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Abstract

Proactive task-oriented dialogue is essential
for reliable real-world assistants, yet current
LLM-based systems are largely reactive and
struggle to recover from failed retrieval, am-
biguous constraints, and cross-domain depen-
dencies. This paper targets the core gap of en-
abling effective lookahead decision-making for
proactive TOD under limited high-quality su-
pervision and high-variance language rollouts.
We propose SMCTS-TOD , which combines
act-level open-loop planning with a fast learned
success estimator to make lookahead practi-
cal: the planner searches over dialogue-act se-
quences while the Value-LLM provides low-
latency, low-variance guidance and supports
iterative refinement via self-distillation. Across
MultiwOZ 2.0 and SGD, SMCTS-TOD im-
proves interactive goal completion and robust-
ness, achieving higher success-oriented metrics
than strong prompting baselines. Human stud-
ies further indicate better dialogue-level useful-
ness and fewer unreasonable strategy choices.
These results suggest that abstract planning
paired with fast learned evaluation is a viable
and verifiable path to more proactive and robust
LLM-based TOD agents.

1 Introduction

Task-oriented dialogue (TOD) systems aim to help
users accomplish concrete goals such as searching
for flights or booking hotels (Young et al., 2013;
Wen et al., 2017). Classic TOD systems are often
built as modular pipelines (NLU, dialogue state
tracking, policy, NLG), while end-to-end systems
unify these components into a single model (Hen-
derson et al., 2014; Hosseini-Asl et al., 2020a;
Yang et al., 2021a). Recent large language models
(LLMs) have improved instruction following and
robustness, enabling zero-/few-shot TOD agents
(Achiam et al., 2023). Despite these advances, most
LLM-based TOD systems remain reactive: they re-
spond to the current user request, use single-turn

retrieval, and generate a response without explicit
planning. In realistic settings, reactive behavior
often fails to (i) recover from empty or low-quality
retrieval results, (ii) proactively offer alternatives or
related useful information, and (iii) plan multi-turn
strategies across domains with dependencies.
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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.

I need a hotel under $100 tonight ]

Proactive TOD requires anticipating the future:
when the current query yields no matching entities,
the system should strategically relax constraints,
propose alternatives, verify ambiguous slots, or
offer cross-domain suggestions (e.g., hotel options



consistent with a train itinerary). This demands
lookahead under uncertainty and explicit strategy
control—capabilities that are not guaranteed by
next-token generation alone (Wang et al., 2023).

Forward search methods such as Monte Carlo
Tree Search (MCTS) have succeeded in sequen-
tial decision-making (Browne et al., 2012; Silver
etal., 2017). However, applying MCTS to dialogue
is non-trivial: storing simulated natural-language
utterances inside the search tree yields high vari-
ance and compounding errors—one unrealistic sim-
ulated utterance can poison an entire subtree. More-
over, prompt-based rollout evaluation is expensive
and noisy, making deep search impractical.

We propose SMCTS-TOD , a value-guided
open-loop MCTS planner for proactive TOD
(Fig. 1). Open-loop MCTS searches over dia-
logue act sequences rather than concrete utterance
states, reducing sensitivity to stochastic realiza-
tions. To make search efficient and reliable, we
train a lightweight supervised Value-LLM that esti-
mates the probability of eventual goal achievement,
enabling low-latency node evaluation and in-tree
best-of- K rejection sampling.

Our contributions include: (i) We show that plan-
ning in an act-level open-loop space, paired with a
learned success estimator, can mitigate rollout vari-
ance from natural language and make lookahead
practical for LLM-based TOD. (ii) Our SMCTS-
TOD systematically improves initiative-taking be-
haviors and remains effective when user feedback
is limited, as evidenced by substantially smaller
degradation under a less-cooperative simulator and
lower human strategy edit rates. (iii) Across Multi-
WOZ 2.0 and SGD, SMCTS-TOD achieves strong
improvements in task success and interaction-
level metrics, while also improving human-judged
dialogue-level quality.

2 Related Work

2.1 Task-Oriented Dialogue Systems

Task-oriented dialogue (TOD) has traditionally
been framed as sequential decision-making under
uncertainty. Classic systems adopt a pipeline archi-
tecture with separate modules for natural language
understanding, dialogue state tracking (DST), pol-
icy learning, and natural language generation, often
formalized as POMDPs (Young et al., 2013; Hen-
derson et al., 2013). While modularity eases debug-
ging and component upgrades, pipelines can suffer
from error propagation and limited robustness to

domain shift.

End-to-end TOD models reduce hand-
engineering by jointly learning multiple com-
ponents in a single neural model, improving
optimization and response quality (Wen et al.,
2017; Hosseini-Asl et al., 2020b; Yang et al.,
2021b). Recent work further integrates explicit
belief states, external knowledge, or schema
information to scale across domains (Rastogi et al.,
2020; He et al., 2022; Sun et al., 2023). With the
rise of instruction-tuned LLMs, LL.M-based TOD
agents have become increasingly competitive in
low-resource and zero-shot settings by leveraging
world knowledge, tool use, and flexible prompting
(Zhang et al., 2023; Xu et al., 2024; Dong et al.,
2025). However, many LLM-based TOD systems
remain reactive: they produce the next response
conditioned on the current context and limited tool
calls, without explicit lookahead planning over
multi-turn strategies.

2.2 Proactive Dialogue and Evaluation

Proactive dialogue systems take initiative to im-
prove long-horizon utility beyond answering the
current utterance (Deng et al., 2023, 2025). In
task/information-seeking settings, proactivity is of-
ten instantiated as clarification and preference elic-
itation, which reduce ambiguity and shrink the
feasible space (Aliannejadi et al., 2019; Radlinski
et al., 2019). However, standard TOD metrics (e.g.,
Inform/Success on MultiWwOZ) mainly measure
goal correctness and can under-reward exploratory
proactive behaviors (Budzianowski et al., 2018).
Interactive evaluation with user simulators is thus
common, but LLM simulators may be overly coop-
erative, inflating success (Sekuli¢ et al., 2024; Dong
et al., 2025). We address this by using two simula-
tor personas (cooperative vs. less-cooperative) and
a strategy-level human metric (Strategy Edit Rate).

2.3 Dialogue Policy Learning and
Search-Based Planning

Dialogue policies have been learned via super-
vised action imitation and RL with value functions
(Young et al., 2013; Su et al., 2017), and via model-
based planning to alleviate sparse rewards (e.g.,
Deep Dyna-Q/D3Q) (Peng et al., 2018). Decision-
time lookahead further refines action selection us-
ing tree search (MCTS) (Browne et al., 2012). In
the LLM era, prompt-based MCTS uses LLMs as
priors and rollout judges (Yu et al., 2023). Com-
pared to prompt-only search, SMCTS-TOD in-
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Figure 2: SMCTS-TOD pipeline. Seeds warm-start the Value-LLM V. At each turn, the frozen base LLM My
provides act priors and rollout utterances, while V; supplies fast success estimates. The open-loop MCTS searches
over act sequences, maintains a top-5 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 V.

troduces a supervised Value-LLM for fast low-
variance evaluation, integrates best-of- K filtering
with a bounded rollout cache, and closes the loop
with self-distillation.

3 Method: SMCTS-TOD

3.1 Overview

We view proactive TOD as history-based sequential
decision-making. At each turn, the system chooses
an act a;+1 € A conditioned on the history h;
(and tool outputs o;), with the goal of maximizing
expected discounted return:

k
7" (ht) = arg max E ZV Terivk | bty a1 = al
acA >0

(D

where r; is a sparse task-progress reward and y €
[0,1).

SMCTS-TOD upgrades a reactive LLM-based
TOD agent into a proactive planner by performing
value-guided open-loop MCTS over dialogue acts.
At each turn, a base LLM My provides (i) a stochas-
tic act prior and (ii) utterance-level rollout realiza-
tions; a supervised Value-LLM V;; supplies fast,
low-variance estimates of eventual goal achieve-
ment; an open-loop MCTS planner combines these
signals to search over future act sequences while
maintaining a bounded cache of multiple plausible
utterance trajectories per node. Crucially, SMCTS-
TOD includes an iterative self-distillation flywheel:
MCTS traces serve as improved supervision to con-
tinually refine V5, enabling stronger planning under
limited high-quality demonstrations.

A dialogue history at turn ¢t is
he £ {(a, u? WY, ..., (a,u, uf™) ), (2)

where a; € A is a system dialogue act from a finite
act set A, and u”", uy*" are system/user utterances.
We denote tool outputs (DB results, retrieval can-
didates, API responses) by o;. We write history
concatenation as @ (-). Our goal at each turn is to
choose an act a (and a surface response) that maxi-
mizes eventual success probability. Fig. 2 provides
an end-to-end overview of SMCTS-TOD .

3.2 Open-Loop Search State over
Dialogue-Act Sequences

Closed-loop dialogue planning stores simulated ut-
terances in tree nodes. Since utterances are stochas-
tic and diverse, an implausible simulated response
can distort downstream rollouts and induce com-
pounding errors. SMCTS-TOD instead uses open-
loop planning over act sequences, allowing the tree
to accumulate statistics over strategies rather than
fragile surface forms.

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

Sgr = (al, ..

aeA (3
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Here s!" is the tree state. The utterance-level instan-
tiation is handled separately via a bounded cache
attached to each node:

His) &
where each hgb) is a concrete dialogue history con-
sistent with executing s* from the root context. B
is the cache budget (top-B histories retained per
node).

BeN, @



3.3 Base LLM Prior and Rollout Generation

Search needs (i) a prior over promising next acts to
guide exploration and (ii) a stochastic world model
to generate plausible rollouts. LLMs naturally pro-
vide both by conditional generation.

Given a history h (and tool outputs o), the base
LLM My proposes next acts. We approximate its
act prior by Monte Carlo sampling:

aY) ~ My(- | h,0), j=1,...

Py(a|h) 2 %21[5&) :a}. )

7m7

where m is the number of samples and 1[-] is the
indicator function.

Conditioned on a chosen act a, the same model
generates a candidate system utterance:

WY ~ My(- | hya,o). (6)
In rollout simulation, a user model produces
0"~ Uy(- | h @ (a,7™®),0), (7)
and the updated history becomes
W' = h® (a,a™,a""). (8)

where Uy, can be instantiated by an LLM-based
simulator; the planner treats it as a black-box tran-
sition sampler.

3.4 Supervised Value-LLM for Fast Success
Estimation

Prompt-based judging of multi-turn rollouts is ex-
pensive and high-variance. SMCTS-TOD trains
a lightweight Value-LLM to provide fast, low-
variance success estimates that guide PUCT (Rosin,
2011) selection and enable best-of-K filtering.

We train V, to predict an action-conditioned suc-
cess probability:

Vi (h,a) €10, 1],
Vs(h,a) = Pr(Success | h,take a).  (9)

where h is the current history, a is a candidate next
act, and “Success” denotes final goal completion.

To evaluate a leaf history h, we define an evalua-
tion policy derived from value scores:

M, 1(a ‘ h) 4 eXP(V(ﬁ(h?a)/Teval)
- ZbGA €Xp(V¢(h7 b)/Teval) ’

(10)

and the corresponding state value

V¢(h) < Z Weval(a ’ h) V¢(h,a).
acA

(11)

where Teyat > 0 controls how close 7eya is to
an argmax; Vy(h) avoids optimistic bias from
maxg Vy(h, a) and remains low-variance.

Training targets under sparse rewards. For a
training dialogue ending at turn 7" with final label
y € {0, 1}, we assign each intermediate turn ¢ a
discounted target §; £ T~y ~ € [0,1), and
train via binary cross-entropy:

Lyalie = — Z |:gt log V¢>(ht, CLt)
t
+ (1= i) log (1 = Vi(he, ) .
(12)

where (h¢, a;) is an observed (history, next-act)
pair from data; Vy(hy, a;) is the predicted success
probability.

Value-induced act prior. We convert action val-

ues into a soft prior:

o ep(Valh,a)/7)
e exp(Vo(h,b) /)’

Py(a|h)

where 7, controls sharpness; smaller 7, yields a
more peaked value prior.

3.5 Value-Guided Open-Loop MCTS

We combine (i) Py (broad, general LLM prior) and
(i1) Vi (fast, task-aligned evaluation) to plan under
uncertainty. PUCT integrates priors into MCTS
and provides principled exploration—exploitation
trade-offs. For each open-loop node s and action
a, we maintain N (s, a) € N, W(s",a) € R, and
Q(s",a) = W (s, a)/ max{1, N(s'",a)}. Here,
N is the visit count, W is the accumulated backup
value, and () is the mean value.

At a simulation history h corresponding to node
s'T, we define

P(a|h) £ APy(a|h)+ (1 —N)Py(a|h) (14)

where A € [0, 1] trades off the base LLM prior (5)
and the value prior (13).



Selection (PUCT).

imizing

We select the next act by max-

a* = arg max [Q(str, a) + ¢p mpuct(a)|, (15)

> N(s,b)
where 7TPUCT(G/) = P(a ’ h) m, Cp >
0 is the exploration constant, P(a | h) is the action

prior, and N (s', a) is the visit count.

Expansion. Upon reaching an unexpanded node,
we propose a candidate act set Acang € A from
My and initialize N(s",a) < 0,W(s",a) +
0,Q(s",a) + Qo,Va € Acad, where Qq is a
constant initialization (e.g., neutral or mildly opti-
mistic).

Evaluation and backup. Given the leaf realiza-
tion history hiear, We evaluate v = Vi (hieat) €
[0, 1] and backpropagate along the selected path P:

N(s, a) < N(s",a) + 1,
W(s",a) < W(s",a) + v,
W (s, a)
tr )
Qs a) « N (s, a) (16)

Root policy and act choice. After S simulations,
the visit counts induce a posterior policy

N N(Sgr,(l)l/T

alh , > 0,
mvcrs(a | ht) ZbeA N(S(t)r, b)l/T T
(17
and we select the next act as
x A tr
= N . 18
o = argmax N(sq', a) (18)

where 7 is a temperature; smaller 7 yields greedier
policies.

3.6 Rollout Cache, Best-of- K Filtering, and
Response Selection

Open-loop nodes don’t store utterance states, yet
MCTS simulation still requires concrete dialogue
histories to (i) query the base LLM for candidate
realizations and (ii) evaluate success likelihood.
Every time the search visits a node s, it samples
a history h from the node cache H(s"), and then
extends it by a best-of-K filtered rollout step.

Cache sampling. Each node s'* maintains a
bounded cache H(s"). We sample a concrete his-

tory from this cache using a value-weighted distri-
bution:

Bl gty & eXp(Vd’(h)ZTH) )
pu(h|s?) D wren (s exp(Vo(W) /)
(19)
h Np’H( ’ Str). (20)

where Vj(h) € [0,1] is the state value from (11),
and 7, > 0 controls how strongly sampling prefers
higher-value realizations (smaller 7 is greedier).

The root cache is initialized as H(s{) = {h:}.
Whenever a child node s* @ a is created/visited,
we immediately insert at least one realization into
H(s™ & a) via the best-of-K step below, ensuring
(20) is always well-defined.

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

history h at node s* and a selected act a € A, we

generate K candidate system utterances
0" ~ My(- | h,a,o0), k=1,...,K, (21)

simulate the user response for each candidate

" ~ Uy(- | h® (a,8),0), (22)
and obtain K next-history candidates
hi £ ho (a0, ap). (23)

We then select the locally best continuation by max-
imizing the downstream state value:
Vo(hy), (24

k* £ arg max

A (25)
Best-of- K filtering is directly aligned with maxi-
mizing eventual success probability.

Cache write-back (top-B by value). Let the
child node be s"t £ s @ a. We insert the se-
lected realization A and retain only the best B
elements under V¢:

H(s") TopB(?—[(str+) u{n*}, B; %),
(26)

where TopB(S, B; f) returns the subset of S of
size B with the highest scores under f(-). This
keeps memory bounded and concentrates future
sampling on high-quality realizations.



Algorithm 1 SMCTS-TOD : value-guided open-
loop MCTS planning for one turn

Require: history h;, tool outputs o;, act set A;
base LLM Mpy, user model Uy, Value-LLM
V; simulations .S, cache budget B, best-of- K
size K'; hyperparameters ¢y, A, Ty, Teval, TH, T-
st < (); H(sE) <= {h¢}; initialize tree stats

1:

2: fors=1to.Sdo

3 s sl P ] > selected edges
4 while s* expanded and not terminal do

5: sample h ~ py/(- | ') via (19)—(20)
6: compute Py(:|h), Py(-|h) by (5),(13)
7 P(-|h) = APy(|h) + (1 — NPy (-] 1)
8: select a using (15), sample ﬁzys by (21),

simulate ;" by (22)

9: form h by (23), choose kT by (25)
10: s« s @ a; write-back H(s"T)

11: append (s', a) to P; s¥ <« s'TF
12: end while

13:  if s not expanded then
14: propose Acang from Mpy; initialize stats
15: end if

16: evaluate v < V¢(h) using (10)—(11)
17: forall (s¥,a;11) € P do

%

18: update (N, W, Q) via (16)
19: end for
20: end for

21: compute mvcrs(-|h) via (17); choose a* <
arg max, N (s, a)

22: choose h* via (27)

23: return (a*, u®* stored in h*)

Response selection at execution (no re-
generation). After search selects the root act
a* = argmax, N(sff,a) (§3.5), we choose
the highest-value cached realization at the
corresponding child node:

h* £ arg Vs(h), (27)

max
heH (st Ba*)
and execute the system utterance stored in h* as the
next response. This makes execution deterministic
given the search outcome and avoids an additional
decoding call to My.

Algorithm 1 summarizes the full inference-time
planning procedure described in § 3.5 and §3.6.

3.7 Iterative Self-Distillation Flywheel

With limited high-quality seeds, V;; can be miscal-
ibrated on rare trajectories that MCTS discovers
during proactive exploration. SMCTS-TOD there-

fore uses MCTS to generate improved targets and
distills them back into V4, expanding supervision
beyond the seed set and progressively improving
planning quality.

For each planning trace, we collect tu-
ples (h,a, Qucrs(h, a)), where Qucers(h,a) =
Q(s'"(h),a), and s'"(h) denotes the open-loop
node corresponding to history h in the trace. Here
Q(-, ) is the backed-up mean value. We update V
by regressing predictions to MCTS targets:

Laisin = E(h 0)~Dyers [(qu(h, a) — Qmcrs(h, a))ﬂ .
(28)

where Dycrs is the dataset of traces collected dur-
ing planning.
We combine seed supervision and distillation:
Etotal = ﬁvalue + B ‘CdiStillu 6 > 07 (29)
where [ controls the distillation strength and Lyapue
is defined in (12). The training process of SMCTS-
TOD is shown in Alg.2 in §A.7.

4 Experiments

4.1 Experimental Setup

Protocols. We evaluate SMCTS-TOD under
two complementary protocols: (i) end-to-end gen-
eration, where the model generates the next sys-
tem utterance from the dialogue history h; (and
tool outputs o; when applicable), and (ii) interac-
tive evaluation, where the system converses with
an LLM-based user simulator until success or a
turn limit, probing proactive recovery (verification,
alternative offers, cross-domain planning). To re-
duce the known optimism of overly cooperative
simulators, we instantiate two personas (coopera-
tive vs. less-cooperative) and report results under
both (details in §A.5 and §A.1).

Datasets. We conduct experiments on Mul-
tiwOZ 2.0 (Budzianowski et al., 2018) and
SGD (Rastogi et al., 2020). We compare
against (a) fully supervised TOD systems (Sim-
pleTOD (Hosseini-Asl et al., 2020b), UBAR (Yang
et al.,, 2021b), GALAXY (He et al.,, 2022),
Mars (Sun et al., 2023), TOATOD (Bang et al.,
2023)) and (b) prompting-based LLM TOD sys-
tems (SGP-TOD (Zhang et al., 2023), Auto-
TOD (Xu et al., 2024), PROTOD (Dong et al.,
2025)). Full baseline configurations are in §A.3.



Type Model Inform?T Successt BLEUT Combf{ CBET #Unit #Trif
SimpleTOD (Hosseini-Asl et al., 2020b) 84.4 70.1 15.0 923 - - -
UBAR (Yang et al., 2021b) 83.4 70.3 17.6 94.5 2.10 478 5238
Supervised 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 - - -
SGP-TOD (Zhang et al., 2023) 83.9 69.9 9.1 86.0 - - -
Prompting 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 20.1 109.7 324 2104 15214

Table 1: MultiWOZ 2.0 end-to-end evaluation (history-only input). 1 indicates higher is better. We highlight the

top-1/top-2/top-3 with dark-to-light shading.

Metrics. We follow standard MultiWwOZ eval-
uation (Inform, Success, BLEU, Combined) and
additionally report diversity statistics (#Uni, #Tri,
CBE). Interactive evaluation reports Inform, Suc-
cess, Book, and a simulator combined score. We
further run human evaluation on 100 MultiwOZ
test dialogues with 3 annotators (turn-level and
dialogue-level ratings) and a Strategy Edit Rate to
quantify strategy reliability. Definitions and rubrics
are in §A.4 and §A.6. Implementation details are
deferred to §A.7.

4.2 Results on MultiwOZ 2.0

End-to-end generation. Table 1 reports standard
end-to-end results on MultiwOZ 2.0. SMCTS-
TOD achieves the best Inform and Success
among all compared methods, indicating strong
entity grounding and goal satisfaction. Compared
to prompting-based LLM baselines, SMCTS-
TOD also yields substantially higher BLEU, re-
flecting improved alignment with in-domain real-
izations enabled by our supervised components and
search-time response selection.

Interaction evaluation with two user simula-
tors. Table 2 reports goal completion under
proactive vs non-proactive simulators. LLM-based
TOD agents substantially outperform fully super-
vised TOD systems in interactive success, suggest-
ing that classic supervised TOD models may be
less robust when deployed in open-ended interac-
tive settings. Across both simulators, SMCTS-
TOD achieves the best overall performance. No-
tably, performance degrades less under the non-
proactive (less-cooperative) simulator, indicating
that value-guided planning is more robust when the
user provides fewer corrective signals and is less
tolerant of irrelevant turns.

Human evaluation. Table 2 also reports turn-
and dialogue-level ratings. SMCTS-TOD im-
proves dialogue-level coherence, informativeness,
and usefulness over the prompting baseline (Auto-
TOD) and matches or exceeds PROTODon most di-
mensions. While turn-level fluency is comparable
across LLM-based systems, SMCTS-TOD yields
higher dialogue-level quality, consistent with im-
proved proactive planning across turns.

Strategy-level analysis. Fig. 3 reports action-
category frequency and edit rate (ER). Compared to
PROTOD, SMCTS-TOD increases the frequency
of cross-domain offers and reduces edit rates across
proactive categories, indicating that the chosen
strategies are more often judged reasonable by hu-
mans. This provides evidence that gains are not
merely due to being “more proactive” in frequency,
but due to higher-quality proactive decisions.

protod - Freq 6.8 2.4 6.9 6.0 20.0
17.5
15.0
protod - ER 4.0 5.2 7.4 2.0 1252
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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

Table 3 reports results on SGD under the non-
proactive simulator. SMCTS-TOD improves
Inform and Success over AutoTOD and PRrRO-
TODand achieves stronger diversity statistics. We



Model Proactive Sim. ‘

Non-Proactive Sim.

‘ Turn-Level (Human) ‘Dialogue-Level (Human)

Inform?T Succt Book? CombﬂlnformT SuccT Bookt CombT‘Und’r Reat Relf FluﬂCohT Info? Uset ProT

TOATOD (Bang et al., 2023)  41.8 344 - 29.5 28.4
AutoTOD (Xu et al., 2024) 80.3 652 814 76.6 61.5
PROTOD (Dong et al., 2025)  89.5 804 870 86.6 85.7
SMCTS-TOD (Ours) 932 831 893 897 88.3

26.0 - 20.7 | 155 1.60 1.50 1.65| 1.55 145 140 148
50.7 552 572 | 175 1.73 1.78 1.85| 1.70 1.69 1.72 1.68
76.5 8.6 8.6 |18 175 1.79 1.86| 1.78 1.82 1.79 1.81
785 871 856 | 192 1.84 1.87 1.85| 191 186 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 24.9 326 2021 15149
SMCTS-TOD 60.3 279 3.89 2318 16289

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

attribute these gains to the schema-driven, multi-
constraint nature of SGD goals: users often re-
quest multiple attributes simultaneously, which in-
creases ambiguity and the need for proactive veri-
fication and alternative exploration. Value-guided
open-loop search helps prioritize high-value act se-
quences (e.g., verify — relax constraints — offer
candidates) early in the dialogue.
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Figure 4: Ablation study on MultiwOZ 2.0 and SGD.

4.4 Ablation analysis.

Fig. 4 shows that removing open-loop planning con-
sistently degrades performance, indicating that act-
sequence search (rather than utterance-state search)
is crucial for robust lookahead under stochastic
language rollouts. Replacing the learned Value-
LLM with prompt-based judging yields the largest
drop—especially on SGD—suggesting that prac-
tical planning needs low-latency, low-variance
value estimates. Using only the base-LLM prior
is stronger than prompt judging but still lags
the full model, highlighting the added benefit
of task-aligned value guidance beyond a generic
prior. Best-of-K filtering further improves re-

Depth d‘ Open-loop (Ours) | Closed-loop
‘ Incons.%]) Contr.%] Var[Vy] | ‘ Incons.%) Contr.%] Var[Vy] |
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[V,] from repeated simulations starting at the same
node.

sults by pruning low-quality local generations be-
fore they propagate through rollouts, and self-
distillation consistently outperforms the seed-only
value model, validating the MCTS-driven supervi-
sion flywheel.

Open-loop stability diagnostics. Table 4 shows
that open-loop planning is consistently more stable
than closed-loop planning across rollout depths. At
shallow depths (d = 1-2), open-loop already re-
duces both inconsistency and contradiction rates,
and yields a noticeably lower variance in value esti-
mates. As depth increases, the stability gap persists:
open-loop maintains lower inconsistency/contradic-
tion and substantially smaller Var[V,], indicating
reduced sensitivity to stochastic and potentially er-
roneous utterance realizations. Overall, these diag-
nostics support our design choice of searching over
act sequences while marginalizing utterance-level
randomness via cached realizations.

5 Conclusion

We studied how to move LLM-based task-oriented
dialogue from reactive response generation to
proactive decision-making with reliable lookahead
under sparse supervision and stochastic language
rollouts. We introduced SMCTS-TOD , an act-
level planning framework guided by a learned suc-
cess estimator, and evaluated it with both less-
biased simulator protocols and strategy-level hu-
man assessment. Empirically, SMCTS-TOD con-
sistently improves goal completion and robustness.



Limitations

Despite the gains in task completion and proac-
tivity, SMCTS-TOD still faces sparse rewards:
success is typically observed only at the end of
a dialogue, so training the Value-LLM with dis-
counted labels (or pseudo-label signals) can in-
troduce biased credit assignment for intermediate
turns. Moreover, SMCTS-TOD may suffer from
out-of-distribution (OOD) trajectories: search can
reach dialogue paths not covered by the limited
high-quality data, where the Value-LLM may be-
come miscalibrated and yield high-variance or low-
confidence estimates that misguide planning.
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Appendix
A Experimental Details

A.1 Evaluation Protocols

End-to-end generation. We evaluate the end-to-
end setting where the system produces the next re-
sponse given only the dialogue context. Concretely,
the input includes the dialogue history h; (Eq. (2))
and tool outputs o; when tool calls are enabled,
and the output is the next system utterance uflfl
This setting measures context understanding, im-
plicit action choice, and response realization under

a single unified interface.

Interactive evaluation. We evaluate goal com-
pletion via multi-turn interaction between the sys-
tem and a user simulator until: (i) success is
achieved, (ii) a maximum turn budget T}, is
reached, or (iii) the simulator terminates early
(more common for the less-cooperative persona).
This setting is designed to stress proactive behav-
iors (verification, alternative exploration, cross-
domain offers) that are not reliably captured by
single-turn generation metrics.

A.2 Datasets

MultiwOZ 2.0. MultiwOZ 2.0 is a multi-
domain human—human dialogue dataset covering
seven domains (restaurant, attraction, train, hotel,
taxi, police, hospital) (Budzianowski et al., 2018).
We follow the standard split and evaluation scripts
used in prior work.

SGD. SGD is a schema-guided TOD dataset
spanning many services (Rastogi et al., 2020). Be-
cause SGD does not provide a live database, we
implement schema-driven database/API calls from
provided snapshots and schemas, and we construct
user goals from the annotated dialogue goal repre-
sentations.

A.3 Baselines

Fully supervised TOD baselines. We include
representative supervised TOD systems trained
with full in-domain data: SimpleTOD (Hosseini-
Asl et al., 2020b), UBAR (Yang et al., 2021b),
GALAXY (Heetal., 2022), Mars (Sun et al., 2023),
and TOATOD (Bang et al., 2023). We follow the
official or commonly used open-source implemen-
tations and report scores produced by their standard
evaluation pipelines.
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Prompting-based LLM baselines. We compare
against prompting-based LLM TOD agents that
rely on instruction prompting plus tool invocation:
SGP-TOD (Zhang et al., 2023), AutoTOD (Xu
et al., 2024), and PROTOD (Dong et al., 2025).
We follow their recommended prompts and tool
interfaces whenever available, and standardize the
evaluation environment to ensure comparability:
all baselines use the same backend (MultiwOZ DB
/ SGD schema API), the same dialogue context and
tool-output formatting, and the same interaction
constraints (turn budget and tool-call limits).

A.4 Metrics

MultiWOZ end-to-end metrics. We report In-
form, Success, BLEU, and Combined following
MultiWOZ conventions. Combined is defined as:

1
Comb £ BLEU + B (Inform + Success). (30)

(Reported Combined is taken from the official eval-
uation script; minor deviations from Eq. (30) may
occur due to rounding and script details.)

Diversity metrics. We report: (i) #Uni: number
of distinct unigrams in generated system utterances,
(i1) #Tri: number of distinct trigrams, (iii) condi-
tional bigram entropy (CBE). Let p(w; | w;—1)
be the empirical conditional probability estimated
from generated text. We compute:

CBE2 — Y p(wi_1,w;) logp(w; | wi1).
(wi—1,w;)

(31

Interactive metrics. We report Inform, Success,
and Book (booking completion when applicable).
We also report a simulator combined score:

L

1 1
Combygm ilnform + 1 (Success + Book).

(32)

A.5 LLM-Based User Simulators

We implement user simulators using an instruction-
following LLM (GPT-4 in our implementation).
Each simulator is provided with a fixed user goal
(and constraints) and interacts with the system, pro-
ducing the next user utterance conditioned on the
dialogue history.

Cooperative persona (“Proactive Simulator”).
This simulator is patient and collaborative: it an-
swers clarification questions, follows reasonable



suggestions, and accepts cross-domain offers when
relevant. It approximates an upper-bound interac-
tive setting.

Less-cooperative persona (‘“Non-Proactive Sim-
ulator”). This simulator is less patient: it rejects
irrelevant offers more frequently, provides fewer
unsolicited clarifications, and may terminate early
if the dialogue does not progress. It approximates
more realistic interactions that require earlier proac-
tive planning.

Prompts and constraints. We provide the full
role prompts, termination rules, and maximum turn
budgets in Appendix A.8. This includes: (i) how
the goal is presented, (ii) refusal/acceptance crite-
ria, (iii) patience/early-stop behavior.

A.6 Human Evaluation

We randomly sample 100 MultiWOZ test dialogues.
Three graduate annotators rate model outputs on a
[0, 2] scale.

Turn-level criteria. Und: understandability of
the system utterance; Rel: relevance to dialogue
context; Flu: fluency/grammaticality; Rea: reason-
ableness (no contradictions or nonsensical actions).

Dialogue-level criteria. Coh: coherence across
turns; Inf: informativeness (useful details/options);
Use: overall usefulness toward accomplishing the
goal; Pro: proactive helpfulness (verification, sug-
gesting relevant alternatives, cross-domain assis-
tance).

Strategy-level reliability (Frequency and Strat-
egy Edit Rate). Annotators also inspect the se-
lected next-act category and edit it if unreasonable.
For category ¢ € C, we report frequency and edit
rate:

T
1
Freq(c) = T Z 1la; € ¢, 33)
t=1
ER(c) & o L 1as € - 1[edited;] 34
Zt 1 1ar € ]
A.7 Implementation Details

Models. Unless otherwise noted, we instantiate
the base dialogue model My with an instruction-
tuned 7B LLM (Qwen2.5-7B-Instruct) and
keep it frozen during our method. The Value-
LLM V, is a separate lightweight model
(Qwen2.5-1.5B-Instruct) that predicts
Vs(h,a) € [0,1] from the serialized history
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and a candidate next act, and is only used for
fast evaluation and prior shaping. We train V
with LoRA (rank =16, a=32) using binary
cross-entropy on the seed set Dgeq and MSE
on MCTS targets from Dycrs. Dseed CONtains
2,000 high-quality training dialogues (1,000 from
MultiwOZ 2.0 and 1,000 from SGD), yielding
~25K turn-level tuples (h¢, at, y) after discounting.
We run R=3 self-distillation rounds; in each
round we collect ~100K tuples (h, a, QmcTts) by
executing the planner on additional training goals,
and mix them with Dgeeq (Eq. (29)) with f=1.

Planning hyperparameters. We use S=64 sim-
ulations per turn with a maximum search depth
of 4, best-of-K rollout filtering with K=4, and a
per-node cache budget of B=8. For PUCT we set
¢p=1.5 and mix priors with A=0.5 (Eq. (14)). We
set 7,=0.25 for the value-induced prior (Eq. (13)),
Teval=0.5 for meva (Eq. (10)), 74=0.5 for cache
sampling (Eq. (19)), and 7=0.2 for the root visit-
count policy (Eq. (17)). Interactive rollouts ter-
minate on success, explicit user termination, or a
maximum turn budget of T},,x=15 (MultiwOZ)
/ 20 (SGD); we allow at most two tool calls per
system turn (one retrieval/DB call plus an optional
booking call when applicable).

Compute. We implement all models with Hug-
gingFace Transformers and run decoding with
VLLM. V; training uses bf16 on a single NVIDIA
A100-80GB GPU with batch size 256 (gradient ac-
cumulation 4), AdamW (Ir 2x10~%), and 3 epochs
per distillation round. For My generation we use
temperature 0.7, top-p 0.9, and a 256-token re-
sponse cap. On an A100-80GB GPU, V, evalua-
tion adds negligible overhead (batched scoring over
all acts), and the end-to-end planning latency aver-
ages 3-5 seconds per turn under the above S/ K /B
settings (excluding user-simulator API latency in
interactive evaluation).

The training process of SMCTS-TOD is shown
in Algorithm 2.

A.8 User Simulator Prompts

Goal format and observations. For both
personas, we provide a fixed User Goals
block (natural-language goal description) and the
Current conversation transcript. The simulator
only observes the dialogue text (user and assis-
tant utterances) and does not see any internal tool
outputs or hidden states. The simulator ends the di-
alogue by outputting the special token <END> when



Algorithm 2 SMCTS-TOD : training flywheel for

Value-LLM via MCTS self-distillation

Require: seed set Dgeq, base LLM My, user

model Uy; initialize Vj; iterations 12
1: forr =1to Rdo

2: update Vi on Dyeeq by minimizing Ly,jye
in (12)
3: run Alg. 1 on training environments to col-

lect Dyers = {(h, a, Qmers)

4: update V;, by minimizing Lo in (29) on

Dyeea U Pmcrs
5: end for
6: return trained V

the goals are achieved, when it decides to termi-
nate early (less-cooperative persona), or when the
maximum turn budget is reached (1},,x = 15 for

MultiWOZ and T3¢ = 20 for SGD).

Cooperative persona (“Proactive Simulator”).

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.
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If there is no such restaurant, how about
one that serves indian food.
Make sure you get address, phone number, and
postcode.

nnn

}

The conversation you have completed so far:

nnn

User: I'm looking for a restaurant that
serves kosher food in the west side.

Al 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!

Al 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?

Al Assistant: Here is the information you've

requested for Cocum: 71 Castle Street
City Centre,

01223366668, cb3@ah

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:

nnn

3

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

ulator”’).

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




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.

n

User Goals: {

nnn

<GOAL TEXT HERE>

nnn

3

The conversation you have completed so far:

{

nnn

<PAST TRANSCRIPT HERE>

nnn

3

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

Dialogue evaluator prompt (information extrac-

tor).

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
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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.

Al 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?

AL 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:

BN

"restaurant”: "<fill the answer of question
1>"




"address"”: "<fill the answer of question 2>"

"phone”: "<fill the answer of question 3>"

3o

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"}

B Additional results

B.1 Value-LLM efficiency.

Table 5 shows that the learned Value-LLM achieves
the best quality while substantially reducing infer-
ence cost compared to prompt-based judging. At
higher Success/Comb, Value-LLM uses fewer to-
kens per turn (318 vs. 492) and lower latency (1.3s
vs. 1.7s), indicating that fast, low-variance evalu-
ation can replace expensive prompt-level judging
without sacrificing performance. Compared to us-
ing the LLM prior only (no evaluator), Value-LLM
improves both Success and Combined score while
also being markedly more token-efficient (318 vs.
527), suggesting that explicit value guidance re-
duces wasted rollouts and leads to more economi-
cal decision-time planning.

Quality (Non-Proactive) |
Combf

Evaluator Inference Cost per Turn

Successt | Latency(s)|  #Gen calls| #Eval calls| Tokens

Value-LLM (Ours)
Prompt-judge (match Success)
LLM prior only (no evaluator)

78.5
76.1
772

1.3
1.7
1.2

0.74
091
0.89

0.67
0.79
0.82

318
492
527

85.5
83.7
84.4

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.

Table 6 shows that SMCTS-TOD maintains strong
performance across domains on a 300-dialogue
sampled test set. Train achieves the highest In-
form and Combined score, suggesting particularly
reliable entity grounding and constraint satisfac-
tion in schedule-oriented goals. Restaurant and
Attraction also show consistently high Inform/Suc-
cess, indicating that value-guided planning general-
izes well to common information-seeking domains.
Hotel exhibits the lowest Success despite strong
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BLEU, which is consistent with the higher con-
straint density and booking dependencies in hotel
goals. Overall, the results suggest that Value-LLM-
guided planning provides broad, cross-domain ben-
efits rather than being driven by a single domain.

Domain Inform? Successt BLEU{T Combf
Restaurant  95.1 84.8 17.8 107.75
Hotel 93.8 80.9 214 108.75
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 11150
Table 6: Domain-wise performance of SMCTS-

TOD on MultiwWOZ 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
Trade-off

To rule out the confounder that stronger perfor-
mance is merely due to increased inference-time
computation, we compare SMCTS-TOD against
representative LLM-based TOD baselines and our
ablations under matched inference budgets. We run
MultiWOZ 2.0 interactive evaluation with two user
personas (cooperative vs. less-cooperative), and
sweep multiple operating points for each method by
varying decoding / sampling budgets (baselines) or
planning budgets (ablations and SMCTS-TOD ).

For each run, we log Tokens/turn as the to-
tal number of tokens consumed per dialogue turn
across all model calls (e.g., system generation,
planning-time rollouts, and evaluation calls; av-
eraged over turns), and Success as the task suc-
cess rate under the corresponding simulator per-
sona. We additionally record #Gen calls/turn
(base model generation calls per turn), used as the
point-size encoding.

Fig. 5 visualizes the full quality—cost landscape
under matched budgets. Across both personas,
SMCTS-TOD lies on (or very near) the Pareto
frontier, indicating that its improvements cannot
be attributed to simply spending more tokens per
turn. Notably, the frontier advantage widens under
the less-cooperative simulator, consistent with our
claim that value-guided open-loop planning is most
beneficial when user feedback is sparse or unhelp-
ful. In contrast, removing key components (e.g.,
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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) shifts
operating points down and/or to the right, exposing
a clear quality—cost regression and supporting the
necessity of each design choice.

C Theoretical Analysis: Robustness to
User-Persona Shift

We formalize the difference between a cooperative
and a less-cooperative user persona as a shift in
the (unknown) transition kernel of an act-level dis-
counted MDP. The “state” is the dialogue history
h € H (cf. Eq. (2)), the action is a system dialogue
act a € A, and the user/environment persona 1)
induces a transition kernel Py (- | h, a) over next
histories. A (possibly stochastic) stationary policy
is7(- | h).

Value functions. Let r(h,a) € [0, Rmax] be a
bounded nonnegative reward (e.g., a terminal suc-
cess indicator, with R, = 1 in our setting), and
~v € [0,1). For a fixed persona 1) and policy m,
define the discounted return

ZVtr(hta at)

>0

Viji(ho) = E

hiv1 ~ Py(- | ht,at)]- (35)

ho, ag ~ 7T(' ‘ ht),

Define the per-(state,act) kernel discrepancy by to-
tal variation (TV):

g (h @) £ TV (Py(- | hya), Py(-| b)),
TV(p,q) £ sup p(4) —g(4). (36)

Discounted occupancy. Let (h, at)¢>0 be a tra-
jectory generated under (Py, 7) from hg. The -
discounted occupancy measure over (h, a) is

Bho(hs@) 2 (1=7) 3 ' Pr(he = h,

>0 (37)

a; = a | hy),
which is a probability distribution on H x A (as-

suming A is finite; the statement extends to general
measurable A).

Lemma 1 (Value range). For any v, , the value is
bounded as 0 < V(h) < %‘:"for all h € H.

Proof. Nonnegativity follows from r > 0. For the
upper bound,

Vi(h) =E|> 2'r(h,ar)

t>0
S Z"YtRmax
t>0
Rmax
- (38)
O

Lemma 2 (Tight TV bound for bounded functions).
Let p, q be distributions on the same measurable
space and let f be measurable with 0 < f < M.
Then

[Exmp[f (X)) = Exng f(X)]] < M-TV(p,q).
(39)

Proof. Define f 2 2f /M — 1, so that f € [-1,1].
By linearity,

Blf] - Eylfl] = 5 [Bplf] ~ Elfl] @0)

Using the dual characterization TV(p,q) =
5 SUD| g <1 [Eplg] — Eqlg]|. we have

|E,[f] —Eqlf]| < sup [E,lg] — Eqlg]| @D

llgllee<1
=2TV(p,q). (42)
Combining yields (39). O
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Lemma 3 (Occupancy identity). For any measur-
able g(h,a) with E|g(h, at)| < oo,

Eaag,,, [9(1:a)] = (1= 7) E[Liz0 19 ke, az)] -
43)

Proof. By definition of dg ho and Tonelli’s theo-
rem,

[g(h a)] 7Zdl/1h(] h a)g h (])
1-9)> 4

t>0

E(nay~ar ,

XZPrht—hatfaUlo)( )

h,a
D YElg(hs,ar)]

>0
E |:Z v g(h, az)
>0

Theorem 4 (Policy-dependent stability under per-
sona shift). Fix a policy 7 and two personas 1, 1)’.
Assume r(h,a) € [0, Rmax]. Then for any initial
history hg,

(44)

O

fyRmaX
_ 7)2
E(h,a)wd:;’ .

X

o [5¢7¢/(h, a)] .
(45)

‘szjr(ho Vd)/ ho ‘ >~

Proof. We start from the Bellman equations under
the two kernels:

VI (B) = By [r(s @) + 7 Epvp, (o) VE ()]

(46)

Vi (h) = Ear(in) |:r(h7 a) +YEwp, (ha) [Vﬁ(h/)ﬂ;}

(47)

A

Subtract (47) from (46) and define A(h)
V5 (h)=V.j,(h). The reward terms cancel, yielding

A(h) = vEqr(n) [Ehlwpw(~|h7a) [A(h/)]} (48)
+ Y Eqr(in) [Eh’NPw(~|h,a) [V (h)]

~Euep VI @9

Now consider a trajectory (h¢, a;) generated under
(Py, ) from hg. Unrolling (48) along this trajec-

tory gives the exact series

=E|> 4" G|,

>0

(50)

AN

= Egn(ln) [EPw(-\h,a) Vil =Ep,,(ha) [VJ/]} :
(5D

G(h)

which follows from repeatedly substituting (48)
into the first term and using tower property of con-
ditional expectation.

Taking absolute values and applying Jensen and
triangle inequalities,

|G(h)| = [E

< Earn(ln) ‘EP¢(-\h,a) Vil = Ep,, (e V]
(52)

arr(:|h) |:EPw(-|h,a) Vil —Ep,,(ha) [V@er]} ‘

< an(-m)[ Sup Vi (h') -

—_——
< Rmax/(1=7)

TV(Pw(- | hya), Py | h,a))]
(53)
Rmax
1o Baaim [Gvr (o )],
where (53) uses Lemma 2 with f(h') = V[ (h')

and Lemma 1.
Plugging (54) into (51) yields

< (54)

Rmax
‘A(ho)‘ S Z’ytJrl (Sw w/(ht,at)
t>0
(55)
. ’YRmax
1o, Z’Y Oy (he, at)

>0
(56)

nally apply the occupancy identity (Lemma 3)

with g(h, a) = 6y 4 (h,a):
. 1
E|Y 7 0pur(hu,ar)| = 1~
t>0 v
X Bnayedg ,, [Ovr (s a)]. (5T)
Combining (56) and (57) proves (45). ]

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

Let & £ supy, , 0y g (h, a). Then for any w and hy,
,}/Rmax

vr h() -V ho < 9 (58)
Vg 0) - Vi h)| < 2R
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Proof. From Theorem 4,

Eh.ays, [0y (hsa)] < S}?g%,w/(h, a) = &,
(59)

and substitute into (45). ]

Open-loop marginalization tightens the effective
shift. We now connect open-loop planning to a
strictly smaller (or equal) kernel shift. Let z €
Z denote a stochastic utterance/tool realization
at a node (e.g., the sampled system surface form,
sampled user reply, and tool outputs). Assume
that conditioned on (h, a, z), persona 1) induces a
refined kernel Py (- | h,a, z). Let G(- | h, a) be the
distribution over realizations used by the planner
(e.g., induced by cache sampling and best-of- K
filtering), and define the marginalized kernel

Py(-| hya) 2 E.oapina [Po(- | hsa,2)].
(60)

Theorem 6 (TV contraction under marginalization).
For any (h,a),

TV<Pw(' | hya), Pyl | ’W)) =BG fha)

x [Tv(Pw(. | hya,z), Pyl | h,a,z))] 61)

Consequently, supy, , TV(Py(- | h,a), Py(- |
h7a)) < SUPp g,z TV(P@Z)(' ’ h,a, 2’)7Pw’(' ‘
h,a,z)).

Proof. Fix (h,a) and write p,(-) = Py(- | h,a, 2)

and ¢,(-) £ Py(- | h,a,z). Using TV(p,q) =
3|lp — ¢||1 and linearity of expectation,

_ 1
TV <P¢, Pw/) 5 |E.~clp: — QZ]||1 (62)

1
< SEug [l — a-l]  (63)
=E..c [ TV(p., QZ)] ) (64)

where (63) is Jensen’s inequality applied to the con-
vex norm || - ||;. This proves (61). Taking suprema
over (h,a) and using E.[TV(-)] < sup, TV()
yields the final statement. O

Corollary 7 (Improved robustness bound un-
der open-loop marginalization). Consider the
marginalized kernels Pw, ow from (60) and define
the induced discrepancy

Sy (hia) 2 TV(Py(- | hya), Pyl | hya)).
(65)
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Then Theorem 4 holds with 0y replaced by 5¢,¢/,
and moreover 6., g (h, a) is upper bounded by the
average refined discrepancy via Theorem 6.

Proof. Apply Theorem 4 to the MDP with tran-
sition kernels Pw and sz. The marginalization
inequality follows directly from Theorem 6. [

Interpretation. Corollary 7 formalizes that inte-
grating out stochastic utterance/tool realizations
cannot increase the effective persona shift mea-
sured in total variation, thereby tightening the
degradation bound (45)—(58). In SMCTS-TOD ,
open-loop act-level search with a bounded rollout
cache implements such a marginalization (with G
induced by cache sampling and best-of-K'), which
provides a principled explanation for the empir-
ically smaller performance drop under the less-
cooperative simulator.
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