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Abstract001

Proactive task-oriented dialogue is essential002
for reliable real-world assistants, yet current003
LLM-based systems are largely reactive and004
struggle to recover from failed retrieval, am-005
biguous constraints, and cross-domain depen-006
dencies. This paper targets the core gap of en-007
abling effective lookahead decision-making for008
proactive TOD under limited high-quality su-009
pervision and high-variance language rollouts.010
We propose SMCTS-TOD , which combines011
act-level open-loop planning with a fast learned012
success estimator to make lookahead practi-013
cal: the planner searches over dialogue-act se-014
quences while the Value-LLM provides low-015
latency, low-variance guidance and supports016
iterative refinement via self-distillation. Across017
MultiWOZ 2.0 and SGD, SMCTS-TOD im-018
proves interactive goal completion and robust-019
ness, achieving higher success-oriented metrics020
than strong prompting baselines. Human stud-021
ies further indicate better dialogue-level useful-022
ness and fewer unreasonable strategy choices.023
These results suggest that abstract planning024
paired with fast learned evaluation is a viable025
and verifiable path to more proactive and robust026
LLM-based TOD agents.027

1 Introduction028

Task-oriented dialogue (TOD) systems aim to help029

users accomplish concrete goals such as searching030

for flights or booking hotels (Young et al., 2013;031

Wen et al., 2017). Classic TOD systems are often032

built as modular pipelines (NLU, dialogue state033

tracking, policy, NLG), while end-to-end systems034

unify these components into a single model (Hen-035

derson et al., 2014; Hosseini-Asl et al., 2020a;036

Yang et al., 2021a). Recent large language models037

(LLMs) have improved instruction following and038

robustness, enabling zero-/few-shot TOD agents039

(Achiam et al., 2023). Despite these advances, most040

LLM-based TOD systems remain reactive: they re-041

spond to the current user request, use single-turn042

retrieval, and generate a response without explicit 043

planning. In realistic settings, reactive behavior 044

often fails to (i) recover from empty or low-quality 045

retrieval results, (ii) proactively offer alternatives or 046

related useful information, and (iii) plan multi-turn 047

strategies across domains with dependencies. 048
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Figure 1: Overview of SMCTS-TOD for proactive
TOD. Top: Reactive LLM agents rely on single-turn
retrieval and often fail under empty/low-quality results.
Middle: SMCTS-TOD performs value-guided open-
loop MCTS in an act-level search space, combining a
Base-LLM prior with a lightweight Value-LLM success
estimator to guide selection. Bottom: The resulting
policy leads to higher goal completion.

Proactive TOD requires anticipating the future: 049

when the current query yields no matching entities, 050

the system should strategically relax constraints, 051

propose alternatives, verify ambiguous slots, or 052

offer cross-domain suggestions (e.g., hotel options 053
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consistent with a train itinerary). This demands054

lookahead under uncertainty and explicit strategy055

control—capabilities that are not guaranteed by056

next-token generation alone (Wang et al., 2023).057

Forward search methods such as Monte Carlo058

Tree Search (MCTS) have succeeded in sequen-059

tial decision-making (Browne et al., 2012; Silver060

et al., 2017). However, applying MCTS to dialogue061

is non-trivial: storing simulated natural-language062

utterances inside the search tree yields high vari-063

ance and compounding errors—one unrealistic sim-064

ulated utterance can poison an entire subtree. More-065

over, prompt-based rollout evaluation is expensive066

and noisy, making deep search impractical.067

We propose SMCTS-TOD , a value-guided068

open-loop MCTS planner for proactive TOD069

(Fig. 1). Open-loop MCTS searches over dia-070

logue act sequences rather than concrete utterance071

states, reducing sensitivity to stochastic realiza-072

tions. To make search efficient and reliable, we073

train a lightweight supervised Value-LLM that esti-074

mates the probability of eventual goal achievement,075

enabling low-latency node evaluation and in-tree076

best-of-K rejection sampling.077

Our contributions include: (i) We show that plan-078

ning in an act-level open-loop space, paired with a079

learned success estimator, can mitigate rollout vari-080

ance from natural language and make lookahead081

practical for LLM-based TOD. (ii) Our SMCTS-082

TOD systematically improves initiative-taking be-083

haviors and remains effective when user feedback084

is limited, as evidenced by substantially smaller085

degradation under a less-cooperative simulator and086

lower human strategy edit rates. (iii) Across Multi-087

WOZ 2.0 and SGD, SMCTS-TOD achieves strong088

improvements in task success and interaction-089

level metrics, while also improving human-judged090

dialogue-level quality.091

2 Related Work092

2.1 Task-Oriented Dialogue Systems093

Task-oriented dialogue (TOD) has traditionally094

been framed as sequential decision-making under095

uncertainty. Classic systems adopt a pipeline archi-096

tecture with separate modules for natural language097

understanding, dialogue state tracking (DST), pol-098

icy learning, and natural language generation, often099

formalized as POMDPs (Young et al., 2013; Hen-100

derson et al., 2013). While modularity eases debug-101

ging and component upgrades, pipelines can suffer102

from error propagation and limited robustness to103

domain shift. 104

End-to-end TOD models reduce hand- 105

engineering by jointly learning multiple com- 106

ponents in a single neural model, improving 107

optimization and response quality (Wen et al., 108

2017; Hosseini-Asl et al., 2020b; Yang et al., 109

2021b). Recent work further integrates explicit 110

belief states, external knowledge, or schema 111

information to scale across domains (Rastogi et al., 112

2020; He et al., 2022; Sun et al., 2023). With the 113

rise of instruction-tuned LLMs, LLM-based TOD 114

agents have become increasingly competitive in 115

low-resource and zero-shot settings by leveraging 116

world knowledge, tool use, and flexible prompting 117

(Zhang et al., 2023; Xu et al., 2024; Dong et al., 118

2025). However, many LLM-based TOD systems 119

remain reactive: they produce the next response 120

conditioned on the current context and limited tool 121

calls, without explicit lookahead planning over 122

multi-turn strategies. 123

2.2 Proactive Dialogue and Evaluation 124

Proactive dialogue systems take initiative to im- 125

prove long-horizon utility beyond answering the 126

current utterance (Deng et al., 2023, 2025). In 127

task/information-seeking settings, proactivity is of- 128

ten instantiated as clarification and preference elic- 129

itation, which reduce ambiguity and shrink the 130

feasible space (Aliannejadi et al., 2019; Radlinski 131

et al., 2019). However, standard TOD metrics (e.g., 132

Inform/Success on MultiWOZ) mainly measure 133

goal correctness and can under-reward exploratory 134

proactive behaviors (Budzianowski et al., 2018). 135

Interactive evaluation with user simulators is thus 136

common, but LLM simulators may be overly coop- 137

erative, inflating success (Sekulić et al., 2024; Dong 138

et al., 2025). We address this by using two simula- 139

tor personas (cooperative vs. less-cooperative) and 140

a strategy-level human metric (Strategy Edit Rate). 141

2.3 Dialogue Policy Learning and 142

Search-Based Planning 143

Dialogue policies have been learned via super- 144

vised action imitation and RL with value functions 145

(Young et al., 2013; Su et al., 2017), and via model- 146

based planning to alleviate sparse rewards (e.g., 147

Deep Dyna-Q/D3Q) (Peng et al., 2018). Decision- 148

time lookahead further refines action selection us- 149

ing tree search (MCTS) (Browne et al., 2012). In 150

the LLM era, prompt-based MCTS uses LLMs as 151

priors and rollout judges (Yu et al., 2023). Com- 152

pared to prompt-only search, SMCTS-TOD in- 153
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Figure 2: SMCTS-TOD pipeline. Seeds warm-start the Value-LLM Vϕ. At each turn, the frozen base LLM Mθ

provides act priors and rollout utterances, while Vϕ supplies fast success estimates. The open-loop MCTS searches
over act sequences, maintains a top-B history cache per node with best-of-K filtering and PUCT backup, outputs
(a∗, u∗) for execution (no re-generation), and distills MCTS traces back to update Vϕ.

troduces a supervised Value-LLM for fast low-154

variance evaluation, integrates best-of-K filtering155

with a bounded rollout cache, and closes the loop156

with self-distillation.157

3 Method: SMCTS-TOD158

3.1 Overview159

We view proactive TOD as history-based sequential160

decision-making. At each turn, the system chooses161

an act at+1 ∈ A conditioned on the history ht162

(and tool outputs ot), with the goal of maximizing163

expected discounted return:164

π∗(ht) = argmax
a∈A

E

∑
k≥0

γkrt+1+k

∣∣∣∣∣∣ ht, at+1 = a

 ,
(1)

165

where rt is a sparse task-progress reward and γ ∈166

[0, 1).167

SMCTS-TOD upgrades a reactive LLM-based168

TOD agent into a proactive planner by performing169

value-guided open-loop MCTS over dialogue acts.170

At each turn, a base LLMMθ provides (i) a stochas-171

tic act prior and (ii) utterance-level rollout realiza-172

tions; a supervised Value-LLM Vϕ supplies fast,173

low-variance estimates of eventual goal achieve-174

ment; an open-loop MCTS planner combines these175

signals to search over future act sequences while176

maintaining a bounded cache of multiple plausible177

utterance trajectories per node. Crucially, SMCTS-178

TOD includes an iterative self-distillation flywheel:179

MCTS traces serve as improved supervision to con-180

tinually refine Vϕ, enabling stronger planning under181

limited high-quality demonstrations.182

A dialogue history at turn t is 183

ht ≜
{
(a1, u

sys
1 , uusr

1 ), . . . , (at, u
sys
t , uusr

t )
}
, (2) 184

where at ∈ A is a system dialogue act from a finite 185

act set A, and usys
t , uusr

t are system/user utterances. 186

We denote tool outputs (DB results, retrieval can- 187

didates, API responses) by ot. We write history 188

concatenation as h⊕ (·). Our goal at each turn is to 189

choose an act a (and a surface response) that maxi- 190

mizes eventual success probability. Fig. 2 provides 191

an end-to-end overview of SMCTS-TOD . 192

3.2 Open-Loop Search State over 193

Dialogue-Act Sequences 194

Closed-loop dialogue planning stores simulated ut- 195

terances in tree nodes. Since utterances are stochas- 196

tic and diverse, an implausible simulated response 197

can distort downstream rollouts and induce com- 198

pounding errors. SMCTS-TOD instead uses open- 199

loop planning over act sequences, allowing the tree 200

to accumulate statistics over strategies rather than 201

fragile surface forms. 202

An open-loop tree node is represented by an act 203

sequence 204

stri ≜ (a1, . . . , ai), aj ∈ A. (3) 205

Here stri is the tree state. The utterance-level instan- 206

tiation is handled separately via a bounded cache 207

attached to each node: 208

H(stri ) ≜ {h(1)i , . . . , h
(B)
i }, B ∈ N, (4) 209

where each h(b)i is a concrete dialogue history con- 210

sistent with executing stri from the root context. B 211

is the cache budget (top-B histories retained per 212

node). 213
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3.3 Base LLM Prior and Rollout Generation214

Search needs (i) a prior over promising next acts to215

guide exploration and (ii) a stochastic world model216

to generate plausible rollouts. LLMs naturally pro-217

vide both by conditional generation.218

Given a history h (and tool outputs o), the base219

LLM Mθ proposes next acts. We approximate its220

act prior by Monte Carlo sampling:221

â(j) ∼Mθ(· | h, o), j = 1, . . . ,m,222

Pθ(a | h) ≜
1

m

m∑
j=1

1
[
â(j) = a

]
. (5)223

where m is the number of samples and 1[·] is the224

indicator function.225

Conditioned on a chosen act a, the same model226

generates a candidate system utterance:227

ûsys ∼Mθ(· | h, a, o). (6)228

In rollout simulation, a user model produces229

ûusr ∼ Uψ(· | h⊕ (a, ûsys), o), (7)230

and the updated history becomes231

h′ = h⊕ (a, ûsys, ûusr). (8)232

where Uψ can be instantiated by an LLM-based233

simulator; the planner treats it as a black-box tran-234

sition sampler.235

3.4 Supervised Value-LLM for Fast Success236

Estimation237

Prompt-based judging of multi-turn rollouts is ex-238

pensive and high-variance. SMCTS-TOD trains239

a lightweight Value-LLM to provide fast, low-240

variance success estimates that guide PUCT (Rosin,241

2011) selection and enable best-of-K filtering.242

We train Vϕ to predict an action-conditioned suc-243

cess probability:244

Vϕ(h, a) ∈ [0, 1],245

Vϕ(h, a) ≈ Pr(Success | h, take a). (9)246

where h is the current history, a is a candidate next247

act, and “Success” denotes final goal completion.248

To evaluate a leaf history h, we define an evalua-249

tion policy derived from value scores:250

πeval(a | h) ≜
exp(Vϕ(h, a)/τeval)∑
b∈A exp(Vϕ(h, b)/τeval)

, (10)251

and the corresponding state value 252

V̄ϕ(h) ≜
∑
a∈A

πeval(a | h)Vϕ(h, a). (11) 253

where τeval > 0 controls how close πeval is to 254

an argmax; V̄ϕ(h) avoids optimistic bias from 255

maxa Vϕ(h, a) and remains low-variance. 256

Training targets under sparse rewards. For a 257

training dialogue ending at turn T with final label 258

y ∈ {0, 1}, we assign each intermediate turn t a 259

discounted target ỹt ≜ γ(T−t)y, γ ∈ [0, 1), and 260

train via binary cross-entropy: 261

Lvalue = −
∑
t

[
ỹt log Vϕ(ht, at) 262

+ (1− ỹt) log
(
1− Vϕ(ht, at)

)]
.

(12)

263

where (ht, at) is an observed (history, next-act) 264

pair from data; Vϕ(ht, at) is the predicted success 265

probability. 266

Value-induced act prior. We convert action val- 267

ues into a soft prior: 268

Pϕ(a | h) ≜
exp(Vϕ(h, a)/τv)∑
b∈A exp(Vϕ(h, b)/τv)

, τv > 0.

(13)

269

where τv controls sharpness; smaller τv yields a 270

more peaked value prior. 271

3.5 Value-Guided Open-Loop MCTS 272

We combine (i) Pθ (broad, general LLM prior) and 273

(ii) Vϕ (fast, task-aligned evaluation) to plan under 274

uncertainty. PUCT integrates priors into MCTS 275

and provides principled exploration–exploitation 276

trade-offs. For each open-loop node str and action 277

a, we maintainN(str, a) ∈ N, W (str, a) ∈ R, and 278

Q(str, a) ≜ W (str, a)/max{1, N(str, a)}. Here, 279

N is the visit count, W is the accumulated backup 280

value, and Q is the mean value. 281

At a simulation history h corresponding to node 282

str, we define 283

P (a | h) ≜ λPθ(a | h) + (1− λ)Pϕ(a | h) (14) 284

where λ ∈ [0, 1] trades off the base LLM prior (5) 285

and the value prior (13). 286
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Selection (PUCT). We select the next act by max-287

imizing288

a⋆ = argmax
a∈A

[
Q(str, a) + cp πPUCT(a)

]
, (15)289

where πPUCT(a) = P (a | h)
√∑

bN(str,b)

1+N(str,a) , cp >290

0 is the exploration constant, P (a | h) is the action291

prior, and N(str, a) is the visit count.292

Expansion. Upon reaching an unexpanded node,293

we propose a candidate act set Acand ⊆ A from294

Mθ and initialize N(str, a) ← 0,W (str, a) ←295

0, Q(str, a) ← Q0, ∀a ∈ Acand, where Q0 is a296

constant initialization (e.g., neutral or mildly opti-297

mistic).298

Evaluation and backup. Given the leaf realiza-299

tion history hleaf, we evaluate v ≜ V̄ϕ(hleaf) ∈300

[0, 1] and backpropagate along the selected path P :301

N(str, a)← N(str, a) + 1,302

W (str, a)←W (str, a) + v,303

Q(str, a)← W (str, a)

N(str, a)
. (16)304

Root policy and act choice. After S simulations,305

the visit counts induce a posterior policy306

πMCTS(a | ht) ≜
N(str0 , a)

1/τ∑
b∈AN(str0 , b)

1/τ
, τ > 0,

(17)

307

and we select the next act as308

a∗ ≜ argmax
a∈A

N(str0 , a). (18)309

where τ is a temperature; smaller τ yields greedier310

policies.311

3.6 Rollout Cache, Best-of-K Filtering, and312

Response Selection313

Open-loop nodes don’t store utterance states, yet314

MCTS simulation still requires concrete dialogue315

histories to (i) query the base LLM for candidate316

realizations and (ii) evaluate success likelihood.317

Every time the search visits a node str, it samples318

a history h from the node cache H(str), and then319

extends it by a best-of-K filtered rollout step.320

Cache sampling. Each node str maintains a321

bounded cacheH(str). We sample a concrete his-322

tory from this cache using a value-weighted distri- 323

bution: 324

pH(h | str) ≜
exp

(
V̄ϕ(h)/τH

)∑
h′∈H(str) exp

(
V̄ϕ(h′)/τH

) ,
(19)

325

h ∼ pH(· | str). (20) 326

where V̄ϕ(h) ∈ [0, 1] is the state value from (11), 327

and τH > 0 controls how strongly sampling prefers 328

higher-value realizations (smaller τH is greedier). 329

The root cache is initialized as H(str0 ) = {ht}. 330

Whenever a child node str ⊕ a is created/visited, 331

we immediately insert at least one realization into 332

H(str ⊕ a) via the best-of-K step below, ensuring 333

(20) is always well-defined. 334

Best-of-K filtered rollout step. Given a sampled 335

history h at node str and a selected act a ∈ A, we 336

generate K candidate system utterances 337

û
sys
k ∼Mθ(· | h, a, o), k = 1, . . . ,K, (21) 338

simulate the user response for each candidate 339

ûusr
k ∼ Uψ

(
· | h⊕ (a, û

sys
k ), o

)
, (22) 340

and obtain K next-history candidates 341

h+k ≜ h⊕
(
a, û

sys
k , ûusr

k

)
. (23) 342

We then select the locally best continuation by max- 343

imizing the downstream state value: 344

k⋆ ≜ arg max
k∈{1,...,K}

V̄ϕ(h
+
k ), (24) 345

h+ ≜ h+k⋆ . (25) 346

Best-of-K filtering is directly aligned with maxi- 347

mizing eventual success probability. 348

Cache write-back (top-B by value). Let the 349

child node be str+ ≜ str ⊕ a. We insert the se- 350

lected realization h+ and retain only the best B 351

elements under V̄ϕ: 352

H(str+)← TopB
(
H(str+) ∪ {h+}, B; V̄ϕ

)
,

(26)

353

where TopB(S, B; f) returns the subset of S of 354

size B with the highest scores under f(·). This 355

keeps memory bounded and concentrates future 356

sampling on high-quality realizations. 357
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Algorithm 1 SMCTS-TOD : value-guided open-
loop MCTS planning for one turn

Require: history ht, tool outputs ot, act set A;
base LLM Mθ, user model Uψ, Value-LLM
Vϕ; simulations S, cache budget B, best-of-K
size K; hyperparameters cp, λ, τv, τeval, τH, τ .

1: str0 ← ();H(str0 )← {ht}; initialize tree stats
2: for s = 1 to S do
3: str ← str0 ; P ← [ ] ▷ selected edges
4: while str expanded and not terminal do
5: sample h ∼ pH(· | str) via (19)–(20)
6: compute Pθ(·|h), Pϕ(·|h) by (5),(13)
7: P (·|h)← λPθ(·|h) + (1− λ)Pϕ(·|h)
8: select a using (15), sample ûsys

k by (21),
simulate ûusr

k by (22)
9: form h+k by (23), choose h+ by (25)

10: str+ ← str ⊕ a; write-backH(str+)
11: append (str, a) to P; str ← str+

12: end while
13: if str not expanded then
14: propose Acand from Mθ; initialize stats
15: end if
16: evaluate v ← V̄ϕ(h) using (10)–(11)
17: for all (stri , ai+1) ∈ P do
18: update (N,W,Q) via (16)
19: end for
20: end for
21: compute πMCTS(·|ht) via (17); choose a∗ ←

argmaxaN(str0 , a)
22: choose h⋆ via (27)
23: return (a∗, usys stored in h⋆)

Response selection at execution (no re-358

generation). After search selects the root act359

a∗ = argmaxaN(str0 , a) (§3.5), we choose360

the highest-value cached realization at the361

corresponding child node:362

h⋆ ≜ arg max
h∈H(str0 ⊕a∗)

V̄ϕ(h), (27)363

and execute the system utterance stored in h⋆ as the364

next response. This makes execution deterministic365

given the search outcome and avoids an additional366

decoding call to Mθ.367

Algorithm 1 summarizes the full inference-time368

planning procedure described in § 3.5 and §3.6.369

3.7 Iterative Self-Distillation Flywheel370

With limited high-quality seeds, Vϕ can be miscal-371

ibrated on rare trajectories that MCTS discovers372

during proactive exploration. SMCTS-TOD there-373

fore uses MCTS to generate improved targets and 374

distills them back into Vϕ, expanding supervision 375

beyond the seed set and progressively improving 376

planning quality. 377

For each planning trace, we collect tu- 378

ples (h, a,QMCTS(h, a)), where QMCTS(h, a) ≜ 379

Q
(
str(h), a

)
, and str(h) denotes the open-loop 380

node corresponding to history h in the trace. Here 381

Q(·, ·) is the backed-up mean value. We update Vϕ 382

by regressing predictions to MCTS targets: 383

Ldistill = E(h,a)∼DMCTS

[(
Vϕ(h, a)−QMCTS(h, a)

)2]
.

(28)

384

where DMCTS is the dataset of traces collected dur- 385

ing planning. 386

We combine seed supervision and distillation: 387

Ltotal = Lvalue + β Ldistill, β ≥ 0, (29) 388

where β controls the distillation strength and Lvalue 389

is defined in (12). The training process of SMCTS- 390

TOD is shown in Alg.2 in §A.7. 391

4 Experiments 392

4.1 Experimental Setup 393

Protocols. We evaluate SMCTS-TOD under 394

two complementary protocols: (i) end-to-end gen- 395

eration, where the model generates the next sys- 396

tem utterance from the dialogue history ht (and 397

tool outputs ot when applicable), and (ii) interac- 398

tive evaluation, where the system converses with 399

an LLM-based user simulator until success or a 400

turn limit, probing proactive recovery (verification, 401

alternative offers, cross-domain planning). To re- 402

duce the known optimism of overly cooperative 403

simulators, we instantiate two personas (coopera- 404

tive vs. less-cooperative) and report results under 405

both (details in §A.5 and §A.1). 406

Datasets. We conduct experiments on Mul- 407

tiWOZ 2.0 (Budzianowski et al., 2018) and 408

SGD (Rastogi et al., 2020). We compare 409

against (a) fully supervised TOD systems (Sim- 410

pleTOD (Hosseini-Asl et al., 2020b), UBAR (Yang 411

et al., 2021b), GALAXY (He et al., 2022), 412

Mars (Sun et al., 2023), TOATOD (Bang et al., 413

2023)) and (b) prompting-based LLM TOD sys- 414

tems (SGP-TOD (Zhang et al., 2023), Auto- 415

TOD (Xu et al., 2024), PROTOD (Dong et al., 416

2025)). Full baseline configurations are in §A.3. 417
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Type Model Inform↑ Success↑ BLEU↑ Comb↑ CBE↑ #Uni↑ #Tri↑

Supervised

SimpleTOD (Hosseini-Asl et al., 2020b) 84.4 70.1 15.0 92.3 – – –
UBAR (Yang et al., 2021b) 83.4 70.3 17.6 94.5 2.10 478 5238
GALAXY (He et al., 2022) 85.4 75.7 19.6 100.2 1.75 295 2275
Mars (Sun et al., 2023) 88.9 78.0 19.9 103.4 1.65 288 2264
TOATOD (Bang et al., 2023) 90.0 79.8 17.04 101.94 – – –

Prompting
SGP-TOD (Zhang et al., 2023) 83.9 69.9 9.1 86.0 – – –
AutoTOD (Xu et al., 2024) 87.2 82.8 9.3 94.3 2.62 1722 10188
PROTOD (Dong et al., 2025) 91.7 83.3 8.9 96.4 3.26 1951 14345

Ours SMCTS-TOD 94.0 85.2 20.1 109.7 3.24 2104 15214

Table 1: MultiWOZ 2.0 end-to-end evaluation (history-only input). ↑ indicates higher is better. We highlight the
top-1/top-2/top-3 with dark-to-light shading.

Metrics. We follow standard MultiWOZ eval-418

uation (Inform, Success, BLEU, Combined) and419

additionally report diversity statistics (#Uni, #Tri,420

CBE). Interactive evaluation reports Inform, Suc-421

cess, Book, and a simulator combined score. We422

further run human evaluation on 100 MultiWOZ423

test dialogues with 3 annotators (turn-level and424

dialogue-level ratings) and a Strategy Edit Rate to425

quantify strategy reliability. Definitions and rubrics426

are in §A.4 and §A.6. Implementation details are427

deferred to §A.7.428

4.2 Results on MultiWOZ 2.0429

End-to-end generation. Table 1 reports standard430

end-to-end results on MultiWOZ 2.0. SMCTS-431

TOD achieves the best Inform and Success432

among all compared methods, indicating strong433

entity grounding and goal satisfaction. Compared434

to prompting-based LLM baselines, SMCTS-435

TOD also yields substantially higher BLEU, re-436

flecting improved alignment with in-domain real-437

izations enabled by our supervised components and438

search-time response selection.439

Interaction evaluation with two user simula-440

tors. Table 2 reports goal completion under441

proactive vs non-proactive simulators. LLM-based442

TOD agents substantially outperform fully super-443

vised TOD systems in interactive success, suggest-444

ing that classic supervised TOD models may be445

less robust when deployed in open-ended interac-446

tive settings. Across both simulators, SMCTS-447

TOD achieves the best overall performance. No-448

tably, performance degrades less under the non-449

proactive (less-cooperative) simulator, indicating450

that value-guided planning is more robust when the451

user provides fewer corrective signals and is less452

tolerant of irrelevant turns.453

Human evaluation. Table 2 also reports turn- 454

and dialogue-level ratings. SMCTS-TOD im- 455

proves dialogue-level coherence, informativeness, 456

and usefulness over the prompting baseline (Auto- 457

TOD) and matches or exceeds PROTODon most di- 458

mensions. While turn-level fluency is comparable 459

across LLM-based systems, SMCTS-TOD yields 460

higher dialogue-level quality, consistent with im- 461

proved proactive planning across turns. 462

Strategy-level analysis. Fig. 3 reports action- 463

category frequency and edit rate (ER). Compared to 464

PROTOD, SMCTS-TOD increases the frequency 465

of cross-domain offers and reduces edit rates across 466

proactive categories, indicating that the chosen 467

strategies are more often judged reasonable by hu- 468

mans. This provides evidence that gains are not 469

merely due to being “more proactive” in frequency, 470

but due to higher-quality proactive decisions. 471

Inform Add.

Req. Select

Req. Verify

CrossDomain
No Offer

protod - Freq

protod - ER

system - Freq

system - ER

14.4 6.8 2.4 6.9 6.0

10.2 4.0 5.2 7.4 2.0

16.1 7.9 2.4 9.2 5.9

9.7 3.4 3.9 5.6 1.9 0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0
Va

lu
e 

(%
)

Figure 3: Strategy-level human evaluation results
on MultiWOZ. Each cell shows Frequency(%)/Edit
Rate(%), where lower Edit Rate is better.

4.3 Results on SGD 472

Table 3 reports results on SGD under the non- 473

proactive simulator. SMCTS-TOD improves 474

Inform and Success over AutoTOD and PRO- 475

TODand achieves stronger diversity statistics. We 476
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Model Proactive Sim. Non-Proactive Sim. Turn-Level (Human) Dialogue-Level (Human)

Inform↑ Succ↑ Book↑ Comb↑ Inform↑ Succ↑ Book↑ Comb↑ Und↑ Rea↑ Rel↑ Flu↑ Coh↑ Info↑ Use↑ Pro↑

TOATOD (Bang et al., 2023) 41.8 34.4 – 29.5 28.4 26.0 – 20.7 1.55 1.60 1.50 1.65 1.55 1.45 1.40 1.48
AutoTOD (Xu et al., 2024) 80.3 65.2 81.4 76.6 61.5 50.7 55.2 57.2 1.75 1.73 1.78 1.85 1.70 1.69 1.72 1.68
PROTOD (Dong et al., 2025) 89.5 80.4 87.0 86.6 85.7 76.5 82.6 82.6 1.82 1.75 1.79 1.86 1.78 1.82 1.79 1.81
SMCTS-TOD (Ours) 93.2 83.1 89.3 89.7 88.3 78.5 87.1 85.6 1.92 1.84 1.87 1.85 1.91 1.86 1.82 1.80

Table 2: MultiWOZ 2.0 interaction results (two user simulators) and human evaluation (100 dialogues).

Model Inform Success CBE #Uni #Tri

SimpleTOD 12.7 9.8 2.01 573 3011
AutoTOD 45.1 23.0 2.81 1792 12263
PROTOD 50.4 24.9 3.26 2021 15149
SMCTS-TOD 60.3 27.9 3.89 2318 16289

Table 3: SGD interaction evaluation with the non-
proactive user simulator.

attribute these gains to the schema-driven, multi-477

constraint nature of SGD goals: users often re-478

quest multiple attributes simultaneously, which in-479

creases ambiguity and the need for proactive veri-480

fication and alternative exploration. Value-guided481

open-loop search helps prioritize high-value act se-482

quences (e.g., verify→ relax constraints→ offer483

candidates) early in the dialogue.484

Full w/o open-loop w/o Value-LLM (prompt) w/o Value-LLM (prior) w/o best-of-K w/o self-distillation20
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Figure 4: Ablation study on MultiWOZ 2.0 and SGD.

4.4 Ablation analysis.485

Fig. 4 shows that removing open-loop planning con-486

sistently degrades performance, indicating that act-487

sequence search (rather than utterance-state search)488

is crucial for robust lookahead under stochastic489

language rollouts. Replacing the learned Value-490

LLM with prompt-based judging yields the largest491

drop—especially on SGD—suggesting that prac-492

tical planning needs low-latency, low-variance493

value estimates. Using only the base-LLM prior494

is stronger than prompt judging but still lags495

the full model, highlighting the added benefit496

of task-aligned value guidance beyond a generic497

prior. Best-of-K filtering further improves re-498

Depth d
Open-loop (Ours) Closed-loop

Incons.%↓ Contr.%↓ Var[V̄ϕ] ↓ Incons.%↓ Contr.%↓ Var[V̄ϕ] ↓

1 0.32 0.13 0.51 0.44 0.25 0.74
2 0.27 0.06 0.37 0.37 0.19 0.53
4 0.13 0.05 0.18 0.23 0.15 0.24
6 0.12 0.04 0.15 0.21 0.14 0.27
8 0.08 0.03 0.11 0.17 0.15 0.22

Table 4: Open-loop stability diagnostics results. At
each rollout depth d, we measure (i) inconsistency
rate (Incons.%), (ii) contradiction/self-contradiction rate
(Contr.%), and (iii) the variance of value estimates
Var[V̄ϕ] from repeated simulations starting at the same
node.

sults by pruning low-quality local generations be- 499

fore they propagate through rollouts, and self- 500

distillation consistently outperforms the seed-only 501

value model, validating the MCTS-driven supervi- 502

sion flywheel. 503

Open-loop stability diagnostics. Table 4 shows 504

that open-loop planning is consistently more stable 505

than closed-loop planning across rollout depths. At 506

shallow depths (d = 1–2), open-loop already re- 507

duces both inconsistency and contradiction rates, 508

and yields a noticeably lower variance in value esti- 509

mates. As depth increases, the stability gap persists: 510

open-loop maintains lower inconsistency/contradic- 511

tion and substantially smaller Var[V̄ϕ], indicating 512

reduced sensitivity to stochastic and potentially er- 513

roneous utterance realizations. Overall, these diag- 514

nostics support our design choice of searching over 515

act sequences while marginalizing utterance-level 516

randomness via cached realizations. 517

5 Conclusion 518

We studied how to move LLM-based task-oriented 519

dialogue from reactive response generation to 520

proactive decision-making with reliable lookahead 521

under sparse supervision and stochastic language 522

rollouts. We introduced SMCTS-TOD , an act- 523

level planning framework guided by a learned suc- 524

cess estimator, and evaluated it with both less- 525

biased simulator protocols and strategy-level hu- 526

man assessment. Empirically, SMCTS-TOD con- 527

sistently improves goal completion and robustness. 528
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Limitations529

Despite the gains in task completion and proac-530

tivity, SMCTS-TOD still faces sparse rewards:531

success is typically observed only at the end of532

a dialogue, so training the Value-LLM with dis-533

counted labels (or pseudo-label signals) can in-534

troduce biased credit assignment for intermediate535

turns. Moreover, SMCTS-TOD may suffer from536

out-of-distribution (OOD) trajectories: search can537

reach dialogue paths not covered by the limited538

high-quality data, where the Value-LLM may be-539

come miscalibrated and yield high-variance or low-540

confidence estimates that misguide planning.541
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Appendix703

A Experimental Details704

A.1 Evaluation Protocols705

End-to-end generation. We evaluate the end-to-706

end setting where the system produces the next re-707

sponse given only the dialogue context. Concretely,708

the input includes the dialogue history ht (Eq. (2))709

and tool outputs ot when tool calls are enabled,710

and the output is the next system utterance usys
t+1.711

This setting measures context understanding, im-712

plicit action choice, and response realization under713

a single unified interface.714

Interactive evaluation. We evaluate goal com-715

pletion via multi-turn interaction between the sys-716

tem and a user simulator until: (i) success is717

achieved, (ii) a maximum turn budget Tmax is718

reached, or (iii) the simulator terminates early719

(more common for the less-cooperative persona).720

This setting is designed to stress proactive behav-721

iors (verification, alternative exploration, cross-722

domain offers) that are not reliably captured by723

single-turn generation metrics.724

A.2 Datasets725

MultiWOZ 2.0. MultiWOZ 2.0 is a multi-726

domain human–human dialogue dataset covering727

seven domains (restaurant, attraction, train, hotel,728

taxi, police, hospital) (Budzianowski et al., 2018).729

We follow the standard split and evaluation scripts730

used in prior work.731

SGD. SGD is a schema-guided TOD dataset732

spanning many services (Rastogi et al., 2020). Be-733

cause SGD does not provide a live database, we734

implement schema-driven database/API calls from735

provided snapshots and schemas, and we construct736

user goals from the annotated dialogue goal repre-737

sentations.738

A.3 Baselines739

Fully supervised TOD baselines. We include740

representative supervised TOD systems trained741

with full in-domain data: SimpleTOD (Hosseini-742

Asl et al., 2020b), UBAR (Yang et al., 2021b),743

GALAXY (He et al., 2022), Mars (Sun et al., 2023),744

and TOATOD (Bang et al., 2023). We follow the745

official or commonly used open-source implemen-746

tations and report scores produced by their standard747

evaluation pipelines.748

Prompting-based LLM baselines. We compare 749

against prompting-based LLM TOD agents that 750

rely on instruction prompting plus tool invocation: 751

SGP-TOD (Zhang et al., 2023), AutoTOD (Xu 752

et al., 2024), and PROTOD (Dong et al., 2025). 753

We follow their recommended prompts and tool 754

interfaces whenever available, and standardize the 755

evaluation environment to ensure comparability: 756

all baselines use the same backend (MultiWOZ DB 757

/ SGD schema API), the same dialogue context and 758

tool-output formatting, and the same interaction 759

constraints (turn budget and tool-call limits). 760

A.4 Metrics 761

MultiWOZ end-to-end metrics. We report In- 762

form, Success, BLEU, and Combined following 763

MultiWOZ conventions. Combined is defined as: 764

Comb ≜ BLEU+
1

2

(
Inform + Success

)
. (30) 765

(Reported Combined is taken from the official eval- 766

uation script; minor deviations from Eq. (30) may 767

occur due to rounding and script details.) 768

Diversity metrics. We report: (i) #Uni: number 769

of distinct unigrams in generated system utterances, 770

(ii) #Tri: number of distinct trigrams, (iii) condi- 771

tional bigram entropy (CBE). Let p(wi | wi−1) 772

be the empirical conditional probability estimated 773

from generated text. We compute: 774

CBE ≜ −
∑

(wi−1,wi)

p(wi−1, wi) log p(wi | wi−1).

(31)

775

Interactive metrics. We report Inform, Success, 776

and Book (booking completion when applicable). 777

We also report a simulator combined score: 778

Combsim ≜
1

2
Inform +

1

4

(
Success + Book

)
.

(32)

779

A.5 LLM-Based User Simulators 780

We implement user simulators using an instruction- 781

following LLM (GPT-4 in our implementation). 782

Each simulator is provided with a fixed user goal 783

(and constraints) and interacts with the system, pro- 784

ducing the next user utterance conditioned on the 785

dialogue history. 786

Cooperative persona (“Proactive Simulator”). 787

This simulator is patient and collaborative: it an- 788

swers clarification questions, follows reasonable 789
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suggestions, and accepts cross-domain offers when790

relevant. It approximates an upper-bound interac-791

tive setting.792

Less-cooperative persona (“Non-Proactive Sim-793

ulator”). This simulator is less patient: it rejects794

irrelevant offers more frequently, provides fewer795

unsolicited clarifications, and may terminate early796

if the dialogue does not progress. It approximates797

more realistic interactions that require earlier proac-798

tive planning.799

Prompts and constraints. We provide the full800

role prompts, termination rules, and maximum turn801

budgets in Appendix A.8. This includes: (i) how802

the goal is presented, (ii) refusal/acceptance crite-803

ria, (iii) patience/early-stop behavior.804

A.6 Human Evaluation805

We randomly sample 100 MultiWOZ test dialogues.806

Three graduate annotators rate model outputs on a807

[0, 2] scale.808

Turn-level criteria. Und: understandability of809

the system utterance; Rel: relevance to dialogue810

context; Flu: fluency/grammaticality; Rea: reason-811

ableness (no contradictions or nonsensical actions).812

Dialogue-level criteria. Coh: coherence across813

turns; Inf: informativeness (useful details/options);814

Use: overall usefulness toward accomplishing the815

goal; Pro: proactive helpfulness (verification, sug-816

gesting relevant alternatives, cross-domain assis-817

tance).818

Strategy-level reliability (Frequency and Strat-819

egy Edit Rate). Annotators also inspect the se-820

lected next-act category and edit it if unreasonable.821

For category c ∈ C, we report frequency and edit822

rate:823

Freq(c) ≜
1

T

T∑
t=1

1[at ∈ c], (33)824

ER(c) ≜

∑T
t=1 1[at ∈ c] · 1[editedt]∑T

t=1 1[at ∈ c]
. (34)825

A.7 Implementation Details826

Models. Unless otherwise noted, we instantiate827

the base dialogue model Mθ with an instruction-828

tuned 7B LLM (Qwen2.5-7B-Instruct) and829

keep it frozen during our method. The Value-830

LLM Vϕ is a separate lightweight model831

(Qwen2.5-1.5B-Instruct) that predicts832

Vϕ(h, a) ∈ [0, 1] from the serialized history833

and a candidate next act, and is only used for 834

fast evaluation and prior shaping. We train Vϕ 835

with LoRA (rank r=16, α=32) using binary 836

cross-entropy on the seed set Dseed and MSE 837

on MCTS targets from DMCTS. Dseed contains 838

2,000 high-quality training dialogues (1,000 from 839

MultiWOZ 2.0 and 1,000 from SGD), yielding 840

∼25K turn-level tuples (ht, at, y) after discounting. 841

We run R=3 self-distillation rounds; in each 842

round we collect ∼100K tuples (h, a,QMCTS) by 843

executing the planner on additional training goals, 844

and mix them with Dseed (Eq. (29)) with β=1. 845

Planning hyperparameters. We use S=64 sim- 846

ulations per turn with a maximum search depth 847

of 4, best-of-K rollout filtering with K=4, and a 848

per-node cache budget of B=8. For PUCT we set 849

cp=1.5 and mix priors with λ=0.5 (Eq. (14)). We 850

set τv=0.25 for the value-induced prior (Eq. (13)), 851

τeval=0.5 for πeval (Eq. (10)), τH=0.5 for cache 852

sampling (Eq. (19)), and τ=0.2 for the root visit- 853

count policy (Eq. (17)). Interactive rollouts ter- 854

minate on success, explicit user termination, or a 855

maximum turn budget of Tmax=15 (MultiWOZ) 856

/ 20 (SGD); we allow at most two tool calls per 857

system turn (one retrieval/DB call plus an optional 858

booking call when applicable). 859

Compute. We implement all models with Hug- 860

gingFace Transformers and run decoding with 861

vLLM. Vϕ training uses bf16 on a single NVIDIA 862

A100-80GB GPU with batch size 256 (gradient ac- 863

cumulation 4), AdamW (lr 2×10−4), and 3 epochs 864

per distillation round. For Mθ generation we use 865

temperature 0.7, top-p 0.9, and a 256-token re- 866

sponse cap. On an A100-80GB GPU, Vϕ evalua- 867

tion adds negligible overhead (batched scoring over 868

all acts), and the end-to-end planning latency aver- 869

ages 3–5 seconds per turn under the above S/K/B 870

settings (excluding user-simulator API latency in 871

interactive evaluation). 872

The training process of SMCTS-TOD is shown 873

in Algorithm 2. 874

A.8 User Simulator Prompts 875

Goal format and observations. For both 876

personas, we provide a fixed User Goals 877

block (natural-language goal description) and the 878

Current conversation transcript. The simulator 879

only observes the dialogue text (user and assis- 880

tant utterances) and does not see any internal tool 881

outputs or hidden states. The simulator ends the di- 882

alogue by outputting the special token <END> when 883
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Algorithm 2 SMCTS-TOD : training flywheel for
Value-LLM via MCTS self-distillation
Require: seed set Dseed, base LLM Mθ, user

model Uψ; initialize Vϕ; iterations R
1: for r = 1 to R do
2: update Vϕ on Dseed by minimizing Lvalue

in (12)
3: run Alg. 1 on training environments to col-

lect DMCTS = {(h, a,QMCTS)}
4: update Vϕ by minimizing Ltotal in (29) on
Dseed ∪ DMCTS

5: end for
6: return trained Vϕ

the goals are achieved, when it decides to termi-884

nate early (less-cooperative persona), or when the885

maximum turn budget is reached (Tmax = 15 for886

MultiWOZ and Tmax = 20 for SGD).887

Cooperative persona (“Proactive Simulator”).888

Proactive user simulator prompt (coopera-
tive persona)
You are a collaborative and patient user

interacting with an Assistant to
complete some tasks. You should
carefully read and understand the User
Goals below, then talk with the AI
Assistant and gradually express the
intents in the goals. Your purpose is to
achieve the goals as much as possible.

Note that the Assistant is not perfect. It
may make various mistakes, including
ignoring the user's requests, executing
the wrong instructions, forgetting early
conversation content, etc. The user you
play should remind him to correct when

you find that the AI assistant made a
mistake, and complete the task as much
as possible.

Important:
1. The expression of your needs should

follow the order provided by the User
Goal, and avoid expressing too much at
once.

2. You are simulating the User, not the
Assistant.

3. Do not provide information or ask
questions outside of the User Goals.

4. End the conversation with "<END>" when
you achieved the goals.

User Goals: {
"""
You are looking for a restaurant. The

restaurant should be in the west and
should serve kosher food.

The restaurant should be in the expensive
price range.

889

If there is no such restaurant, how about
one that serves indian food.

Make sure you get address, phone number, and
postcode.

"""
}
The conversation you have completed so far:

{
"""
User: I'm looking for a restaurant that

serves kosher food in the west side.
AI Assistant: I'm sorry, we don't have any

Kosher restaurants on the west side.
Would you like to try

a different cuisine type?
User: I was really hoping for Kosher.
AI Assistant: Unfortunately, there are no

Kosher restaurants anywhere in the city.
Can I help you find

something else?
User: How about an expensive Indian

restaurant? I know there are many of
those!

AI Assistant: We have 5 in the west side.
Cocum is very popular, would you like to
try there?

User: Sure. What's Cocum's address, phone
number, and postcode?

AI Assistant: Here is the information you've
requested for Cocum: 71 Castle Street
City Centre,

01223366668, cb30ah
User: Great, thank you! That is all I need

today.
AI Assistant: You're quite welcome. Thank

you and goodbye!
Current conversation:
User: I'm looking for a restaurant that

serves kosher food in the west side.
AI Assistant: I'm sorry, we don't have any

Kosher restaurants on the west side.
Would you like to try

a different cuisine type?
User:
"""
}

890

Less-cooperative persona (“Non-Proactive Sim- 891

ulator”). 892

Non-proactive user simulator prompt (less-
cooperative persona)
You are a busy and less-patient user

interacting with an Assistant to
complete some tasks. You should
carefully read and understand the User
Goals below, then talk with the AI
Assistant and gradually express the
intents in the goals. Your purpose is to
achieve the goals efficiently with
minimal extra turns.

Note that the Assistant is not perfect. It
may make mistakes. You should correct
critical mistakes briefly once, but you
are not obligated to keep fixing the

893
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Assistant repeatedly.

Important:
1. The expression of your needs should

follow the order provided by the User
Goal, and avoid expressing too much at
once.

2. You are simulating the User, not the
Assistant.

3. Do not provide information or ask
questions outside of the User Goals.

4. Accept an Assistant suggestion only if it
satisfies the current active
constraints in the User Goals; otherwise
reject it and restate the relevant
constraint.

5. Be concise: answer clarification
questions with short responses (e.g., "
yes/no", "no preference", or a single
slot value).

6. Patience / early stopping: if the
Assistant makes no progress toward the
current goal for two consecutive turns (
e.g., repeats irrelevant questions,
ignores constraints, or fails to provide
requested info), end the conversation
with "<END>".

7. Maximum turns: if the conversation
reaches the given turn budget (T_max),
end with "<END>" even if the goals are
not fully achieved.

User Goals: {
"""
<GOAL TEXT HERE>
"""
}

The conversation you have completed so far:
{

"""
<PAST TRANSCRIPT HERE>
"""
}

Current conversation:
User: <YOUR NEXT USER UTTERANCE HERE>

894

Dialogue evaluator prompt (information extrac-895

tor).896

Dialogue evaluator prompt (information ex-
tractor)
You are a calm, objective and professional

judger and good at to evaluate quality
of dialuges between

user and AI Assistant. Your judging results
are always accurate and concise.

There is a dialogue between a user and an AI
Assistant. The user has the goals in

his minds (User
Goals) and talks with the AI Assistant to

achieve the goals. The AI Assistant is a
intelligent

897

agent that is able to understand the user
utterances, decide to take actions to
use external

tools, and generate proper responses. Your
task is to judge whether the AI
Assistant helps the

user achieve his goals successfully by
answering the questions one by one.

User Goals:
You want to find an expensive restaurant and

it should be in the south part of town.
You want to know the address and phone

number of the venue.

Dialogue:
User: I would like an expensive restaurant

in the south part of town
AI Assistant: I found some expensive

restaurants in the south part of town.
Here are a few options:

1. Taj Tandoori
2. Good Luck Chinese Food Takeaway
3. Chiquito Restaurant Bar
4. Frankie and Bennys
5. Peking
Let me know if you would like more

information about any of these
restaurants or if you have any other

preferences.

User: I don't care.
AI Assistant: Here are some expensive

restaurants in the south part of town:
1. Taj Tandoori
2. Good Luck Chinese Food Takeaway
3. Chiquito Restaurant Bar
4. Frankie and Bennys
5. Peking
Let me know if you would like more

information about any of these
restaurants.

User: What is the address and phone number
of Chiquito Restaurant Bar?

AI Assistant: The address of Chiquito
Restaurant Bar is 2G Cambridge Leisure
Park Cherry Hinton Road

Cherry Hinton. The phone number is
01223400170.

User: Thank you. Good bye.
AI Assistant: You're welcome! If you have

any more questions in the future, feel
free to ask. Goodbye

and have a great day!

Questions:
1. What restaurant is the user interested in

and asking information about it?
2. What is the address of the hotel?
3. What is the phone number of the hotel?

Answer Format:
Please output the answer in json format like

this:
```{
"restaurant": "<fill the answer of question

1>"

898
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"address": "<fill the answer of question 2>"
"phone": "<fill the answer of question 3>"
}```
If no answer for a question, please fill `

none`.

Answer:
```{"restaurant":"Chiquito Restaurant Bar\"

\"address\": \"2G Cambridge Leisure Park
Cherry Hinton Road Cherry Hinton\" \"

phone\": \"01223400170"}

899

B Additional results900

B.1 Value-LLM efficiency.901

Table 5 shows that the learned Value-LLM achieves902

the best quality while substantially reducing infer-903

ence cost compared to prompt-based judging. At904

higher Success/Comb, Value-LLM uses fewer to-905

kens per turn (318 vs. 492) and lower latency (1.3s906

vs. 1.7s), indicating that fast, low-variance evalu-907

ation can replace expensive prompt-level judging908

without sacrificing performance. Compared to us-909

ing the LLM prior only (no evaluator), Value-LLM910

improves both Success and Combined score while911

also being markedly more token-efficient (318 vs.912

527), suggesting that explicit value guidance re-913

duces wasted rollouts and leads to more economi-914

cal decision-time planning.915

Evaluator Quality (Non-Proactive) Inference Cost per Turn

Success↑ Comb↑ Latency(s)↓ #Gen calls↓ #Eval calls↓ Tokens↓

Value-LLM (Ours) 78.5 85.5 1.3 0.74 0.67 318
Prompt-judge (match Success) 76.1 83.7 1.7 0.91 0.79 492
LLM prior only (no evaluator) 77.2 84.4 1.2 0.89 0.82 527

Table 5: Value-LLM efficiency study: quality vs infer-
ence cost under the non-proactive simulator on Multi-
WOZ 2.0. We compare Value-LLM evaluation against
prompt-based judging at matched (or comparable) Suc-
cess, reporting latency, the number of generation calls
(#Gen), evaluator calls (#Eval), and total tokens per
turn.

B.2 Domain-wise behavior.916

Table 6 shows that SMCTS-TOD maintains strong917

performance across domains on a 300-dialogue918

sampled test set. Train achieves the highest In-919

form and Combined score, suggesting particularly920

reliable entity grounding and constraint satisfac-921

tion in schedule-oriented goals. Restaurant and922

Attraction also show consistently high Inform/Suc-923

cess, indicating that value-guided planning general-924

izes well to common information-seeking domains.925

Hotel exhibits the lowest Success despite strong926

BLEU, which is consistent with the higher con- 927

straint density and booking dependencies in hotel 928

goals. Overall, the results suggest that Value-LLM- 929

guided planning provides broad, cross-domain ben- 930

efits rather than being driven by a single domain. 931

Domain Inform↑ Success↑ BLEU↑ Comb↑

Restaurant 95.1 84.8 17.8 107.75
Hotel 93.8 80.9 21.4 108.75
Attraction 94.0 83.2 20.3 108.90
Train 99.0 85.9 19.3 111.75
Taxi 91.7 86.1 19.7 108.60

Overall 94.3 86.1 21.3 111.50

Table 6: Domain-wise performance of SMCTS-
TOD on MultiWOZ 2.0 (300 sampled test dialogues).
We report standard end-to-end metrics (Inform, Success,
BLEU, Combined) computed per domain, along with
the overall score on the sampled set.

B.3 Budget-Normalized Quality–Cost 932

Trade-off 933

To rule out the confounder that stronger perfor- 934

mance is merely due to increased inference-time 935

computation, we compare SMCTS-TOD against 936

representative LLM-based TOD baselines and our 937

ablations under matched inference budgets. We run 938

MultiWOZ 2.0 interactive evaluation with two user 939

personas (cooperative vs. less-cooperative), and 940

sweep multiple operating points for each method by 941

varying decoding / sampling budgets (baselines) or 942

planning budgets (ablations and SMCTS-TOD ). 943

For each run, we log Tokens/turn as the to- 944

tal number of tokens consumed per dialogue turn 945

across all model calls (e.g., system generation, 946

planning-time rollouts, and evaluation calls; av- 947

eraged over turns), and Success as the task suc- 948

cess rate under the corresponding simulator per- 949

sona. We additionally record #Gen calls/turn 950

(base model generation calls per turn), used as the 951

point-size encoding. 952

Fig. 5 visualizes the full quality–cost landscape 953

under matched budgets. Across both personas, 954

SMCTS-TOD lies on (or very near) the Pareto 955

frontier, indicating that its improvements cannot 956

be attributed to simply spending more tokens per 957

turn. Notably, the frontier advantage widens under 958

the less-cooperative simulator, consistent with our 959

claim that value-guided open-loop planning is most 960

beneficial when user feedback is sparse or unhelp- 961

ful. In contrast, removing key components (e.g., 962

15



200 300 400 500 600 700 800
Tokens / turn (lower is better)

30

40

50

60

70

80

90

Su
cc

es
s (

hi
gh

er
 is

 b
et

te
r)

User persona
Cooperative
Less-cooperative

Pareto frontier
SMCTS-TOD frontier
Best non-ours frontier

#Gen calls / turn
0.50
0.70
0.92

SMCTS-TOD

SMCTS-TOD

Figure 5: Budget-normalized quality–cost trade-off
(Pareto plot). Each point is one operating point. The
x-axis is Tokens/turn (lower is better) and the y-axis
is Success (higher is better). Color denotes the user
persona (cooperative vs. less-cooperative), and marker
size encodes #Gen calls/turn. We plot the Pareto fron-
tier of SMCTS-TOD (solid line) and the best non-
ours frontier (dashed line) for each persona. SMCTS-
TOD points are highlighted with a bold outline and
labeled. Overall, SMCTS-TOD achieves a strictly bet-
ter quality–cost frontier, indicating that gains are not
driven by higher inference cost.

open-loop planning or Value-LLM guidance) shifts963

operating points down and/or to the right, exposing964

a clear quality–cost regression and supporting the965

necessity of each design choice.966

C Theoretical Analysis: Robustness to967

User-Persona Shift968

We formalize the difference between a cooperative969

and a less-cooperative user persona as a shift in970

the (unknown) transition kernel of an act-level dis-971

counted MDP. The “state” is the dialogue history972

h ∈ H (cf. Eq. (2)), the action is a system dialogue973

act a ∈ A, and the user/environment persona ψ974

induces a transition kernel Pψ(· | h, a) over next975

histories. A (possibly stochastic) stationary policy976

is π(· | h).977

Value functions. Let r(h, a) ∈ [0, Rmax] be a978

bounded nonnegative reward (e.g., a terminal suc-979

cess indicator, with Rmax = 1 in our setting), and980

γ ∈ [0, 1). For a fixed persona ψ and policy π,981

define the discounted return982

V π
ψ (h0) ≜ E

[∑
t≥0

γtr(ht, at)

∣∣∣∣∣ h0, at ∼ π(· | ht),983

ht+1 ∼ Pψ(· | ht, at)

]
. (35)984

Define the per-(state,act) kernel discrepancy by to- 985

tal variation (TV): 986

δψ,ψ′(h, a) ≜ TV
(
Pψ(· | h, a), Pψ′(· | h, a)

)
, 987

TV(p, q) ≜ sup
A
|p(A)− q(A)|. (36) 988

Discounted occupancy. Let (ht, at)t≥0 be a tra- 989

jectory generated under (Pψ, π) from h0. The γ- 990

discounted occupancy measure over (h, a) is 991

dπψ,h0(h, a) ≜ (1− γ)
∑
t≥0

γt
π
Pr
ψ
(ht = h,

at = a | h0),
(37) 992

which is a probability distribution on H × A (as- 993

sumingA is finite; the statement extends to general 994

measurable A). 995

Lemma 1 (Value range). For any ψ, π, the value is 996

bounded as 0 ≤ V π
ψ (h) ≤

Rmax
1−γ for all h ∈ H. 997

Proof. Nonnegativity follows from r ≥ 0. For the 998

upper bound, 999

V π
ψ (h) = E

∑
t≥0

γtr(ht, at)

 1000

≤
∑
t≥0

γtRmax 1001

=
Rmax

1− γ
. (38) 1002

1003

Lemma 2 (Tight TV bound for bounded functions). 1004

Let p, q be distributions on the same measurable 1005

space and let f be measurable with 0 ≤ f ≤ M . 1006

Then 1007∣∣EX∼p[f(X)]− EX∼q[f(X)]
∣∣ ≤ M · TV(p, q).

(39)
1008

Proof. Define f̃ ≜ 2f/M − 1, so that f̃ ∈ [−1, 1]. 1009

By linearity, 1010∣∣Ep[f ]− Eq[f ]
∣∣ =

M

2

∣∣Ep[f̃ ]− Eq[f̃ ]
∣∣. (40) 1011

Using the dual characterization TV(p, q) = 1012
1
2 sup∥g∥∞≤1

∣∣Ep[g]− Eq[g]
∣∣, we have 1013∣∣Ep[f̃ ]− Eq[f̃ ]

∣∣ ≤ sup
∥g∥∞≤1

∣∣Ep[g]− Eq[g]
∣∣ (41) 1014

= 2 TV(p, q). (42) 1015

Combining yields (39). 1016
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Lemma 3 (Occupancy identity). For any measur-1017

able g(h, a) with E|g(ht, at)| <∞,1018

E(h,a)∼dπψ,h0
[g(h, a)] = (1− γ)E

[∑
t≥0 γ

tg(ht, at)
]
.

(43)

1019

Proof. By definition of dπψ,h0 and Tonelli’s theo-1020

rem,1021

E(h,a)∼dπψ,h0
[g(h, a)] =

∑
h,a

dπψ,h0(h, a) g(h, a)

= (1− γ)
∑
t≥0

γt

×
∑
h,a

π
Pr
ψ
(ht = h, at = a | h0) g(h, a)

= (1− γ)
∑
t≥0

γtE[g(ht, at)]

= (1− γ)E

∑
t≥0

γtg(ht, at)

 .
(44)

1022

1023

Theorem 4 (Policy-dependent stability under per-1024

sona shift). Fix a policy π and two personas ψ,ψ′.1025

Assume r(h, a) ∈ [0, Rmax]. Then for any initial1026

history h0,1027

∣∣V π
ψ (h0)− V π

ψ′(h0)
∣∣ ≤ γRmax

(1− γ)2
×1028

E(h,a)∼dπψ,h0

[
δψ,ψ′(h, a)

]
.

(45)

1029

Proof. We start from the Bellman equations under1030

the two kernels:1031

V π
ψ (h) = Ea∼π(·|h)

[
r(h, a) + γ Eh′∼Pψ(·|h,a)[V

π
ψ (h

′)]
]
,

(46)

1032

V π
ψ′(h) = Ea∼π(·|h)

[
r(h, a) + γ Eh′∼Pψ′ (·|h,a)[V

π
ψ′(h′)]

]
.

(47)

1033

Subtract (47) from (46) and define ∆(h) ≜1034

V π
ψ (h)−V π

ψ′(h). The reward terms cancel, yielding1035

∆(h) = γ Ea∼π(·|h)
[
Eh′∼Pψ(·|h,a)[∆(h′)]

]
(48)1036

+ γ Ea∼π(·|h)
[
Eh′∼Pψ(·|h,a)[V

π
ψ′(h′)]1037

− Eh′∼Pψ′ (·|h,a)[V
π
ψ′(h′)]

]
. (49)1038

Now consider a trajectory (ht, at) generated under1039

(Pψ, π) from h0. Unrolling (48) along this trajec-1040

tory gives the exact series 1041

∆(h0) = E

∑
t≥0

γt+1G(ht)

 , (50) 1042

G(h) ≜ Ea∼π(·|h)
[
EPψ(·|h,a)[V

π
ψ′ ]− EPψ′ (·|h,a)[V

π
ψ′ ]

]
,

(51)

1043

which follows from repeatedly substituting (48) 1044

into the first term and using tower property of con- 1045

ditional expectation. 1046

Taking absolute values and applying Jensen and 1047

triangle inequalities, 1048∣∣G(h)∣∣ = ∣∣∣Ea∼π(·|h)[EPψ(·|h,a)[V π
ψ′ ]− EPψ′ (·|h,a)[V

π
ψ′ ]

]∣∣∣ 1049

≤ Ea∼π(·|h)
∣∣∣EPψ(·|h,a)[V π

ψ′ ]− EPψ′ (·|h,a)[V
π
ψ′ ]

∣∣∣
(52)

1050

≤ Ea∼π(·|h)
[
sup
h′
V π
ψ′(h′)︸ ︷︷ ︸

≤ Rmax/(1−γ)

· 1051

TV
(
Pψ(· | h, a), Pψ′(· | h, a)

)]
(53)

1052

≤ Rmax

1− γ
Ea∼π(·|h)

[
δψ,ψ′(h, a)

]
, (54) 1053

where (53) uses Lemma 2 with f(h′) = V π
ψ′(h′) 1054

and Lemma 1. 1055

Plugging (54) into (51) yields 1056

∣∣∆(h0)
∣∣ ≤ Rmax

1− γ
E

∑
t≥0

γt+1 δψ,ψ′(ht, at)


(55)

1057

=
γRmax

1− γ
E

∑
t≥0

γt δψ,ψ′(ht, at)

 .
(56)

1058

Finally apply the occupancy identity (Lemma 3) 1059

with g(h, a) = δψ,ψ′(h, a): 1060

E

∑
t≥0

γt δψ,ψ′(ht, at)

 =
1

1− γ
1061

× E(h,a)∼dπψ,h0

[
δψ,ψ′(h, a)

]
. (57) 1062

Combining (56) and (57) proves (45). 1063

Corollary 5 (Worst-case (uniform) stability bound). 1064

Let ε ≜ suph,a δψ,ψ′(h, a). Then for any π and h0, 1065∣∣V π
ψ (h0)− V π

ψ′(h0)
∣∣ ≤ γRmax

(1− γ)2
ε. (58) 1066
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Proof. From Theorem 4,1067

E(h,a)∼dπψ,h0
[δψ,ψ′(h, a)] ≤ sup

h,a
δψ,ψ′(h, a) = ε,

(59)

1068

and substitute into (45).1069

Open-loop marginalization tightens the effective1070

shift. We now connect open-loop planning to a1071

strictly smaller (or equal) kernel shift. Let z ∈1072

Z denote a stochastic utterance/tool realization1073

at a node (e.g., the sampled system surface form,1074

sampled user reply, and tool outputs). Assume1075

that conditioned on (h, a, z), persona ψ induces a1076

refined kernel Pψ(· | h, a, z). LetG(· | h, a) be the1077

distribution over realizations used by the planner1078

(e.g., induced by cache sampling and best-of-K1079

filtering), and define the marginalized kernel1080

P̄ψ(· | h, a) ≜ Ez∼G(·|h,a)
[
Pψ(· | h, a, z)

]
.

(60)
1081

Theorem 6 (TV contraction under marginalization).1082

For any (h, a),1083

TV
(
P̄ψ(· | h, a), P̄ψ′(· | h, a)

)
≤ Ez∼G(·|h,a)1084

×
[
TV

(
Pψ(· | h, a, z), Pψ′(· | h, a, z)

)]
. (61)1085

Consequently, suph,aTV(P̄ψ(· | h, a), P̄ψ′(· |1086

h, a)) ≤ suph,a,z TV(Pψ(· | h, a, z), Pψ′(· |1087

h, a, z)).1088

Proof. Fix (h, a) and write pz(·) ≜ Pψ(· | h, a, z)1089

and qz(·) ≜ Pψ′(· | h, a, z). Using TV(p, q) =1090
1
2∥p− q∥1 and linearity of expectation,1091

TV
(
P̄ψ, P̄ψ′

)
=

1

2
∥Ez∼G[pz − qz]∥1 (62)1092

≤ 1

2
Ez∼G

[
∥pz − qz∥1

]
(63)1093

= Ez∼G
[
TV(pz, qz)

]
, (64)1094

where (63) is Jensen’s inequality applied to the con-1095

vex norm ∥ · ∥1. This proves (61). Taking suprema1096

over (h, a) and using Ez[TV(·)] ≤ supz TV(·)1097

yields the final statement.1098

Corollary 7 (Improved robustness bound un-1099

der open-loop marginalization). Consider the1100

marginalized kernels P̄ψ, P̄ψ′ from (60) and define1101

the induced discrepancy1102

δ̄ψ,ψ′(h, a) ≜ TV
(
P̄ψ(· | h, a), P̄ψ′(· | h, a)

)
.

(65)

1103

Then Theorem 4 holds with δψ,ψ′ replaced by δ̄ψ,ψ′ , 1104

and moreover δ̄ψ,ψ′(h, a) is upper bounded by the 1105

average refined discrepancy via Theorem 6. 1106

Proof. Apply Theorem 4 to the MDP with tran- 1107

sition kernels P̄ψ and P̄ψ′ . The marginalization 1108

inequality follows directly from Theorem 6. 1109

Interpretation. Corollary 7 formalizes that inte- 1110

grating out stochastic utterance/tool realizations 1111

cannot increase the effective persona shift mea- 1112

sured in total variation, thereby tightening the 1113

degradation bound (45)–(58). In SMCTS-TOD , 1114

open-loop act-level search with a bounded rollout 1115

cache implements such a marginalization (with G 1116

induced by cache sampling and best-of-K), which 1117

provides a principled explanation for the empir- 1118

ically smaller performance drop under the less- 1119

cooperative simulator. 1120
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