.

Motivated by contrastive learning methods like Direct
Preference Optimization (DPO; Rafailov et al. 2023), we
propose TO-GATE that can clarify questions and summarize
final responses with trajectory optimization, aiming to im-
prove the ability of LLM-base agents to ask effective ques-
tions, which is shown in Figure 1(b). The trajectory opti-
mization consists of clarification resolver and summarizer.
The clarification resolver adopts DPO strategies to positively
reward effective conversations and penalize bad conversa-
tions, and summarizer adopts adaptive weights to enable
questioner to summarize better responses based on the his-
torical conversations.

We evaluate our approach on standard preference elic-
itation tasks from GATE (Li et al. 2025), where model
responses are concatenated and assessed by LLM judges.
However, Andukuri et al. (2024) identify significant posi-
tion bias in the evaluations. To address this, we propose a
deterministic evaluation protocol that averages scores across
all possible response orderings.

Experimental results demonstrate that TO-GATE signif-
icantly outperforms existing baselines, establishing new
state-of-the-art performance. Our analysis reveals that this
improvement stems from two key factors: effective question
generation for preference elicitation, and high-quality final
responses aligned with user intent.

The contributions of the paper are summarized:
• We present TO-GATE, a novel training framework that

jointly optimizes two critical capabilities: generating
contextually-appropriate clarifying questions to resolve
preference ambiguity, and producing accurate responses
for task completion, aiming to specifically targets effec-
tive human preference elicitation.

• We extend the directed preference optimization for dy-
namical dialogue generation optimization, aiming to dis-
tinguish the good and poor conversations.

• We introduce a deterministic evaluation metric that elim-
inates position bias, providing stable and reproducible as-
sessment scores.

• Experimental results demonstrate that our framework
achieves state-of-the-art performance on human prefer-
ence elicitation benchmarks, outperforming existing ap-
proaches.

2 Related Work
Generative Active Task Eliciting Generative Active Task
Elicitation leverages the interactive dialogue capabilities of
language models to dynamically elicit user preferences, of-
fering a novel paradigm for resolving task ambiguity (Alian-
nejadi et al. 2021; Piriyakulkij, Kuleshov, and Ellis 2023;
Fränken et al. 2023; Lin et al. 2024; Handa et al. 2024;
Loepp and Ziegler 2024; Kostric, Balog, and Radlinski
2024; Li et al. 2025; Park, Donahue, and Raghavan 2025;
Dennler, Nikolaidis, and Matarić 2025). The framework
of generative active task elicitation (GATE) positions lan-
guage models as active questioners, breaking away from the

traditional reliance on static prompts (Brown et al. 2020)
that explicitly ask users to declare their preferences. GATE
address the task ambiguity through multi-turns dialogue,
where the language models autonomously generate a se-
quence of questions designed to maximize informational
value. Similarly, Hong, Levine, and Dragan (2023) explore
the feasibility of transferring large model guidance capabil-
ities to lightweight models. They utilize GPT-3.5 to sim-
ulate human-machine interactions, incorporating constitu-
tional AI agents (Bai et al. 2022) to correct generated content
and providing a solution for resource-constrained environ-
ments.

Self-Taught Reasoner Self-taught reasoning enables lan-
guage models to autonomously enhance their reasoning
abilities by generating and utilizing intermediate questions
and answers. Self-Taught Reasoner (STaR; Zelikman et al.
2022) demonstrates significant performance improvements
in arithmetic and symbolic reasoning tasks, which constructs
a training loop where the model first generates synthetic rea-
soning traces (such as chain-of-thought) and then fine-tunes
on these self-generated data. Several variants of STaR have
been proposed to further improve the reasoning ability of
LLMs. V-STaR (Hosseini et al. 2024) shows that training a
verifier to guide reasoning generation also significantly im-
proves performance. Quiet-STaR (Zelikman et al. 2024) fo-
cuses on generating more concise and effective reasoning
paths, aiming to guide the model to output the minimal yet
crucial reasoning steps.

Direct Preference Optimization Direct Preference Opti-
mization (DPO; Rafailov et al. 2023) maximizes the like-
lihood of preferred responses in human preference data,
avoiding the explicit construction of a reward model and
the instable training of traditional reinforcement learning.
However, the standard DPO motivated by the contrastive
learning, primarily focuses on pairs of instances, which
limits its effectiveness in multi-turn dialogues. To address
this limitation, several DPO-based methods for multi-turn
alignment have been proposed. Extended Turn-level Opti-
mization (ETO; Song et al. 2024) extends the DPO loss
function to each turn in multi-turn dialogues, aiming to
achieve multi-turn alignment. However, this approach has
limitations in terms of alignment granularity and theoreti-
cal guarantees. Direct Multi-turn Preference Optimization
(DMPO; Shi et al. 2024) introduces a State-Action Occu-
pancy Measure (SAOM) constraint and applies length nor-
malization to the Bradley-Terry model, theoretically elimi-
nating the partition function Z. Segment-Level Direct Pref-
erence Optimization (SDPO; Kong et al. 2025) further re-
fines the alignment granularity by dynamically selecting key
segments within dialogues for optimization. In this work,
we combines self-learning reasoning techniques with the
model’s inherent reasoning capabilities to guide user pref-
erences in multi-turn dialogues.

3 Problem Definition
According to the previous works (Andukuri et al. 2024; Li
et al. 2025), we consider the problem of eliciting human
preference as learning an effective questioning policy for
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Figure 2: The framework of TO-GATE, which optimizes the clarification resolver by using contrastive learning to distinguish
between positive and negative conversations; at the same time, it enhances the summarizer’s performance by adjusting loss
weights to differentiate between questions and final responses. In the inference and evaluation phase, GPT-4 is employed to
judge the simulated dialogue responses generated by the base model M0 and the trained model Mn.

GATE. The set of tasks is defined as T , where each task
t ∈ T represents a specific generation task associated with
a specific persona from the user persona set U , where each
u ∈ U represents the personalized information about a user,
such as their goals, tone, preferences, and backgrounds.

GATE requires three specialized models:

• Oracle, O, that is allowed to access to both the task t and
the user persona u can generate a gold response og ∼
pO(o

g | t, u), serving as the target for the personalized
generation task.

• Roleplayer, R, that is allowed to access to both the task
and persona information, simulates user behaviors and
responds to the questions posed by the Questioner.

• Questioner, Q, that is the model we need to optimize, can
access the task t, but not the user persona u. Questioner
is trained to obtain the questioning policy π that is used
to ask effective questions for eliciting human preference.

Questioner engages in multi-turn dialogue with Roleplayer
to progressively infer latent user persona attributes through
iterative preference elicitation. This dynamic interaction en-
ables the generation of responses that are progressively per-
sonalized to the emergent user profile.

The optimized models utilize gold responses provided by
Oracle as supervision signals, while the complete conversa-
tional trajectory and true user persona u remain unobserved
by Questioner. Formally, we optimize the questioning strat-
egy to maximize the log-likelihood of generating conversa-
tions s that lead to Oracle’s gold response og:

J(Q,R, T ,U) =
∑
t∈T

∑
u∈U

Es [log pQB(o
g | s)], (1)

where s = [q1, a1, . . . , qk, ak] is a conversation between
Questioner and Roleplayer in k-turns conversation. At each
turn, Questioner generates questions based on the task and

the conversation history:

qk ∼ pQ(q | t, q1, a1, . . . , q(k−1), a(k−1)).

The Role-player generates answers based on the task, user
persona, and question:

ak ∼ pR(a | u, t, q1, a1, . . . , qk).1

In the problem definition, pO and pR are frozen because
Oracle and Role-player are assumed that they know every-
thing about the users, while pQ need to be optimized by ad-
justing the questioning policy π, which designs informative
multi-turn questions for eliciting useful information from
the user. Specifically, pQB refers to a frozen baseline model
used for evaluation. It measures the likelihood of generating
the gold response og given the conversation sequence s.

4 TO-GATE
We propose TO-GATE for eliciting human preference with
trajectory optimization. As shown in Figure 2, TO-GATE
starts by training an initial agent through supervised fine-
tuning, making it have basic elicitation ability.2 Questioner
interacts with Roleplayer to explore dialogue trajectories
in a trial-and-error fashion. Through iterative refinement, it
progressively improves the clarification resolver, thereby en-
hancing the model’s ability to elicit and capture user prefer-
ences effectively. Finally, the system summarizes the dia-
logue history to generate a personalized response tailored to
the original task and the specified persona.

4.1 Clarification Resolver
Clarification resolver adopts Direct Preference Optimization
(DPO; Rafailov et al. 2023) to optimize the policy model’s

1In s, the sequences of questions and answers are denoted as
q = [q1, q2, . . . , qk] and a = [a1, a2, . . . , ak], respetively.

2The initialization phrase is similar to STaR-GATE.
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preference for high-quality responses by leveraging human
preference data through contrastive learning.

DPO In traditional DPO, for each user input x, given a
preferred response yw (positives) and a less preferred re-
sponse yl (negatives), the DPO objective is defined as:

LDPO(πθ;πref) = −E(x,yw,yl)∼D log σ[
β log

πθ(yw | x)
πref(yw | x)

− β log
πθ(yl | x)
πref(yl | x)

]
, (2)

where πθ is the trainable policy model, πref is the reference
policy, β is a temperature parameter that controls the sensi-
tivity to preference differences, and σ is the sigmoid func-
tion. This objective essentially quantifies how much more
the policy πθ prefers the human-selected output yw over the
rejected output yl, relative to the reference model.

As such, DPO is essentially a contrastive loss function
that relies on static preference data and does not involve
interactive dynamic updates. This makes it difficult to ef-
fectively capture contextual dependencies in multi-turn dia-
logues and limits its ability to dynamically explore and dis-
cover better clarification strategies. To overcome these limi-
tations, we introduce a multi-turn trajectory exploration op-
timization strategy based on the DPO loss.

Trajectory Exploration Trajectory exploration follows
an iterative loop of exploration-collection-training, where
new positive and negative data are actively generated and
filtered to enrich the training set. The objective of this
exploration-based strategy follows the reinforcement learn-
ing paradigm and is formulated as:

max
πθ

Et∼D,q∼πθ(q|t)[r(t, q)]−

βDKL [πθ(q | t) ∥πref(q | t)] ,
(3)

where πθ and πref denotes the policy model (e.g., Ques-
tioner), and q represents a clarification-oriented multi-turn
questions associated with the task. The reward function
r(t, q) is designed to evaluate the quality of the multi-turn
questions with respect to both the original task and the clar-
ification context. The KL divergence term, weighted by the
parameter β, serves as a regularization mechanism that con-
strains the policy deviation from the reference model.

Optimization The positive-negative trajectory pair
(qw, ql) can be modeled using the Bradley-Terry
(BT; Bradley and Terry 1952) to obtain the probability
distribution of human preferences as follows:

p (qw ≻ ql | t) =
exp (r (t, qw))

exp (r (t, qw)) + exp (r (t, ql))
. (4)

Based on the optimal policy defined in Eq. (3), and following
further derivations (Rafailov et al. 2023) yield:

πr(q | t) =
1

Z(x)
πref(q | t) exp

(
1

β
r(t, q)

)
. (5)

Taking the logarithm on both sides of Eq. (5) yields the ex-
pression for the reward function as:

r(t, q) = β log
πr(q | t)
πref(q | t)

+ β logZ(t), (6)

where Z(t) is the partition function:

Z(t) =
∑

qπref(q | t) exp
(
1

β
r(t, q)

)
. (7)

Substitute Eq. (6), into Eq. (4) to get the BT model over
policy:

p (qw ≻ ql | t) =

σ

(
β log

πθ (qw | t)
πθ (ql | t)

− β log
πref (qw | t)
πref (ql | t)

)
,

(8)

where σ is the sigmoid function. Then the optimal policy πθ

of TO-GATE can be obtained by applying the DPO method
in Eq. (2).

Lc = −E(t,qw,ql)∼Dp[
log σ

(
β log

πθ(qw | t)
πθ(ql | t)

− β log
πref(qw | t)
πref(ql | t)

)]
,

(9)

where Dp denotes a dynamic preference dataset consisting
of task inputs and corresponding preferred and less preferred
clarifications and responses. We provide a detailed explana-
tion of its construction in Section 4.3.

4.2 Summarizer
The ultimate goal of eliciting human preference is to gen-
erate high-quality and personalized final responses. Ques-
tioner needs to raise questions and summarize the history to
give the final response as well. To better align the training
objective with this end task, we propose a summarizer that
differentiates training losses between the multi-turn clarifi-
cation dialogues and the final response.

We categorize the Questioner’s generations into two dis-
tinct types based on their functional role in preference elici-
tation:

• Clarifications are multi-turn questions collected via tra-
jectory exploration, q1, q2, ..q(k−1).

• Responses are generated based on clarifications by
prompting the model to produce final responses, i.e., qk,
which we denote as o for simplicity.

Accordingly, the DPO loss function for the final response
stage is defined as follows:

Lo = −E(t,ow,ol)∼Dp[
log σ

(
β log

πθ(ow | t)
πθ(ol | t)

− β log
πref(ow | t)
πref(ol | t)

)]
.

(10)

Lo measures the model’s ability to fit user preference signals
in the final responses. The preference pair (ow, ol) ∈ Dp,
whose detailed construction is explained in Section 4.3,
serves as training data for optimizing the Summarizer.

To differentiate the contribution of each part, we intro-
duce separate loss weights for the two stages. Specifically,
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Algorithm 1: The training of TO-GATE
Input: Initial policy π0 : M0, Task set T , Persona set U , Gold responses G = {og}, t ∈ T , u ∈ U .
Output: Final policy πn : Mn.

1 πθ ← π0

2 repeat
// Trajectory Optimization Phase

3 foreach t ∈ T , u ∈ U do
4 Generate conversation samples: {sc}10c=1 ← πθ(t, u);
5 Select best and worst conversations by base policy likelihood:

sw = argmaxsc log pπ0
(og|t, sc), sl = argminsc log pπ0

(og|t, sc) ;
6 Generate responses: ow = πθ(t, s

w), ol = πθ(t, s
l) ;

7 Extract clarifying questions: qw ← extract(sw, t), ql ← extract(sl, t) ;
// Training Phase

8 Optimize πθ via supervised fine-tuning: LSFT(πθ) = −E(t,qw,ow)∼D [log πθ ((qw, ow) | t)] .
9 Update reference policy: πref ← πθ.

10 Construct dynamic preference dataset: Dp = (t, qw, ql, ow, ol).
11 Optimize πθ according to Eq. (9) (10) and (11).
12 until max iterations;
13 πn ← πθ

14 return πn;

Figure 3: The dynamic preference dataset Dp is gener-
ated and updated through a continuous cycle of exploration-
collection-training, enabling expansion of the training data.

the DPO loss is computed as a weighted sum of the losses
over clarifications and responses:

L =
1

1 + λ
· Lc +

λ

1 + λ
· Lo, (11)

where Lc and Lo correspond to looses on clarifications and
responses, respectively. The hyperparameter λ is used to bal-
ance clarifications and responses.

4.3 Construction of Dp

To optimize the model’s ability to generate effective clar-
ifying questions and final responses. We introduce a dy-
namic preference dataset Dp = (t, qw, ql, ow, ol), which
built through iterative interactions between a Questioner
and Roleplayer, guided by a Clarification Resolver and
Summarizer. For each input t, the Questioner generates
preferred and less preferred clarifications (qw, ql) and re-
sponses (ow, ol), which serve as supervision signals. Un-
like a static dataset, Dp is constructed and continuously ex-
panded through an iterative loop of exploration, data collec-
tion, and training. Specifically, model Mn−1 generates the
training data Dp that is used to further train Mn−1 to obtain
Mn, which is shown in Figure 3.

4.4 Training
The optimization aims to increase the probability of success-
ful trajectories qw and responses ow and decrease the proba-
bility of failed trajectories ql and responses ol. The trajectory
exploration is designed to jointly improve both clarification
and summarizer capabilities of the model. The training pro-
cess of TO-GATE is shown in Algorithm 1.

4.5 Evaluation
Our objective is obtaining the well-trained Questioner that
can ask clarifying questions to elicit human preference, and
generate the correct responses to the tasks by summarizing
the historical conversations. The evaluation is required to
evaluate the clarifications and responses.

Clarification Metric To measure the clarification of the
trained model Q, We use the log-probability of gold re-
sponses og conditioning on the simulated dialogue history
s given by Q:

log pQB(o
g | s), (12)

where QB is a base language model without training. Higher
log-probability means that the simulated dialogues have
higher probability to generate the gold response, showing
that the well-trained Q can generate clarifying questions.

Response Metric We use win rate to evaluate response
quality by comparing the responses from the trained Q to
the responses from the base model QB. The responses of
the two models are concatenated and fed to GPT-4 for judg-
ments. Aiming to avoid the bias of the concatenation, we
propose the Dual-Pass evaluation metric. The responses of
the trained Q precedes the responses of the base model for
the first pass evaluation, and reversing them for the second
pass evaluation. Details can be found in Appendix C.
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5 Experiments
According to the previous work (Li et al. 2025), Experi-
ments are carried out on the tasks of eliciting human prefer-
ence to validate the effectiveness of the proposed methods.

5.1 Dataset
We use a subset of human queries from the open-source In-
struct Human-Assistant Prompt Dataset to construct the ini-
tial task set and obtain high-quality persona set from the
PRODIGY (Occhipinti, Tekiroglu, and Guerini 2023). We
enumerate pairs of task and user persona to generate corre-
sponding gold response og by applying GPT-4 as Oracle.3

5.2 Models
To evaluate the effectiveness of our proposed TO-GATE
training framework, we compare our model against the fol-
lowing representative baselines:

• STaR-GATE (Andukuri et al. 2024) The model fine-
tuned via supervised learning on positive trajectories
only.

• DPO The model trained using Direct Preference Opti-
mization without any prior supervised fine-tuning is con-
figured with the same settings as TO-GATE.

• TO-GATE Our model trained using the trajectory op-
timization.

According to the previous work (Andukuri et al. 2024), we
denote the corresponding model as Mn if they are trained in
n loop. All the models are trained in 4 loops and we choose
the best one as the final model.

5.3 Training and Evaluation Settings
We use Mixtral-7B-Instruct-v0.2 and Gemma-7B-IT to ini-
tialze Questioner, and Mixtral-8x7B-Instruct is used as
Roleplayer. In supervised fine-tuning, we set the batch size
to 4, employ a learning rate of 2.0 × 10−5, apply a 10%
warm-up ratio, and use a cosine learning rate scheduler. In
direct preference optimization, we set batch size to 4 and the
learning rate to 1.0× 10−6. The preference strength param-
eter β in the DPO loss is fixed at 0.1. The λ is set to 2. The
training are conducted on two NVIDIA A100 GPUs with
80GB. Aiming to evaluate the performances of the model on
eliciting human preference, we check the win rate by com-
paring all the models to M0 that is without any fine-tuning.

5.4 Results
Response Evaluation Table 1 shows results of responses
across models comparing to M0. The proposed TO-GATE
achieves the highest win rates across all comparative ex-
periments, demonstrating that the generated responses effec-
tively align with user personas by capturing human prefer-
ences. In contrast, traditional DPO models, which are trained
on both positive and negative examples, tend to under-
perform compared to supervised models like STaR-GATE,
which rely solely on positive examples. This performance

3Details can be found in Appendix B.

Questioner Model A-B B-A Average

Mistral-7B
STaR-GATE 82.00 65.67 73.83
DPO 73.66 49.00 61.33
TO-GATE 89.90 76.33 83.15

Gemma-7B
STaR-GATE 86.00 69.33 77.76
DPO 67.00 46.15 56.57
TO-GATE 86.00 77.00 81.50

Table 1: Results of Dual-Pass evaluations on responses
across models, where A-B and B-A means that the first and
second part of the Dual-Pass evaluation, respectively.

M0 M1 M2 M3 M4

0.4

0.6

0.8

1

epoch

sc
or

e

STaR-GATE (cla.) STaR-GATE (res.)
DPO (cla.) DPO (res.)
TO-GATE (cla.) TO-GATE (res.)

Figure 4: Results of clarification and responses across mod-
els in different epochs. Solid curves indicate clarification
scores, and dashed curves indicate response scores.

gap arises because DPO is more susceptible to noise intro-
duced by the automatically generated trajectories from the
Questioner and Roleplayer modules without dynamic train-
ing data. In response, TO-GATE model leverages supervised
training to initialize the Questioner, thereby minimizing the
impact of noisy trajectory generation and leading to superior
performance. The finding is aligned to the work (Andukuri
et al. 2024; Rafailov et al. 2023).

Clarification Evaluation The solid curves in Figure 4 il-
lustrate the clarification performance across different mod-
els. As training progresses, the log-probabilities of gold re-
sponses given the simulated dialogues increase consistently
(i.e., M0 < M1 < M2 < M3 > M4), indicating steady im-
provements in the models’ ability to generate effective clar-
ifying questions. TO-GATE significantly outperforms both
STaR and DPO across all iterations, demonstrating superior
clarification capabilities.4

Response Versus Clarification The dashed curves in Fig-
ure 4 shows the response performance across different mod-
els. When considered alongside the solid curves, it is evident
that more effective clarifying questions generally lead to im-

4Figures 4–5 and Tables 2–3 use Mixtral-7B-Instruct-v0.2 as
the Questioner and Mixtral-8x7B-Instruct as the Roleplayer.
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Figure 5: Distributions of instance-level clarification–response quality categories across different methods and model stages
(M1–M4), where each instance is classified into one of four groups: GG (good clarification, good response), BB (bad clarifica-
tion, bad response), GB (good clarification, bad response), and BG (bad clarification, good response).

Method A-B B-A Average

TO-GATE 89.97 76.33 83.15
w/o clarification resolver 84.66 70.33 77.50
w/o summarizer 87.67 74.33 81.00

Table 2: Results of TO-GATE ablations.

proved responses. However, after two training epochs (i.e.,
M2), a notable divergence emerges between the trends for
clarifications and responses. This discrepancy suggests that
while the ability to generate effective clarifying questions
continues to improve, it does not always result in a consis-
tent, monotonic enhancement in the quality of responses.
Despite this, our model still benefits from improved clari-
fications, as we explicitly separate the processes of clarifi-
cation and response generation by introducing a dedicated
response loss, as detailed in Section 4.2.

5.5 Analysis
Ablations We conducted an ablation study on TO-GATE,
removing the clarification resolver and summarizer to assess
their individual impact. As shown in Table 2, the perfor-
mance of TO-GATE drops significantly without these com-
ponents. Specifically, the model without a clarification re-
solver experiences an 5.65% reduction in win rate, while the
model without a summarizer loses 2.15% in win rate. These
results highlight the critical roles of both modules in TO-
GATE, enabling it to effectively elicit human preferences
through clarifying questions and provide accurate responses
to specific tasks. In particular, the clarification resolver has a
more substantial impact on overall performance, suggesting
that the quality of question-asking trajectories plays a more
significant role in the model’s success.

λ in Response Loss We investigate λ used to balance clar-
ification and responses losses in Eq. (11). As shown in Ta-
ble 3, the model with λ = 2 achieves the best performance
compared to other settings, by obtaining 78.66% win rate in
response evaluation. As λ increases, the model overempha-
sizes the responses and weakens the effect of clarifications,

λ A-B B-A Average
1 71.08 84.35 77.72
2 74.28 83.04 78.66
3 73.28 81.16 77.20
6 73.68 77.54 75.61

Table 3: Results of responses given by M1 of TO-GATE
with different λ values.

resulting in decreased discriminative ability and personaliza-
tion performance. We conclude that the clarifying questions
can elicit human preferences while enabling the questioner
to summarize the response to the task is necessary.

Reasoning from Clarifications to Responses We ran-
domly sample 300 test instances and group them into 4 cat-
egories based on the quality of clarifications and responses
to investigate their connections. As shown in Figure 5, good
clarifications lead to good responses in most cases. Com-
paring to STaR-GATE and DPO, TO-GATE can generate
more good clarifications that indeed lead to good responses
(GG). However, although good clarifications are generated
by STaR-GATE and DPO, the responses to tasks the corre-
sponding are bad (GB). Interestingly, the bad clarifications
sometimes can lead to good responses (BG). This kind of
cases are less in TO-GATE compared to other two mod-
els, demonstrating that TO-GATE well capture the reasoning
from clarification to responses.

6 Conclusion
To effectively elicit human preferences, we propose a novel
training framework of TO-GATE with trajectory optimiza-
tion, which consists of a clarification resolver that employs
contrastive learning to penalize ineffective questions, and a
summarizer that balances the quality of questions and re-
sponses. Additionally, we introduce the use of deterministic
metrics to independently evaluate the model’s performance
on both clarifications and responses. Experimental results
demonstrate that our model achieves state-of-the-art perfor-
mance on standard human preference elicitation tasks.
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