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Background

« User often start the conversation with partial or vague information.
> “My laptop won't start. What's wrong?”
» Effective problem-solving requires identifying and acquiring
missing information.
« Goal-oriented dialogue systems must ask the right questions to

reach the answer efficiently.

« Poor questioning leads to long, unhelpful interactions. e




Motivation

Existing planning methods struggle with:
> Uncertainty - large space of possibilities

> Lack of adaptation to historical interaction patterns

Tree-based planning is powerful but expensive.
> Can we balance exploration-exploitation?

> Can we learn from prior interactions?
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Proposed Solution

MISQ-HF: Monte Carlo Tree Search for Information Seeking Questions
with Hierarchical Feedback

Combines
LLMs for generating candidate questions
« MCTS to efficiently plan under uncertainty

Similarity-based feedback to reuse questioning

strategies from past conversations .
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Method

Decision Tree Construction:
« LLM generates candidate questions to split the current possibilities.

« Node attributes: Question, Answer, Remaining possibilities,
Total reward, Cluster-based Bonus reward

MCTS Phases:

» Selection: Based on a modified UCT (Upper Confidence Bound for Trees).

Riota (v /In N,
UCTfeedback('Uak) = t]tvl( ) +C Tp +Bk(’U)

* Reward: Expected information gain (uncertainty reduction)

* Expansion: Generate new questions if needed.
e Simulation: Simulate random rollouts to estimate long-term reward.

« Backpropagation: Update rewards and visit counts of ancestor nodes.




Method

Hierarchical Feedback Mechanism

« After a successful conversation, update bonus rewards for nodes along the

successful questioning path.
Bk('U) I Bk('v) -+ B e Rtotal(v) . ’)/dv

« Bonus rewards are specific to clusters.

« Early-stage questions (high-level, broadly applicable) get higher bonus (reward
decays with depth).

Adaptation: System learns which questions work best for similar problems.




Experimental Setup

Domains: Medical Diagnosis, Troubleshooting, 20 Questions
Baselines
» Direct Prompting (DP): No planning

» Uncertainty of Thoughts (UoT): Exhaustive tree expansion. 1
« MISQ: Our method without feedback

Metrics
* Success Rate (SR)
« Mean Conversation Length in Successful Cases (MSC)
« Question Generation Calls (QGC): Number of LLM calls for planning

[1] Hu, et al. "Uncertainty of thoughts: Uncertainty-aware planning enhances information seeking in large language models." NeurlPS 2024
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My phone’s screen stays black
even though | hear notifications.

Q = {dead display, loose display connector,
system crash, drained battery, water damage}

Does it vibrate or react when @
you press the power button?

' Yes, it vibrates.

Q — {dead display, loose connector,
system crash}

Have you tried holding power + @
volume down to force a restart?

' Yes, it rebooted but still black.

Q = {dead display, loose connector,
system crash}

Any drops or repairs recently? @
' | replaced the screen last week.

Q — {loose connector}

Diagnosis: display connector @
likely not seated properly




Results

12% better Success Rate on average
~10x lesser LLM calls for planning

Domain: General 20-Questions Domain: Medical Diagnosis (MD) Troubleshooting (TS)
Method . v?a-re Common Thing Model Method Q-aware MD: DX MD: MedDG | TS: FloDial
SRt MSCJ QGCJ SRt MSC| QGCJ SRT MSC/ QGCJ SRt MSC| QGC| | SRt MSC| QGC|
Llama 3.3 70B Instruct UoT X 7211 154 036 | 7951 209 495 | 3464 684 4376
MISQ X 7500 217 005 | 8656 339 040 | 3529 9.09  3.99
UoT x [39.63 827 4.08 |19.00 9.78 4.48
MISQ w |a144 843 505 | 235 957 157 POR—— MISQ-HF X 80.76 194 021 | 8678 329 078 | 39.86 9.09  4.07
70B Instruct  DP ¥ 88.46  3.15 - 84.14  3.93 . 21.56  13.72 -
DP v 4594 1370 - 3250 1327 -
UoT v l6126 994 792 [3550 1143 3.40 UoT 7 7980 165 077 | 89.86 216  4.84 | 60.78 847  44.61
MISQ-HF ' 98.07 184  0.04 | 9339 335 054 | 67.97 9.81 3.97
Mixtral 8*7B Instruct
DP & 50.00 3.50 - 7643 391 - 1699 14.23 -
DP v 810 1433 - | 750 1346 - Mixtral UoT 7 7692 143 045 | 8370 219 570 | 3921 7.01 45.11
UoT v 2882 11.56 4.34 |12.50 13.52 591 8*7B Instruct MISQ 4 6346 263 008 | 7655 333  0.17 | 4771 1045  1.66
MISQ v [37.83 1138 239 [20.00 11.50 0.06 MISQ-HF ¢ 7692 240  0.06 | 8458 308 033 | 49.01 962  1.46
GPT-40 DP v 73.07  3.48 - 81.27 398 " 4379  14.86 -
DP v 163.06 14.72 < 4050 14.16 . GPT-40 UoT v 82.69 1.18 0.17 88.79 2.03 1.81 59.47 8.14 41.86
UoT v |7477 859 588 |47.00 9.13 275 MISQ s 8750 197 005 | 89.20 346 060 | 7450 10.15  4.10
MISQ v |8558 851 4.86 |5550 9.54 2.19 MISQ-HF v 9903 219  0.03 | 9030 342 041 | 7254 1036 294
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Results
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Figure 3: Improvement in Success Rate on MD and TS Domain in a Closed Set scenario, when
initializing the root node with the constrained set of possibilities 2. C 2.
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Conclusion

MISQ-HF .
- Enables adaptive, efficient information-seeking.
- Learns from historical successes using cluster-based feedback.
« Reduces computational cost without sacrificing accuracy.

Future Directions:
« Multi-dimensional Reward for better questions.

 Collect data for RLHF: train policies with positive and negative
interactions
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