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Abstract

Traditional task-oriented dialog systems are un-
able to evolve from ongoing interactions or
adapt to new domains after deployment, that
is a critical limitation in real-world dynamic
environments. Continual learning approaches
depend on episodic retraining with human-
curated data, failing to achieve autonomy life-
long improvement. While evolutionary compu-
tation and LLM driven self-improvement offer
promising mechanisms for dialog optimization,
they lack a unified framework for holistic, itera-
tive strategy refinement. To bridge this gap, we
propose DarwinTOD1, a lifelong self-evolving
dialog framework that systematically integrates
these two paradigms, enabling continuous strat-
egy optimization from a zero-shot base without
task-specific fine-tuning. DarwinTOD main-
tains an Evolvable Strategy Bank and operates
through a dual-loop process: online multi-agent
dialog execution with peer critique, and offline
structured evolutionary operations that refine
the strategy bank using accumulated feedback.
This closed-loop design enables autonomous
continuous improvement without human in-
tervention. Extensive experiments show that
DarwinTOD surpasses previous state-of-the-art
methods and exhibits continuous performance
gains throughout evolution. Our work provides
a novel framework for building dialog systems
with lifelong self-evolution capabilities.

1 Introduction

Task-oriented dialog (TOD) systems aim to assist
users in achieving specific goals through natural
language conversations, with applications like cus-
tomer service and personal assistants. Despite ad-
vances, deployed systems remain static, unable to
learn from ongoing interactions (Madotto et al.,
2021). This conflicts with real-world needs where
user preferences and domains evolve continuously.

*Corresponding Author.
1https://github.com/carsonz/DarwinTOD

Truly intelligent dialog agents require lifelong self-
evolution capabilities to refine strategies through-
out their operational lifespan. This creates a critical
gap between research prototypes and deployable
systems: the former are often evaluated on static
benchmarks, while the latter must operate in a dy-
namic, open-ended world. Bridging this gap neces-
sitates a paradigm shift towards systems endowed
with lifelong self-evolution to autonomously refine
their conversational strategies through continuous
interaction.

Current TOD paradigms fail to meet this require-
ment. Pipeline modular systems decompose di-
alog into components like natural language un-
derstanding (NLU), dialog state tracking (DST),
dialog policy (DP) and natural language genera-
tion (NLG) (Ding et al., 2024a; Gong et al., 2025),
but suffer from cascaded error propagation and be-
come brittle to new domains (Huang et al., 2023).
End-to-end LLM-based approaches show strong
generalization via instruction following (King and
Flanigan, 2024; Xu et al., 2024), but remain static
after initial training, lacking continuous improve-
ment mechanisms (Li et al., 2025). Even continual
learning methods rely on episodic retraining with
curated data (Zeng et al., 2025; Xu et al., 2023),
not achieving autonomous evolution. The emer-
gence of modern large language models (LLMs)
provides a new foundation with their advanced in-
struction following, reasoning, and text generation
capabilities. As depicted in Figure 1, these limita-
tions motivate our core Research Question: How
can we achieve lifelong self-evolution for TOD sys-
tem, enabling it to continuously and autonomously
improve from its own interactions?

Evolutionary computation and LLM driven self-
improvement offer promising directions. Evolu-
tionary algorithms enable population-based opti-
mization for prompts (Fernando et al., 2024; Guo
et al., 2024) and policies (Zhao et al., 2025). LLM-
based multi-agent systems solve complex problems
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Figure 1: Motivation comparison of TOD architectures. Both pipeline and end-to-end TOD systems suffer from
cascaded errors or lack experience driven improvement, while DarwinTOD enables lifelong self-evolution via a
dual-loop architecture to achieve autonomous improvement.

through collaboration (Su et al., 2025; Cheng et al.,
2024), while self-evolving frameworks refine agent
behavior through experience (Zhang et al., 2025a;
Fang et al., 2025). However, these approaches re-
main fragmented: evolutionary methods optimize
isolated prompts without addressing holistic dialog
strategy lifecycles; multi-agent systems often fo-
cus on single-turn dialog; and self-evolving frame-
works lack structured dialog management.

We introduce DarwinTOD, a lifelong self-
evolving dialog framework that integrates evolu-
tionary computation with modern LLM driven strat-
egy optimization. Unlike conventional prompt en-
gineering, DarwinTOD operates as a population-
based evolutionary system that undergoes paral-
lel competition, fitness based selection, and elim-
ination through a closed-loop, lifelong evolution-
ary cycle. Its core is an Evolvable Strategy Bank
(ESB) and a dual-loop process: online multi-agent
execution with peer critique, followed by offline
structured evolution using accumulated feedback.
This closed-loop design enables fully autonomous
self-improvement from a minimal starting point,
without task-specific fine-tuning or human cura-
tion. Our contributions are as follows.
(1) We introduce a novel lifelong self-evolution
framework for TOD that systematically integrates
LLM-driven evolutionary optimization.
(2) We propose a structured mechanism centered
on dynamic ESB and dual-loop cycle that enables
self-improvement without human intervention.
(3) Extensive empirical validation showing state-
of-the-art (SOTA) performance through sustained
autonomous evolution.

2 Related Work

TOD Systems. TOD research has evolved through
distinct paradigms, each addressing aspects of
generalization and adaptability, but none achiev-
ing true lifelong autonomy. Pipeline systems de-
compose dialog into specialized components, en-

abling interpretability but suffering from error prop-
agation and costly domain re-engineering (Wu
et al., 2019; Zhang et al., 2020). End-to-end ap-
proaches leverage LLMs to generate responses di-
rectly, improving generalization via instruction fol-
lowing (Hosseini-Asl et al., 2020; Yang et al., 2021)
but remaining fixed after deployment. Continual
learning methods introduce incremental updates to
handle new domains or tasks (Liu and Mazumder,
2021; Madotto et al., 2021; Zhao et al., 2022; Kim
et al., 2025), yet operate with explicit task bound-
aries and require episodic retraining with curated
data or generative replay. Recent works have high-
lighted the need for continuous learning during
conversation (Mazumder and Liu, 2022) and self-
evolution capabilities (Tao et al., 2024). A par-
allel work explores LLM-based agents that can
call external tools or APIs dynamically (Xu et al.,
2024, 2025a), and self explanation prompting can
improve dialog understanding (Gao et al., 2024a),
but these methods remain static after deployment.
These limitations collectively highlight the need for
a paradigm shift toward systems capable of endoge-
nous self-evolution without human intervention.

Evolutionary Computation. Evolutionary al-
gorithms provide a population-based optimization
paradigm, while LLMs with remarkable prowess
as general-purpose controllers and optimizers serve
as intelligent evolution operators. Classical EAs
have been applied to TOD (Zhao et al., 2025) but
lack semantic awareness. LLM driven evolution
shows promise in prompt engineering (Fernando
et al., 2024; Agarwal et al., 2025) and game genera-
tion (Todd et al., 2024), with surveys outlining this
synergy (Wu et al., 2025). However, existing meth-
ods target single-turn or static-goal tasks, lacking
systematic support for multi-turn dialog challenges
within a lifelong learning framework.

Self Evolving Agents. Research on self-
improving agents spans self-reflection (Shim et al.,
2025), multi-agent collaboration (Su et al., 2025;
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Chen et al., 2025), and memory-augmented learn-
ing (Tan et al., 2025). Recent frameworks enable
iterative self-improvement via LLMs (Zhang et al.,
2025b; Zhai et al., 2025; Gao et al., 2024b). How-
ever, these approaches typically focus on updat-
ing parameters of a single agent or optimizing for
single-turn tasks, and do not address the unique
challenges of multi-domain and multi-turn conver-
sational strategy evolution in TOD. DarwinTOD
addresses these gaps by introducing a dedicated
ESB as an evolving population, dialog specific evo-
lutionary operators, and a dual-loop architecture
for continuous autonomous refinement.

3 Methodology

DarwinTOD unifies evolutionary computation with
LLM driven strategy optimization, moving beyond
single prompt tuning to a population-based evolu-
tionary paradigm where strategies compete, mutate,
and are selected through a structured dual-loop pro-
cess. We establish its theoretical foundation by for-
malizing dialog as a Partially Observable Markov
Decision Process (POMDP) and strategy evolu-
tion as a Markov chain, instantiated in a dual-loop
algorithmic framework that enables autonomous
lifelong adaptation without human intervention.

3.1 Theoretical Foundation
We formalize TOD as a POMDP to capture its se-
quential and partially observable nature, defined
by the tuple {S,A, T ,R,Ω,O}. Here, S is the
state space, typically comprising the user goal g,
database results db, and dialog history h; A is the
action space of system acts; T is the state transi-
tion function, implemented by the user simulator;
R is the reward function, provided by the dialog
manager and offline evolution; Ω is the observa-
tion space (user utterance u); O is the observation
function, corresponding to user utterance genera-
tion. The system maintains a belief state bt(s). Our
objective is to optimize a dialog policy π : b 7→ a
that maps belief states to actions, maximizing the
expected cumulative reward:

J(π) = Eζ∼p(ζ|π)

[
T∑

t=0

R(st, at)
]
. (1)

where ζ denotes a dialog trajectory.
We model the lifelong evolution of dialog strate-

gies by treating the Evolvable Strategy Bank (ESB)
as a population in a Markov chain over generations.
The ESB in generation t, denoted Πt, transitions to

Πt+1 through selection, feedback evaluation, and
evolutionary operators. Each strategy π ∈ Πt is
assigned a fitness score ϕ(π) that balances its his-
torical performance against its age to prevent stag-
nation:

ϕ(π) =
H+

π −H−
π

Nπ + ϵ
+ α · norm(πgen). (2)

Here, H+
π /H−

π are positive/negative feedback
counts (updated after each dialog based on task
success and peer critiques), Nπ is the total usage
count, πgen is the generation index, and norm(·) de-
notes global min-max normalization to scale πgen to
the range [0, 1]. The term ϵ is a smoothing constant
and α controls the age penalty, which discourages
the use of older strategies and prevents premature
convergence. This fitness function explicitly bal-
ances exploitation of high-performing strategies
with penalization of older strategies, similar to evo-
lutionary algorithms that maintain diversity and
avoid premature convergence.

During online execution, a strategy πi applicable
to domain d is selected stochastically according to
a Boltzmann distribution based on its fitness:

P (πi|d) =
I(d ∈ di) · exp

(
ϕ(πi)/τ

)
∑

j I(d ∈ dj) · exp
(
ϕ(πj)/τ

) . (3)

where I(·) is the indicator function, di is the set of
domains, this function restricts selection to strate-
gies applicable to the current domains d. And
τ > 0 is a temperature parameter controlling the ex-
ploration exploitation trade-off, a higher τ encour-
ages exploration of lower fitness strategies, while
a lower τ favors exploitation of high-fitness ones,
analogous to simulated annealing in evolutionary
computation.

As detailed analysis in Appendix A, the evolu-
tionary process is designed to be robust to noisy
mutations and potential biases in LLM generated
critiques. The fitness function (Eq. 2) smooths and
normalizes feedback over multi-turn interactions,
guiding selection pressure toward strategies with
consistently high performance. Boltzmann selec-
tion (Eq. 3) balances exploration and exploitation
based on long term fitness, preventing premature
convergence to local optima caused by single noisy
critiques. This structured evolution constitutes a
directed search in semantic strategy space, where
periodic pruning eliminates persistently low-fitness
candidates. Consequently, the closed-loop design
enables the ESB to progressively concentrate on
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Figure 2: DarwinTOD’s dual-loop algorithm framework. The online phase executes dialogs via multi-agent collabo-
ration (DST/DP/NLG/UserSim) with peer critique, retrieving strategies from ESB through Boltzmann selection and
logging interactions to SSM. The offline phase triggers evolutionary operations (Generate/Mutate/Consolidate/Prune)
based on SSM feedback to update ESB, forming a closed-loop for autonomous strategy refinement.

higher performing strategies over time, as validated
by experiments in Sec. 4.2.

3.2 Algorithmic Framework

Figure 2 depicts the dual-loop architecture of Dar-
winTOD, which couples online POMDP evaluation
with offline Markov chain based evolution. This
materializes the theory analysis into an executable
algorithmic process. The complete pseudocode and
prompts are provided in Sec. F and G respectively.

3.2.1 Core Data Structures
The ESB maintains a population of dialog
strategies, each represented as a tuple πi =
{idi, di, ci,mi}. Here, idi is a unique identi-
fier, di denotes applicable domains, ci is the nat-
ural language description of the strategy, and
mi = {h+i , h−i , ni, geni} records metadata: pos-
itive/negative feedback counts, usage count, and
generation index. Each strategy also includes a ra-
tionale field and a lifecycle flag indicating whether
it is active.

The SSM stores complete dialog trajectories for
evolutionary learning. Each trajectory H is struc-
tured as a tuple {d, g,Πused, (ut, rt, bt, at, ct)

T
t=1},

where d is domain/domains, g the user goal, Πused

is the set of strategies employed, and each turn con-

tains the user utterance ut, system response rt, the
current belief state bt, the system action at, and a
structured critique log ct, which includes rationales
for each agent and self evaluations, which are used
during offline evolution.

ESB and SSM instantiate the theoretical strategy
population and experience buffer, respectively.

3.2.2 Online Execution
The online phase implements the POMDP policy
evaluation through four specialized LLM agents:
DST (Dialog State Tracker), DP (Dialog Policy),
NLG (Natural Language Generator), and UserSim
(User Simulator). For each dialog turn t:
Strategy Retrieval: Each agent retrieves a strat-
egy from ESB using the domain-aware Boltzmann
selection defined in Eq. 3.
Multi-Agent Execution: Agents operate sequen-
tially with built-in critique:

ut
DST−−−−→

critique
bt

DP−−−−→
critique

at
NLG−−−−→

critique
rt

UserSim−−−−→
critique

.

Each agent first critiques the previous agent’s out-
put, and then produces its own output with justifi-
cation. This pipeline realizes POMDP evaluation
(Eq. 1): DST updates the belief state bt, DP selects
the system action at and queries database if needed,
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NLG generates the response rt, and UserSim pro-
vides critique based on rt. These critiques serve as
immediate reward signals for offline evolution.
Note: In the main experiments, UserSim does not
generate the next user utterance ut+1; instead, it
leverages the next user utterance from the dataset.
Feedback Collection: Dialog Manager provides
the task success assessment; the usage count ni of
each involved strategy is updated; and the entire
interaction record and agent critiques are stored
in SSM. This collected experience serves as the
training corpus for offline strategy evolution.

3.2.3 Offline Evolution
After each dialog episode, the offline phase re-
fines ESB through four evolutionary operators, trig-
gered by interaction feedback and population met-
rics. The system sustains autonomous improve-
ment amid noisy variation, and not depend on every
critique or every mutation. Instead, by selecting
and pruning, it filters out detrimental changes while
preserving productive ones.
(1) Genesis is triggered when a domain or a combi-
nation of domains is encountered and no strategies
exist for it. For each agent type, it synthesizes K
strategies based solely on the domain name and
the agent’s role description, without leveraging any
prior dialog history. Formally, for a given agent
type ag and domain d, the operator generates a
set of new strategies G(Πnew, d) ∼MLLM(GEN |
d, ag)Ki=1. The resulting strategies are added to
ESB, providing an initial policy repertoire for the
new domain without any training data in the do-
main.
(2) Mutation is applied to strategy π that was in-
volved in a failed dialog or received negative cri-
tiques. The operator first uses an LLM to assess
whether π was helpful, neutral, or harmful in the
given context, and updates its corresponding feed-
back counts in the ESB. Then it prompts one to
generate a revised strategy π′ that addresses the
identified shortcomings, with the failed trajectory
and critiques: π′ ∼ MLLM(MUT | π,H). The
newly created strategy π′ inherits the metadata of
π but with its generation index incremented.
(3) Consolidation merges a set of n highly similar
strategies, if the cosine distances of their SBERT
encoded strategy texts exceed threshold δ. The
new strategy πc is synthesized by prompting an
LLM with the combined content of n source strate-
gies, its metadata is set to the average of the origi-
nal, and the maximum generation index plus one:

πc ∼ MLLM(CON | π1, π2, . . . , πn). The origi-
nal n strategies are then removed from the ESB to
maintain a compact and diverse population.
(4) Pruning maintains a bounded population size
M by discarding the lowest fitness strategies af-
ter each episode. Strategies are ranked by fitness
ϕ(π), and only the top-M are retained: P (Πt) =
Πt \ {π | rank(ϕ(π)) > M}. This ensures
computational efficiency while preserving high-
performing and diverse strategies.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate DarwinTOD on two es-
tablished benchmarks: three versions of Multi-
WOZ (Budzianowski et al., 2018; Eric et al., 2020;
Zang et al., 2020) and SGD (Rastogi et al., 2020).
These datasets provide multi-domain conversa-
tional data and are standard for evaluating TOD
system capabilities, details in Appendix B.1.
Baselines. We compare against several strong and
recent baselines, including representative pipeline
and end-to-end approaches. All baseline results
were reported from the original papers. See Ap-
pendix B.2 for details.
Metrics. Following standard TOD evaluation pro-
tocols, we employ four automatic metrics, the same
as in the previous SOTA AgentTOD (Xu et al.,
2025b). Inform: Measures whether the system
provides the correct entity requested by the user.
Success: Measures whether the system success-
fully answers all user constraints. BLEU (Papineni
et al., 2002): Evaluates the quality of the generated
response comparing the ground truth, assessing
fluency. Combine: A composite score defined as
Combine = (Inform + Success) × 0.5 + BLEU,
providing an overall performance measure. For a
detailed discussion on the suitability and limita-
tions of BLEU, refer to Appendix B.3.
Implementation Details. DarwinTOD reads the
user’s utterance from the training dataset for on-
line execution, records the process data in SSM,
and performs offline evolution after each dialog
episode. DarwinTOD starts with initial ESB gener-
ated by genesis operation solely on domain names
and agent role descriptions. We use Llama, Qwen,
and GPT as backbone LLMs. More details, hy-
perparameters, and prompts are provided in Ap-
pendix B.4 and G.
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Table 1: Performance comparison between DarwinTOD and baseline models on MultiWOZ 2.0, 2.1, and 2.2.
Metrics include: Inform, Success (Succ.), BLEU, and Combine (Comb.). Bold indicates the best score for metrics.
All results of baselines were reported from original papers.

Model Year
MultiWOZ 2.0 MultiWOZ 2.1 MultiWOZ 2.2

Inform Succ. BLEU Comb. Inform Succ. BLEU Comb. Inform Succ. BLEU Comb.
SimpleTOD 2020 84.40 70.10 15.01 92.26 85.00 70.50 15.23 92.98 - - - -
MinTL 2020 84.88 74.91 17.89 97.79 - - - - 73.7 65.4 19.4 89.0
SOLOIST 2021 85.50 72.90 16.54 95.74 - - - - 82.3 72.4 13.6 90.9
UBAR 2021 95.40 80.70 17.00 105.05 95.70 81.80 16.50 105.25 83.4 70.3 17.6 94.4
PPTOD 2022 89.20 79.40 18.62 102.92 87.09 79.08 19.17 102.26 - - - -
BORT 2022 93.80 85.80 18.50 108.30 - - - - 85.5 77.4 17.9 99.4
GALAXY 2022 94.40 85.30 20.50 110.35 95.30 86.20 20.01 110.76 85.4 75.7 19.6 100.2
TOATOD 2023 - - - - 97.00 87.40 17.12 109.32 90.0 79.8 17.0 101.9
SGP-TOD 2023 83.88 69.87 9.09 85.97 - - - - 82.00 72.50 9.22 86.47
AutoTOD 2024 91.70 84.40 10.40 98.50 - - - - - - - -
KMc-ToD 2024 93.90 84.70 20.20 109.30 93.20 84.90 19.60 108.70 - - - -
ProTOD 2025 91.70 83.30 8.90 96.40 - - - - - - - -
OmniDialog 2025 92.20 79.30 18.57 104.32 - - - - - - - -
AgentTOD (Prev. SOTA) 2025 95.27 88.95 21.77 113.88 96.73 89.92 20.54 113.87 90.90 81.25 18.49 104.56
DarwinTOD (Llama3-8B) 2026 96.92 89.14 21.83 114.86 98.73 91.42 19.96 115.04 92.58 83.97 17.98 106.26
DarwinTOD (Qwen2.5-7B) 2026 97.63 90.28 21.55 115.51 98.92 91.85 20.18 115.57 92.14 84.33 18.34 106.58
DarwinTOD (Qwen3-8B) 2026 98.34 92.86 21.74 117.34 99.62 94.18 20.33 117.23 94.73 87.25 18.41 109.40
DarwinTOD (GPT-5.1) 2026 99.10 96.20 22.94 120.59 99.40 96.50 22.19 120.14 96.48 90.12 21.98 115.28
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Figure 3: Combine metric evolution across genera-
tions on MultiWOZ 2.0. All backbones show mono-
tonic improvement, and the rapid early gains reflect the
exploration-exploitation trade-off inherent in evolution-
ary optimization.

4.2 Main Results

The experimental results in Table 1 and Appendix
Table 6 demonstrate that DarwinTOD achieves
SOTA performance across all MultiWOZ versions,
, with additional validation on MultiWOZ 2.4 and
SGD-X (Appendix C.5). This consistent superior-
ity is a validation of the theoretical framework in
Sec. 3.1, effectively amplifying high-fitness strate-
gies and suppressing poor ones. The improved
performance demonstrates that the framework ef-
fectively capitalizes on the enhanced comprehen-
sion and instruction following capabilities of mod-
ern LLMs. In particular, even with fewer parame-
ters, Qwen3-4B outperforms both Llama3-8B and
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Figure 4: Evolutionary dynamics of ESB across genera-
tions on MultiWOZ 2.0 with Qwen3-8B. The simultane-
ous rise and subsequent decline of entropy and fitness,
coupled with increasing pairwise similarity, demon-
strates a self organizing transition from exploratory di-
versity to exploitative convergence.

Qwen2.5-7B, highlighting the importance of ar-
chitectural advancements alongside model scale.
Furthermore, the improvement in Combine score
across generations (Fig. 3) empirically validates the
convergence property of the evolutionary Markov
chain derived in Appendix A.3, demonstrating that
the stochastic LLM driven mutation operator is suc-
cessfully filtered by selection and pruning, leading
to expected fitness increase.

The generational dynamics in Fig. 3 reveal that
performance improves rapidly in early generations
and slows as task success rates rise, reflecting the
exploration exploitation trade-off inherent in evo-
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lutionary optimization. To dissect the internal evo-
lutionary mechanisms, we conduct detailed experi-
ments (Appendix C.2), then uncover three comple-
mentary patterns: (1) DP strategies undergo signifi-
cantly more revisions than other modules (Table 8),
indicating evolutionary focus on the core decision
making component; (2) Strategies progressively
cluster into domain distinct groups in embedding
space (Fig. 5 and 6), demonstrating structural self
organization; and (3) Information entropy and fit-
ness peak then decline while pairwise similarity
rises (Fig. 4), reflecting a shift from exploration to
exploitation. Together, these patterns reveal that
DarwinTOD’s improvement stems from system-
atic knowledge consolidation: it autonomously al-
locates evolutionary effort to the most impactful
module, drives semantic specialization through do-
main feedback, and balances diversity maintenance
with selective convergence. This internal self or-
ganization, mirrored in the external performance
gains, confirms that DarwinTOD achieves genuine
lifelong learning through structured evolutionary
dynamics rather than incremental patching.

To evaluate the adaptability of DarwinTOD un-
der data scarcity conditions and in the absence
of task-specific training data, we conduct compre-
hensive few-shot experiments (Appendix C.3) and
zero-shot experiments (Appendix C.4). The results
demonstrate that the system can effectively lever-
age its evolutionary operators to rapidly bootstrap
and refine strategies from limited interactions. In
both settings, it exhibits strong performance and
surpasses previous SOTA methods. This confirms
that DarwinTOD achieves robust zero-shot gener-
alization through its modular architecture and ex-
plicit reasoning pathways. In practical deployment,
its performance on unseen domains can be further
enhanced through continuous offline evolution.

Furthermore, the domain-incremental contin-
ual learning experiment (Appendix C.6) demon-
strates that DarwinTOD effectively resists catas-
trophic forgetting. Introducing new domains se-
quentially does not degrade performance on pre-
viously learned domains. This robustness stems
from the ESB’s domain-isolated strategy pools and
fitness-based selection. These results further under-
score the framework’s capacity for stable, lifelong
adaptation in dynamic environments.

4.3 Ablation Study
The ablation results (Table 2) indicate that each
component of DarwinTOD contributes substan-

Table 2: Ablation study of DarwinTOD components on
MultiWOZ 2.0 with Qwen3-8B backbone. ∆ indicates
combine change relative to the full system.

Variant Inform Succ. BLEU Combine ∆

DarwinTOD (Full) 98.34 92.86 21.74 117.34 –

Online Execution Variants
w/o Reasoning 92.53 86.93 20.95 110.68 −6.66
w/o Peer Critique 82.79 77.78 18.74 99.03 −18.31
w/ E2E Agent 78.00 78.00 17.54 95.54 −21.80

Offline Evolution Variants
w/o Evolution 75.25 70.96 19.17 92.28 −25.06
w/o Consolidate 92.71 87.11 20.99 110.91 −6.43
w/o Prune 91.56 86.01 20.73 109.51 −7.83

Selection & Retrieval Variants
w/ Roulette Wheel 94.48 88.76 21.39 113.01 −4.33
w/ Random 93.50 87.84 21.17 111.84 −5.50
w/ ϵ-Greedy 95.45 89.67 21.61 114.17 −3.17

tially to overall performance.

Online Execution Variants. Removing agent
reasoning (w/o Reasoning) degrades performance,
as subsequent agents cannot integrate prior out-
puts and rationales, so critiques lack substantive
grounding. Removing peer critique (w/o Peer Cri-
tique) causes a significant drop, since evolution de-
pends only on sparse end of dialog success signals,
whereas per-turn critiques provide dense incremen-
tal feedback. Replacing the modular pipeline with a
monolithic end-to-end agent (w/ E2E Agent) causes
largest performance drop, validating the POMDP
theory: pipeline modules not only prevent cascad-
ing error propagation, but also enhance structured
state reasoning for targeted strategy evolution.

Offline Evolution Variants. Disabling the offline
evolutionary loop (w/o Evolution) corresponds to
the zero-shot setup, where each agent uses a single
manually designed domain-agnostic static strategy.
Although such strategies can achieve strong per-
formance, they lack the ability to adapt to specific
domains or learn from interaction failures and neg-
ative critiques. Without consolidation (w/o Con-
solidate) or pruning (w/o Prune), the strategy bank
becomes redundant and inefficient. This confirms
that consolidation and pruning are crucial for main-
taining a compact and high-performing ESB.

Selection Variants. Replacing Boltzmann selec-
tion with roulette-wheel, uniform random sampling,
or ϵ-greedy (ϵ = 0.1) yields lower performance,
demonstrating that Boltzmann is superior for bal-
ancing exploitation of high-fitness strategies with
exploration of newer ones. These results confirm
that effective lifelong learning requires an explicit
balance between exploration and exploitation.
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4.4 Human and Real World Evaluation

To complement automated metrics, we conduct
four complementary evaluations (Appendix E) as-
sessing the practical utility, safety, and user ex-
perience of DarwinTOD’s evolved strategies. An
expert evaluation (Fig. 9) rated strategies from dif-
ferent LLM backbones in five dimensions. Re-
sults show evolved strategies achieve high scores
in all backbones, with safety and interpretability
being particularly robust, indicating that evolution-
ary pressure combined with structured peer critique
inherently promotes aligned and comprehensible
policies.

The real-user study (Table 17) shows the second
half of dialogs exhibited a 3.51 point increase in
success rate and a reduction of 2.44 turns on aver-
age, demonstrating that the system improves con-
tinuously through interaction. To further validate
this lifelong self-evolution capability in fully au-
tonomous, open-ended settings, we conduct large-
scale simulated user experiments (Appendix D.3),
where the user simulator autonomously generates
complete dialogs based on diverse goals and per-
sonalities. As reported in Appendix Table 18, Dar-
winTOD achieves consistent and significant im-
provements in task success and turn efficiency over
hundreds of dialogs, closely mirroring the real-user
findings and confirming that the system can evolve
without human intervention.

An adversarial and off-topic input test (Table 19)
confirms that the system maintains task focus and
generates safe, natural responses even under chal-
lenging input. These results collectively indicate
that DarwinTOD’s self-evolution translates into tan-
gible gains in real-world usability and user percep-
tion, while its architecture inherently ensures ro-
bustness and goal-directed recovery without cascad-
ing failures. This work bridges the gap between au-
tonomous optimization and practical deployment,
offering a path toward conversational agents that
continuously improve through interaction while re-
maining robust and aligned.

5 Analysis

Supplementary experiments (Appendix D) reveal
how the dual-loop architecture balances autonomy,
robustness, and efficiency. The initialization anal-
ysis (Table 14) confirms that the system is robust
to various starting conditions, whether minimal de-
scriptions, small strategy banks, or even expert cu-
rated seeds. Performance converges to near expert

levels regardless of initial quality, demonstrating
that the evolutionary loop effectively compensates
for sparse prior knowledge. This aligns with the
theoretical Markov chain model (Appendix A.3):
fitness driven selection and pruning gradually filter
out noisy mutations, enabling the population to self
organize toward high performance strategies with-
out manual tuning. The result underscores a fun-
damental advantage of evolutionary learning over
fixed or episodic update paradigms: the system can
bootstrap and refine dialog policies from near-zero
knowledge, reducing dependency on costly human
curation.

The sensitivity study of Boltzmann temperature
τ (Fig. 7) highlights the trade-off between explo-
ration and exploitation. Optimal performance at
τ = 1.0 reflects balance, while excessively low τ
leads to premature convergence, and high τ slows
progress by diluting selection pressure. This mir-
rors classic evolutionary algorithms and reinforce-
ment learning, yet here the balance is managed
implicitly through a single interpretable parameter.
The finding validates that DarwinTOD’s selection
mechanism not only supports sustained improve-
ment but also offers a tunable knob for adapting
to different environments, a property essential for
deployment in dynamic real-world settings.

The cross-model evolution and efficiency anal-
ysis (Appendix D.3) highlight the practical scala-
bility and architectural flexibility of DarwinTOD.
Using a powerful LLM only for offline evolution
can substantially boost performance even when
online agents are lightweight, confirming that evo-
lution can be decoupled from execution to opti-
mize both cost and latency. In contrast, aggressive
real-time feedback mechanisms such as online ar-
bitration or per-turn evolution offer diminishing
returns relative to their computational overhead,
which reinforces our choice of post-dialog offline
evolution as a sustainable compromise. Together,
these results show that the modular dual-loop de-
sign of DarwinTOD not only enables autonomous
self-improvement but also supports efficient de-
ployment strategies. Specifically, lightweight mod-
els handle real-time dialog for low latency, while
more capable models perform asynchronous offline
evolution. This arrangement provides a practical
balance among latency, cost, and performance for
production deployment.

To illustrate the internal evolutionary dynamics
and error resilience of DarwinTOD, we conduct
two case studies in Appendix H: one traces the evo-
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lutionary trajectory of a DP strategy across genera-
tions, and another examines how peer critique both
prevents cascading errors and catalyzes targeted
strategy evolution in a multi-domain dialog. These
studies collectively validate that the dual-loop ar-
chitecture enables continuous strategy refinement
and robust error containment through structured
evolution and inter-agent critique.

6 Conclusion

DarwinTOD advances self-evolving dialog sys-
tems by formulating strategy optimization as the
population-based evolutionary process. Unlike tra-
ditional prompt engineering, which seeks a sin-
gle best prompt for a static task, our system main-
tains a diverse and competing set of strategies that
continuously adapt through interaction. This shift
from point wise prompt tuning to population wise
strategy evolution enables truly lifelong and au-
tonomous improvement in dynamic TOD settings.
DarwinTOD achieves SOTA performance across
benchmarks and demonstrates sustained improve-
ment via structured evolutionary dynamics. Our
experiments show that the Evolvable Strategy Bank
self organizes into domain specialized and high-
fitness strategies, and human evaluations confirm
the safety, interpretability, and practical effective-
ness of the evolved strategies. This work estab-
lishes a scalable foundation for building continu-
ously learning conversational agents, opening av-
enues for more efficient evolutionary operators and
human-in-the-loop adaptation in autonomous inter-
active systems.

Limitations

Although DarwinTOD has been rigorously vali-
dated on established TOD benchmarks such as
MultiWOZ and SGD, its practical utility may be
constrained by the current reliance on simulated
interactions. To fully realize task completion in
real-world deployments, the framework would ben-
efit from enhanced capabilities in function calling
and agent oriented orchestration, enabling robust
integration with external systems and dynamic tool
execution. Future work should strengthen these
aspects to bridge the gap between benchmark per-
formance and operational effectiveness in open en-
vironments.

DarwinTOD’s dual-loop architecture introduces
additional system complexity compared to static
end-to-end models. The online multi-agent

pipeline with per-turn peer critique increases infer-
ence latency proportionally to the number of agents,
which may challenge real-time requirements in
latency-sensitive applications (e.g., voice assis-
tants). The offline evolutionary loop, while asyn-
chronous, still requires computational resources
for strategy mutation, consolidation, and pruning.
In resource-constrained or high-frequency interac-
tion environments, the overhead of maintaining an
Evolvable Strategy Bank and periodically updat-
ing it may become non-negligible. Furthermore,
the framework’s reliance on LLM APIs or locally
hosted models introduces variable latency and cost
trade-offs that depend on deployment scale. These
factors do not undermine the theoretical contribu-
tion of lifelong self-evolution, but they delineate
the practical regimes—such as batch processing,
non-interactive optimization, or scenarios with re-
laxed latency budgets—where DarwinTOD is most
directly applicable.

Ethical Considerations

In this work, we utilized the publicly and already
de-identified MultiWOZ and SGD datasets for eval-
uation. These datasets do not contain personally
identifiable information or offensive content, and
their use complies with the consent agreements
established during their original release. As our
study did not involve new data collection from
human participants, no ethics review board ap-
proval was required. Throughout our extensive
experimental evaluations, including human assess-
ments, we did not observe the emergence or am-
plification of social biases, harmful content, or
manipulative behaviors in the evolved strategies.
The evolutionary process, governed by structured
peer critique and fitness-based selection oriented
towards task success, demonstrated an inherent ten-
dency to converge towards effective and neutral dia-
logue strategies. However, as with any autonomous
learning system deploying LLMs, ongoing moni-
toring in real-world applications remains a recom-
mended practice to safeguard against unforeseen
edge cases.

We acknowledge the use of Writeful integrated
with Overleaf for refining the textual expression of
this manuscript, and DeepSeek V3.2 for error cor-
rection of the experimental code. The role of these
LLMs was limited to technical assistance and did
not involve research ideation or the creation of core
content. All LLM outputs have been rigorously
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verified by the authors, who bear full responsibility
for the final accuracy, integrity, and originality of
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or scientific misconduct.
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A Theoretical Analysis of Evolutionary
Dynamics

This appendix provides a formal analysis of the evo-
lutionary dynamics underlying DarwinTOD. We
explain how its dual-loop architecture enables con-
tinuous improvement despite potential biases in
LLM generated critiques and the inherent stochas-
ticity of LLM driven mutation.

A.1 Foundations of the Evolutionary Process

We frame the lifelong learning of ESB as a Markov
process across generations. The ESB at generation
t, denoted Πt, evolves to Πt+1 through selection,
feedback accumulation, and evolutionary operators.
Each strategy π ∈ Πt is associated with a fitness
score ϕ(π) defined in Eq. 2, which balances cu-
mulative positive feedback H+

π against negative
feedback H−

π , normalized by usage count Nπ to
ensure fair comparison. The term α · norm(πgen)
introduces an age penalty that prevents stagnation
and encourages exploration of newer variants.

During online execution, a strategy πi applicable
to domain d is selected probabilistically according
to the Boltzmann distribution (Eq. 3) (Onakpojeruo
et al., 2024). The temperature τ controls the explo-
ration exploitation trade-off: a lower τ amplifies
the selection pressure toward high-fitness strategies,
while a higher τ allows more exploration. This
probabilistic selection aligns with fitness propor-
tionate selection in evolutionary computation (Mah-
foud, 1996) and ensures that the population does
not prematurely converge to sub-optimal peaks.

A.2 Robustness to Noisy Critiques

A central concern is that the peer critiques gener-
ated by LLM agents may contain noise, bias, or self
reinforcing errors. DarwinTOD does not rely on
the accuracy of any single critique. Instead, it lever-
ages long term statistics at the strategy level and
population level selection to filter out such noise.

Formally, let cπ,t be the critique signal for strat-

egy π at turn t, which can be decomposed as

cπ,t = c̄π + ηπ,t,

where c̄π is the underlying true quality signal and
ηπ,t is a noise term that may exhibit bias. The
fitness function (Eq. 2) aggregates critiques over
multiple interactions. By the law of large numbers,
as Nπ grows, the sample averages converge to the
true expected value up to a bias term:

lim
Nπ→∞

H+
π −H−

π

Nπ
= E[c̄π]+O

( ση√
Nπ

)
+bias(η),

where ση denotes the variability of the noise and
bias(η) captures any systematic deviation. The evo-
lutionary loop only requires that the signal to noise
ratio be sufficient for the selection and pruning
mechanisms to distinguish better strategies over
time.

Boltzmann selection does not use individual cπ,t,
but uses the fitness ϕ(π) to determine selection
probabilities. Strategies that receive spuriously
high or low critiques in a few dialogs are not per-
manently advantaged or disadvantaged because the
fitness score smooths out short term fluctuations.
The periodic pruning operation further removes
strategies whose fitness remains low over many
generations, providing an additional correction at
the population level. Consequently, even if cri-
tiques are occasionally biased or erroneous, the
combined effect of fitness aggregation, probabilis-
tic selection, and pruning ensures that the ESB
evolves toward genuinely better strategies.

A.3 Convergence Analysis

We now analyze the convergence behavior of the
ESB under the joint influence of noisy critiques and
stochastic mutations. The mutation operator, pow-
ered by an LLM, does not guaranty improvement
and may produce strategies that are better, worse,
or neutral relative to their parents (Lange et al.,
2024; Zhang and Yi, 2025). Let π′ be a mutant of
π. The change in fitness can be written as

∆ϕ = ϕ(π′)− ϕ(π) = δ + ξ,

where δ is the systematic improvement or degrada-
tion introduced by the mutation, and ξ is a random
variable representing the noise of the mutation.

The evolutionary loop does not require every
mutation to be beneficial. Mutations are triggered
only when a strategy is involved in a failed dialog
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or receives negative critiques (Section 3.2), ensur-
ing that evolutionary effort focuses on identified
weaknesses. The consolidation operator merges
strategies only when their semantic similarity ex-
ceeds threshold δ, producing a consolidated strat-
egy whose fitness is at least the average of its con-
stituents. The pruning operator directly removes
the lowest fitness strategies, providing a strict lower
bound on population fitness.

To characterize the convergence dynamics, we
analyze the expected average fitness at generation
t:

ϕ̄(Πt) = |Πt|−1
∑

π∈Πt

ϕ(π).

Let pt denote the proportion of strategies involved
in failed dialogs or receiving negative critiques at
generation t, and let µt = E[δ] be the expected
systematic improvement of mutations conditioned
on their occurrence. Experimentally, we observe
that pt decreases over generations as ESB accumu-
lates higher-quality strategies (Figure 4), while µt

becomes increasingly positive as evolutionary pres-
sure refines the mutation operator’s effectiveness.

Under these observable conditions, the expected
change in average fitness satisfies:

E[ϕ̄(Πt+1) | Πt] ≥ ϕ̄(Πt) + pt · µt − ηt,

where ηt represents the noise term arising from
stochastic mutations and critiques, which dimin-
ishes as the population stabilizes. The inequality
holds because: (1) selection preferentially repli-
cates high-fitness strategies, (2) consolidation pre-
serves or improves fitness, (3) pruning eliminates
only the lowest fitness individuals, and (4) muta-
tions are applied to underperforming strategies with
expected improvement µt.

As evolution progresses, pt decreases as fewer
strategies need evolve, while µt increases as mu-
tations become more targeted, causing the prod-
uct pt · µt to eventually dominate the noise term
ηt. Consequently, the sequence {E[ϕ̄(Πt)]}∞t=0

exhibits an overall upward trend, as empirically
validated in Figure 4, where the average fitness
rises despite non-monotonic fluctuations due to
exploration. The bounded strategy space and fi-
nite population size ensure that this sequence con-
verges to a stable distribution concentrated on high-
performing strategies.

Table 3: Key statistics of the MultiWOZ 2.0 dataset.

Statistic Value

Total Dialogs 10,438
Train Dialogs 8,438
Dev Dialogs 1,000
Test Dialogs 1,000
Total Turns 115,434
Domains 7
Avg. Turns per Dialog 13.68
Slots 25
Slot Values in Ontology 4,510

B Experiment Details

B.1 Datasets Description

This work employs the MultiWOZ and the SGD
datasets to evaluate dialog state tracking models.
Both datasets are widely recognized and serve as
standard benchmarks in the TOD community, al-
lowing direct comparison with established base-
lines. While MultiWOZ provides a corpus of
human-human conversations with multiple refined
versions focusing on annotation quality and con-
sistency, SGD offers a larger-scale, synthetically
generated dataset designed to test scalability and
zero-shot generalization across a diverse and dy-
namic set of services. The complementary nature
of these datasets enables a comprehensive evalua-
tion of the performance of the model under differ-
ent conditions.

B.1.1 MultiWOZ
MultiWOZ 2.0 (Budzianowski et al., 2018) is a
large-scale, multi-domain, fully-annotated corpus
of human-human task-oriented dialogs. It was col-
lected using a Wizard-of-Oz framework and spans
seven distinct domains: Restaurant, Hotel, Attrac-
tion, Taxi, Train, Hospital, and Police. With more
than 10,000 dialogs, it is one of the largest publicly
available datasets of its kind and has been widely
adopted as a standard benchmark for dialog state
tracking (DST) and related tasks. Its scale, multi-
domain nature, and rich annotations have made
it a foundational resource in the dialog research
community.

Following the release of MultiWOZ 2.0, two
subsequent versions were introduced to address
annotation noise and inconsistencies. MultiWOZ
2.1 (Eric et al., 2020) corrected substantial noise in
dialog state annotations and user utterances, affect-
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Table 4: Key statistics of the SGD dataset.

Statistic Value

Total Dialogs 22,825
Train Dialogs 16,142
Dev Dialogs 2,482
Test Dialogs 4,201
Total Turns 467,916
Domains 16
Services 45
Avg. Turns per Dialog 20.44
Slots 214
Slot Values 14,139

ing 32% of state annotations across 40% of turns;
also canonicalized slot values, added user dialog
acts, and included natural language descriptions for
each slot to facilitate low-resource and zero-shot
learning.

Building upon 2.1, MultiWOZ 2.2 (Zang et al.,
2020) introduced further refinements: it corrected
additional state errors in 17.3% of utterances, rede-
fined the ontology by splitting slots into categorical
and non-categorical types, added slot span anno-
tations for non-categorical slots to support span-
based models, and introduced annotations for ac-
tive user intents and requested slots per-turn. These
revisions aim to provide a cleaner, more consistent,
and more richly annotated benchmark for robust
evaluation of dialog state tracking models.

B.1.2 Schema-Guided Dialog (SGD)
The Schema-Guided Dialog (SGD) dataset (Ras-
togi et al., 2020) is a large-scale, multi-domain,
task-oriented dialog corpus designed to address the
scalability challenges of modern virtual assistants.
Unlike previous datasets that assume a single static
ontology per domain, SGD introduces a schema-
guided paradigm where each service provides its
own schema containing intents, slots, and natural
language descriptions. This approach enables mod-
els to handle heterogeneous APIs and facilitates
zero-shot generalization to unseen services. The
dataset spans 16 distinct domains with 45 distinct
services and includes multi-domain conversations
that reflect realistic user interactions. With over
16,000 dialogs, SGD is the largest publicly avail-
able task-oriented dialog dataset and serves as a
benchmark for intent prediction, slot filling, dialog
state tracking, and language generation in scalable,
multi-service environments.

B.2 Baselines Details

To comprehensively evaluate the performance of
DarwinTOD, we compare it with a range of repre-
sentative and state-of-the-art models in TOD sys-
tems. These baselines are categorized according to
their architectural paradigms, covering early gener-
ative models, pre-trained dialog models, and recent
LLM-based agent systems.

B.2.1 Early Generative Models
These early approaches unify the dialog pro-
cess into a single sequence-to-sequence or auto-
regressive model, based on pre-trained language
models, reducing modular dependencies and
demonstrating the potential of generative architec-
tures for TOD.
SimpleTOD (Hosseini-Asl et al., 2020) formu-
lates all TOD sub-tasks as a single causal language
modeling problem, generating belief states, system
acts, and responses autoregressively within a fixed
extract-then-query turn structure.
MinTL (Lin et al., 2020) employs a transfer learn-
ing framework with Levenshtein belief spans to
jointly learn DST and response generation in an
end-to-end manner.
SOLOIST (Peng et al., 2021) integrates DST and
response generation into a single auto-regressive
language model, though it retains a turn-by-turn
state extraction and database query paradigm.
UBAR (Yang et al., 2021) fine-tunes GPT-2 on
complete dialog sessions, including belief states,
database results, and system acts-to achieve fully
end-to-end dialog modeling.

B.2.2 Pre-trained TOD Models
These models leverage pre-trained language mod-
els on large scale dialog corpora to acquire gen-
eral dialog abilities before task-specific fine-tuning.
They represent the dominant paradigm before the
rise of large scale instruction-tuned LLMs.
BORT (Sun et al., 2022) introduces back and de-
noising reconstruction strategies to improve dialog
state accuracy and robustness against error propaga-
tion. It employs a T5-small backbone and achieves
strong performance particularly in low-resource
and zero-shot settings.
PPTOD (Su et al., 2022) is a unified plug-and-play
model based on T5, pre-trained on multiple dialog
tasks (DST, DPL, NLG) using a multi-task prompt
setup.
GALAXY (He et al., 2022) is a generative pre-
trained model that explicitly injects dialog policy
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learning through semi-supervised training on both
labeled and unlabeled dialog data.
ZS-TOD (Mosharrof et al., 2023) is a zero-shot
generalizable end-to-end ToD system that takes ad-
vantage of domain schemas and dialog state sum-
marization to enable robust generalization to un-
seen domains.
TOATOD (Bang et al., 2023) employs task-
optimized adapters on T5, enabling efficient adapta-
tion to different TOD tasks with minimal parameter
updates.
KMc-ToD (Ding et al., 2024b) integrates a multi-
copy mechanism with a structured schema graph
to enhance slot selection and consistency in end-
to-end response generation, improving the integra-
tion of domain specific slots into delexicalized re-
sponses.

B.2.3 Recent LLM-based and Agent-Oriented
Models

These models leverage large language models as
core controllers or autonomous agents, supporting
flexible interaction with external tools and APIs,
and representing the latest paradigm shift towards
more open and adaptive dialog systems.
AutoTOD (Xu et al., 2024) is a fully zero-shot au-
tonomous agent that abandons traditional modular
design, relying solely on an instruction-following
LLM guided by a schema to dynamically decide
API calls and generate responses.
OmniDialog (Razzhigaev et al., 2024) is a multi-
modal pre-trained model that unifies dialog com-
prehension, management, and generation within a
multi-task framework, demonstrating strong low-
resource and cross-domain transfer ability.
ProTOD (Dong et al., 2025) is a proactive TOD
framework that uses an adaptive exploratory re-
trieval mechanism and a two-stage policy planner
to dynamically explore domain knowledge and plan
multi-task dialogs.
AgentTOD (Xu et al., 2025a) employs an LLM
as a controller to dynamically decide when and
how to call external API, supporting multiple API
calls per-turn and adapting to complex user queries
without a fixed extract query paradigm.

B.3 Discussion on Evaluation Metrics

BLEU is an imperfect metric for evaluating natu-
ral language generation, particularly for modern
LLMs, as it primarily measures n-gram overlap
with a single reference and often fails to capture
semantic equivalence, fluency, or task appropri-

Table 5: Hyperparameter settings for DarwinTOD ex-
periments.

Variable Description
α = 0.3 Weight for generation penalty (Eq. 2)
ϵ = 0.01 Smoothing constant in fitness (Eq. 2)
τ = 1.0 Temperature for Boltzmann selection (Eq. 3)
δ = 0.8 Similarity threshold for strategy consolidation
K = 10 Number of initial strategies generated per domain
M = 10 Maximum number of strategies allowed per domain
θe = 0.8 Sampling temperature for evolutionary operators
θx = 0.7 Sampling temperature for online dialog agents
T = 30 Maximum number of turns per dialog episode

ateness. This limitation is well-recognized in the
broader NLP community.

However, we emphasize the context of our eval-
uation within the TOD field, where standardized
protocols are essential for fair comparison with a
large body of prior work. The combined score, de-
fined as (Inform + Success) × 0.5 + BLEU, has
been the standard composite metric for end-to-end
TOD evaluation for over five years. It has been
consistently adopted by nearly all relevant base-
lines from 2020 to 2025, including SimpleTOD,
UBAR, GALAXY, and the previous SOTA Agent-
TOD. To ensure a fair and reproducible quantitative
comparison with these dozens of historical systems,
we are obligated to adhere to this widely accepted
protocol. Reporting results without BLEU would
preclude meaningful comparison with the existing
literature.

Further more, our evaluation does not rely solely
on automatic metrics. Recognizing the limitations
of BLEU, we conducted comprehensive human
evaluations to validate the real-world quality of our
system. As detailed in Appendix E, these studies
assessed dimensions that BLEU cannot capture, in-
cluding interpretability, safety, fluency, and user
satisfaction. The results of these human studies
strongly corroborate the findings from our auto-
matic metrics.

For the SGD dataset, we report GLEU instead
of BLEU, following the convention established by
prior zero-shot baselines like ZS-TOD and Agent-
TOD. GLEU offers a slightly more robust corre-
lation with human judgment by incorporating a
recall component, but it shares similar fundamental
limitations as BLEU.

B.4 Detailed Experimental Setup

DarwinTOD begins with an empty ESB. During
evaluation, for each previously unseen domain en-
countered in the dialog sequence, the Genesis oper-
ator synthesizes K = 10 distinct strategies based
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solely on the domain name and the agent’s role de-
scription, without any task-specific fine-tuning or in
context examples (see Appendix G.9 for the generic
strategies used in the zero-shot setup). When a di-
alog involves a previously unseen combination of
multiple domains, the system first checks whether
there are strategies for each constituent domain.
If a domain lacks strategies, the Genesis operator
is invoked to generate them. Subsequently, a new
composite strategy is created by randomly selecting
and merging one strategy from each involved do-
main, ensuring the system can handle multi-domain
interactions from the outset.

The online execution proceeds as follows: for
each dialog turn, the dialog manager reads the user
utterance from the training set, along with the pre-
ceding dialog history. Each of the three special-
ized agents (DST, DP, NLG) retrieves a strategy
from the ESB using Boltzmann selection (Eq. 3)
with temperature τ = 1.0, executes its function
with built-in peer critique, and logs the interac-
tion to SSM. After an entire dialog episode con-
cludes, offline evolutionary operations (Genesis,
Mutation, Consolidation, Pruning) are triggered
based on the accumulated interaction feedback. Se-
mantic similarity is computed via cosine similarity
between bge-small-en-v1.5 sentence transformer
embeddings, with δ = 0.8 as the merging thresh-
old. The Pruning operator maintains a maximum
of M = 10 strategies per domain. Throughout
this process, the metadata (usage counts, feedback
scores) of each involved strategy is updated accord-
ingly.

We perform a performance evaluation in a
phased manner. Before any training begins, the
system is evaluated on the complete test set to es-
tablish a baseline. Subsequently, as dialogs are
processed sequentially from the training set, the
system undergoes periodic evaluation: after every
10% of the training dialogs have been processed,
the updated system is evaluated on the full test set.
We employ Llama3-8B, Qwen2.5-7B, Qwen3-8B,
and GPT-5.1 as backbone LLMs for both online
execution and offline evolution. During online exe-
cution, we set the sampling temperature at θx = 0.7
for agent responses; for evolutionary operators, we
use θe = 0.8. All other hyperparameters are listed
in Table 5.

The system is implemented in Python 3.10, with
all open-source LLMs running locally on NVIDIA
A100 80 GB, while GPT models are accessed via
the OpenAI API.
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Figure 5: t-SNE visualization of DP strategy embed-
dings: initial population.

C Detailed Main Experimental Results

The main experiments include comprehensive eval-
uations on both MultiWOZ and SGD datasets, cov-
ering both few-shot and zero-shot settings. All
baseline results are taken from their original pa-
pers.

C.1 Complete Performance Results on
MultiWOZ

We provide an extended performance analysis that
includes a wider range of backbone LLMs, with
Llama3, Llama3.1, Qwen2.5, and Qwen3 for their
extended contexts and enhanced abilities. The re-
sults in Table 6 allow for a finer grained exami-
nation of how model scale, architecture, and evo-
lutionary training interact, offering additional in-
sights into the robustness and scalability of Dar-
winTOD beyond the condensed summary in the
main text. These comprehensive results further
substantiate our claim that the proposed framework
achieves strong and consistent performance gains
across diverse model capacities.

C.2 Evolution Dynamics Analysis
This subsection aims to examine the intrinsic evo-
lution of ESB, thereby validating the theoretical
analysis presented in Section 3.1 and Appendix A.
To this end, we conduct three complementary an-
alyzes: quantifying update frequency across mod-
ules, visualizing semantic trajectories in embed-
ding space, and measuring structural entropy evo-
lution.

C.2.1 Semantic Trajectory of Evolution
To visualize the structural evolution of the strategy
bank and examine how the ESB transitions from an
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Table 6: Performance evaluation and scaling analysis of DarwinTOD across various LLM backbones on MultiWOZ
2.0, 2.1, and 2.2, compared against previous SOTA AgentTOD.

Model
MultiWOZ 2.0 MultiWOZ 2.1 MultiWOZ 2.2

Inform Succ. BLEU Comb. Inform Succ. BLEU Comb. Inform Succ. BLEU Comb.
AgentTOD (Llama3-8B) 94.84 87.21 21.97 113.00 96.89 89.38 19.91 113.04 90.71 81.26 18.02 104.00
DarwinTOD (Llama3-8B) 96.92 89.14 21.83 114.86 98.73 91.42 19.96 115.04 92.58 83.97 17.98 106.26
DarwinTOD (Llama3.1-8B) 96.57 90.19 21.69 115.07 97.97 91.51 20.32 115.06 92.59 84.09 18.27 106.61
DarwinTOD (Qwen2.5-3B) 90.42 82.17 18.96 105.26 92.15 83.84 18.42 106.42 86.31 77.95 17.21 99.34
DarwinTOD (Qwen2.5-7B) 97.63 90.28 21.55 115.51 98.92 91.85 20.18 115.57 92.14 84.33 18.34 106.58
DarwinTOD (Qwen2.5-14B) 97.85 91.07 21.89 116.35 99.18 92.64 20.67 116.58 93.02 85.41 18.76 107.98
DarwinTOD (Qwen3-4B) 97.21 90.14 21.23 114.91 98.76 91.62 20.04 115.23 91.87 84.08 18.12 106.10
DarwinTOD (Qwen3-8B) 98.34 92.86 21.74 117.34 99.62 94.18 20.33 117.23 94.73 87.25 18.41 109.40
DarwinTOD (Qwen3-14B) 98.67 93.45 22.08 118.14 99.84 94.92 20.88 118.26 95.21 87.98 18.92 110.52
DarwinTOD (GPT-4) 99.05 95.87 22.93 120.39 99.76 96.38 21.46 119.53 96.14 89.63 21.87 114.76
DarwinTOD (GPT-5.1) 99.10 96.20 22.94 120.59 99.40 96.50 22.19 120.14 96.48 90.12 21.98 115.28

Table 7: Few-shot evaluation results of DarwinTOD and baseline models on MultiWOZ 2.0 with varying amounts
of training data (5%, 10%, 20%)

Model
5% Train Data 10% Train Data 20% Train Data

Inform Succ. BLEU Comb. Inform Succ. BLEU Comb. Inform Succ. BLEU Comb.
SOLOIST 69.30 52.30 11.80 72.60 69.90 51.90 14.60 70.50 74.00 60.10 15.24 82.29
MinTL 75.48 60.96 13.98 82.19 78.08 66.87 15.46 87.94 82.48 68.57 13.00 88.52
PPTOD 79.86 63.48 14.89 86.56 84.42 68.36 15.57 91.96 84.94 71.70 17.01 95.33
UBAR 73.04 60.28 16.03 82.69 79.20 68.70 16.09 90.04 82.50 66.60 17.72 92.07
GALAXY 80.59 67.43 17.39 91.40 87.00 75.00 17.65 98.65 89.55 75.85 17.54 100.24
AgentTOD (Llama3-8B) 83.18 68.89 18.86 95.41 89.54 77.81 19.27 102.95 91.10 77.55 19.51 103.83
DarwinTOD (Llama3-8B) 85.26 70.82 18.84 96.88 91.62 79.74 19.31 104.99 93.18 79.48 19.51 105.84
DarwinTOD (Qwen2.5-7B) 85.89 71.73 18.60 97.41 92.29 80.78 19.06 105.60 93.86 80.50 19.26 106.44
DarwinTOD (Qwen3-8B) 86.51 73.62 18.76 98.83 92.97 82.89 19.23 107.16 94.55 82.62 19.43 108.02
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Figure 6: t-SNE visualization of DP strategy embed-
dings: final alive population.

initial unstructured state to an organized domain-
specialized configuration, we project the sentence
embeddings of DP strategies into two dimensions
using t-SNE (van der Maaten and Hinton, 2008).
This dimensionality reduction technique allows us
to observe the formation of clusters in semantic
space, which correspond to groups of strategies that
have evolved to address similar dialog contexts or
domain specific challenges. Figure 5 and 6 contrast
the initial (Generation 1) and final alive populations

under Qwen3-8B on MultiWOZ 2.0.

The visual comparison reveals a clear evolution-
ary trajectory. The initial strategies, though gener-
ated with domain names via the Genesis operator,
are broadly scattered with substantial overlap, re-
flecting surface level, template like policies that
lack deep domain specific adaptation. After evo-
lution, strategies coalesce into several well sepa-
rated clusters, each corresponding to a distinct do-
main or coherent multi-domain combination. This
structural organization demonstrates that evolution-
ary pressure, guided by domain specific interac-
tion feedback and consolidation, drives the strategy
population to self-organize into highly specialized
and efficient policies that are semantically distinct
across different domains. The emergence of these
domain correlated clusters validates the theoreti-
cal convergence properties derived in Appendix A:
the Markov chain evolutionary process, through
fitness based selection and semantic merging, pro-
gressively concentrates the strategy bank on high-
performing, domain adapted policies, thereby ma-
terializing the theoretical prediction that the ESB
transitions from an initial, weakly differentiated
state to a structured, domain optimized configura-
tion.
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C.2.2 Entropy and Structural Evolution
To quantitatively characterize the structural evo-
lution of the ESB during training, we introduce
information entropy as a core analytical metric.
Entropy measures the complexity and diversity of
strategies; pairwise similarity reflects semantic con-
vergence within the population; and average fitness
captures the effectiveness of evolutionary pressure.
By simultaneously tracking the dynamics of these
three curves, we directly validate the evolutionary
principles outlined in Section 3.1: the system au-
tonomously balances exploration (maintaining di-
versity) and exploitation (focusing on high-fitness
strategies), ultimately achieving structured conver-
gence through knowledge consolidation.

We quantify the lexical distribution of strategy
descriptions in each active strategy bank Πt using
Shannon entropy:

H(t) = −
∑

w∈V(t)

q(w) log2 q(w),

where q(w) is the global unigram frequency distri-
bution throughout the bank, and V(t) is the unique
vocabulary in Πt. This entropy value increases
with greater lexical diversity or complexity of strat-
egy texts and decreases as descriptions converge,
directly reflecting the degree of structural organiza-
tion in the strategy bank at the content level.

The results (Section 4.2 Figure 4) reveal a clear
self-organizing evolutionary path from disordered
exploration to ordered convergence. In early gen-
erations, entropy and fitness rise simultaneously,
corresponding to an exploration phase in which
mutation and genesis introduce diverse strategies,
expanding the semantic space. As evolution pro-
gresses, Boltzmann selection amplifies high-fitness
strategies, while consolidation merges semantically
similar ones, leading to steadily increasing pairwise
similarity and a subsequent decline in both entropy
and fitness peaks after reaching a maximum. This
dynamic indicates a spontaneous shift from broad
exploration to focused exploitation: population di-
versity is selectively compressed, and knowledge
is distilled into a compact set of efficient, refined
strategy archetypes. This not only confirms the
theoretical analysis in Section 3.1 that the Markov
chain evolution of the ESB progressively converges
to high-performance subsets, but also unveils the
complete internal evolutionary dynamics of Dar-
winTOD: evolutionary pressure drives population
self organization, transforming initially homoge-

Table 8: Average generation index of strategies in the
final alive population across dialog modules. Higher
values indicate more frequent evolutionary updates dur-
ing the lifespan. Results are on MultiWOZ 2.0.

Backbone LLM DST Agent DP Agent NLG Agent Avg.
Llama3-8B 62.35 159.18 8.07 76.53
Qwen2.5-7B 78.14 193.21 10.43 93.93
Qwen3-8B 82.79 205.67 12.61 100.36
GPT-5.1 81.06 198.32 10.15 96.51

neous strategy descriptions into a highly special-
ized structured strategy system. This internal self
organization, mirrored by the external performance
gains in Table 1 and 6, jointly demonstrates that
DarwinTOD achieves continuous autonomous im-
provement through structured evolution rather than
incremental patching of static strategies.

C.2.3 Update Frequency across Modules
This experiment measures how DarwinTOD allo-
cates evolutionary effort across online agents by
tracking the average generation index of strategies
in the final alive population. Higher values indi-
cate more frequent refinement. The results show
that the DP strategies undergo the most intensive
updates, aligning with their greater complexity and
impact on dialog success.

Table 8 reveals a consistent pattern: Dialog Pol-
icy (DP) strategies are updated significantly more
frequently than other agents. It indicates that the
evolutionary process self-organizes to concentrate
effort on the core decision making module, whose
strategies are both more complex to optimize and
have a higher leverage on dialog success. The
higher update frequency for DP reflects its role in
navigating a vast space of multi-turn planning deci-
sions, whereas the relative stability of NLG strate-
gies suggests the system converges on reusable,
template like responses that require less domain
specific tuning. Furthermore, the positive correla-
tion between overall update activity and backbone
LLM capability demonstrates that more capable
models not only propose better initial strategies but
also engage in more prolific and effective refine-
ment, validating that the framework’s evolutionary
capacity scales with the underlying LLM’s reason-
ing power.

C.3 Evaluation for Few-shot Capability
We conduct few-shot evaluations to assess Dar-
winTOD’s ability to adapt and perform effectively
when only a limited amount of task-specific train-
ing data is available. In real-world deployment
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Table 9: Zero-shot performance comparison on Multi-
WOZ 2.0 Dataset.

Model Inform Succ. BLEU Comb.
GALAXY 9.10 4.76 3.61 10.54
TOATOD 10.59 5.21 3.83 11.73
AgentTOD (Llama3-8B) 67.50 45.98 14.24 70.98
DarwinTOD (Llama3-8B) 74.18 68.26 19.25 90.47
DarwinTOD (Qwen2.5-7B) 74.72 69.12 19.00 90.92
DarwinTOD (Qwen3-8B) 75.25 70.96 19.17 92.28

Table 10: Zero-shot performance comparison on SGD
Dataset.

Model Inform Succ. GLEU Comb.
SimpleTOD 68.10 60.48 20.40 84.69
ZS-TOD 71.68 61.63 18.51 85.16
AgentTOD (Llama3-8B) 76.70 65.82 21.66 92.92
DarwinTOD (Llama3-8B) 80.12 71.25 19.11 94.80
DarwinTOD (Qwen2.5-7B) 80.71 72.16 18.86 95.30
DarwinTOD (Qwen3-8B) 81.29 74.06 19.03 96.71

scenarios, abundant annotated dialogs are often
scarce, especially for new or niche domains. There-
fore, it is crucial to examine how well a lifelong
self-evolving system can bootstrap and improve
under low-resource conditions. The experiments
summarized in Table 7 measure performance using
only 5%, 10% and 20% of the MultiWOZ 2.0 train-
ing data, providing insight into the data efficiency
and rapid adaptation capability of the framework
in comparison to strong static baselines.

C.4 Evaluation for Zero-shot Capability

We conduct zero-shot evaluations on both Multi-
WOZ (Table 9) and SGD (Table 10) datasets to
rigorously assess DarwinTOD’s baseline perfor-
mance without any in-domain training data. In this
setting, the system starts with an empty ESB. For
execution, each agent is initialized with a single
domain-agnostic strategy that was manually de-
signed prior to evaluation (see the Appendix G.9).
No strategy selection or evolutionary refinement is
performed; each agent uses the same static strat-
egy throughout all dialogs. We employ the GLEU
metric (Wang et al., 2018) in the SGD data set,
consistent with the three baselines for a fair com-
parison. GLEU represents an improved version of
the BLEU (Papineni et al., 2002) metric and of-
fers a more comprehensive assessment of language
similarity.

C.5 Evaluation on More Recent Datasets

To further validate the generalization capability of
DarwinTOD beyond the commonly used bench-
marks, we additionally conduct experiments on

Table 11: Performance comparison of DarwinTOD on
MultiWOZ 2.1 vs. 2.4.

Backbone Inform Succ. BLEU Comb.
MultiWOZ 2.1 (Llama3-8B) 98.73 91.42 19.96 115.04
MultiWOZ 2.1 (Qwen2.5-7B) 98.92 91.85 20.18 115.57
MultiWOZ 2.1 (Qwen3-8B) 99.62 94.18 20.33 117.23
MultiWOZ 2.1 (GPT-5.1) 99.40 96.50 22.19 120.14
MultiWOZ 2.4 (Llama3-8B) 98.91 93.42 19.99 116.16
MultiWOZ 2.4 (Qwen2.5-7B) 99.09 94.25 20.19 116.86
MultiWOZ 2.4 (Qwen3-8B) 99.52 96.02 20.43 118.20
MultiWOZ 2.4 (GPT-5.1) 99.81 98.30 22.22 121.28

two more recent datasets released in 2022. These
datasets are designed to test model performance
under cleaner annotations and linguistic variations.
Since no baseline models have reported results on
these datasets, we present the performance of Dar-
winTOD with different backbones as standalone
references.

C.5.1 MultiWOZ 2.4 (2022)
MultiWOZ 2.4 (Ye et al., 2022) is a refined version
of MultiWOZ 2.1 that carefully rectifies (almost)
all annotation errors in the validation and test sets,
while keeping the training set intact. It shares ex-
actly the same format as MultiWOZ 2.1, allowing
existing models built on MultiWOZ 2.1 to be evalu-
ated on this cleaner benchmark with minimal effort.
As shown in Table 11, DarwinTOD achieves higher
performance on MultiWOZ 2.4 compared to its re-
sults on MultiWOZ 2.1 (Table 6), indicating that
the observed gains stem from genuine strategy opti-
mization rather than overfitting to annotation noise.

C.5.2 SGD-X (2022)
SGD-X (Lee et al., 2022) extends the original SGD
dataset by providing five crowdsourced stylistic
variants for every schema, with increasing diver-
gence from the original. We evaluate DarwinTOD
in the zero-shot setting. As shown in Table 12, all
models face challenges on SGD-X due to linguis-
tic variations in schemas. However, DarwinTOD
exhibits only a modest decline in task success and
maintains strong overall Combine scores, demon-
strating the semantic robustness of its evolved
strategies to diverse user expressions and schema
writing styles.

C.6 Continual Learning and Catastrophic
Forgetting Resistance

To further validate DarwinTOD’s ability to han-
dle distribution shift and resist catastrophic forget-
ting, we conduct a domain-incremental experiment
on MultiWOZ 2.0 using the Qwen3-4B backbone.
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Table 12: Zero-shot performance comparison of Dar-
winTOD on SGD vs. SGD-X.

Backbone Inform Succ. GLEU Comb.
SGD (Llama3-8B) 80.12 71.25 19.11 94.80
SGD (Qwen2.5-7B) 80.71 72.16 18.86 95.30
SGD (Qwen3-8B) 81.29 74.06 19.03 96.71
SGD-X (Llama3-8B) 78.34 67.35 19.02 91.87
SGD-X (Qwen2.5-7B) 79.75 69.02 18.51 92.90
SGD-X (Qwen3-8B) 80.10 70.01 18.89 93.95

Table 13: Performance comparison between the origi-
nal experiment (Orig Exp) and the domain-incremental
continual learning experiment on MultiWOZ 2.0 using
Qwen3-4B backbone.

Experiment Inform Succ. BLEU Comb.
Orig Exp 97.21 90.14 21.23 114.91
Continual Learning 97.20 90.15 21.23 114.91

The seven domains are introduced sequentially in
alphabetical order. After all single domains have
been exposed, we additionally introduce multi-
domain combinations drawn from the training set.
The system evolves continuously throughout this
process without any reset or replay of earlier data.
At the end of the sequential training, we evaluate
the final evolved system on the full MultiWOZ 2.0
test set. We compare this final performance against
the original experiment reported in Table 6 for the
same backbone.

Table 13 shows that the final performance re-
mains virtually identical to the original experiment,
with all metrics differing by at most 0.01 absolute
points. This indicates that strategy evolution is
effectively isolated across domains: early-trained
domains do not suffer performance degradation
when new domains are introduced later. The Evolv-
able Strategy Bank (ESB) maintains separate strat-
egy pools per domain, and fitness-based selection
(Eq. 2) together with consolidation and pruning
ensures that updates to one domain do not interfere
with strategies specialized for other domains. This
empirical result aligns with the theoretical analysis
in Appendix A, where the Markov chain evolution
of the ESB is shown to preserve domain-specific
knowledge without catastrophic forgetting.

D Supplementary Experiments

This section provides supplementary experiments
to provide deeper insight into the properties and
design choices of DarwinTOD. We investigate its
robustness under varied initialization conditions,
the sensitivity of its core retrieval mechanism, its

Table 14: Robustness analysis under different ESB ini-
tialization conditions on MultiWOZ 2.0 with Qwen3-8B
backbone.

Initialization Condition Inform Succ. BLEU Combine
Small ESB 97.20 90.50 19.65 113.50
Default ESB 98.34 92.86 21.74 117.34
Large ESB 98.05 93.55 20.12 115.92
w/ Simple Description 95.40 86.30 19.90 110.75
w/ Complex Description 99.34 94.36 19.90 116.75
w/o Few-shot Examples 97.70 92.50 19.95 115.05
w/ Human Experts Init. 99.84 96.36 20.30 118.40

efficiency and scalability under different configu-
rations, and the detailed dynamics of its evolution-
ary process. These analyzes complement the main
results by verifying the framework’s stability, ex-
ploring performance trade-offs, and validating its
capacity for sustained improvement.

D.1 Initialization and Robustness Analysis

A core design principle of DarwinTOD is to min-
imize dependency on high quality and human-
curated initial knowledge. This subsection exam-
ines the system’s robustness to different initializa-
tion conditions, validating its ability to bootstrap
and refine dialog strategies from a variety of start-
ing points. We evaluate performance under various
initial ESB configurations, including size, complex-
ity, and source of the seed strategies, the results are
shown in Table 14.

Initial Strategy Bank Size. We vary the ini-
tial number of strategies per domain K and the
maximum population size M simultaneously (both
set to 5, 10, 20). The results show that a small
K limits initial diversity and exploration, causing
a moderate performance drop; a large K slightly
hampers evolutionary efficiency due to increased
search space, leading to a minor performance de-
crease. This confirms that evolutionary operators
effectively compensate for sparse initialization, re-
ducing the need for extensive manual strategy li-
braries.

Complexity of Strategy Description. To eval-
uate the framework’s robustness to varying initial-
ization quality, we systematically test three ablated
variants against the default setup (3-5 items with 0-
3 few-shot examples): a Simple Description variant
where strategies are limited to a single sentence,
a Complex Description variant with unrestricted
length, and a w/o Few-shot variant prohibiting ex-
amples. The results reveal that while a concise
single sentence initialization causes a significant
performance drop due to insufficient semantic guid-
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ance for the initial evolutionary steps, an exces-
sively verbose initialization leads to strategies that
become bloated and inefficient over generations, as
the mutation operator struggles to parse and refine
overly detailed text. Conversely, the minor perfor-
mance impact when removing few-shot examples
underscores the sufficiency of the LLM’s inherent
knowledge and the effectiveness of the evolutionary
feedback loop, demonstrating that the framework
can bootstrap competent, domain adapted strategies
from minimal seeds, thereby enhancing its appli-
cability in low-resource scenarios where curated
exemplars are unavailable.

Human-Expert Initialization. We also eval-
uate the ESB is initialized with 10 high quality
strategies per domain manually authored by dialog
experts. This human expert initialization yields
the Combine score higher than that of the fully
autonomous cold start system. Although expert
curated strategies provide a measurable advantage,
the margin remains less than 1% relative improve-
ment. More importantly, the autonomous system,
starting from only domain names and generic agent
role descriptions, attains 99.1% of the initialized
expert performance. This near parity demonstrates
that the self-evolution mechanism is highly effec-
tive at discovering and refining high-quality strate-
gies through interaction, even in the absence of
expert prior knowledge. The result underscores
a key practical implication: DarwinTOD substan-
tially reduces the dependency on costly, manually
engineered strategy libraries, while still converg-
ing to performance levels that are competitive with
expert-authored policies.

D.2 Analysis of Selection Temperature
Sensitivity

The selection mechanism, which balances explo-
ration of diverse strategies with exploitation of
high-fitness ones, is critical for population-based
optimization. In DarwinTOD, this trade-off is
governed by the temperature parameter τ in the
Boltzmann selection (Eq. 3). To validate our
design choice and quantify the system’s sensi-
tivity to this hyperparameter, we conduct a con-
trolled study on MultiWOZ 2.0, evaluating τ ∈
0.1, 0.5, 1.0, 1.5, 2.0, 3.0 while keeping all other
hyperparameters.

As shown in Figure 7, performance peaks at
τ = 1.0, indicating that this intermediate value
optimally calibrates the trade-off between refin-
ing high-fitness strategies and exploring novel
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Figure 7: Evolution of Combine score across genera-
tions for different τ values. A τ of 1.0 achieves the best
balance between early progress and final convergence.

candidates. Excessively low τ values induce ag-
gressive exploitation, rapidly amplifying current
high-performers but precipitating premature con-
vergence to suboptimal plateaus, as the system be-
comes trapped in local optima without sufficient di-
versification. Conversely, high τ values promote ex-
cessive exploration, diluting selection pressure and
leading to sluggish improvement as the population
wastes resources on persistently low-fitness strate-
gies. These insights advocate for future research
into adaptive τ schedulers or meta-learned retrieval
policies that dynamically modulate exploration-
exploitation balances in response to real-time learn-
ing progress, thereby enhancing lifelong adaptation
in open-ended environments.

D.3 System Extension and Efficiency

This section examines the extensibility and opera-
tional efficiency of the DarwinTOD framework.
We investigate whether key components specif-
ically the evolutionary process and the critique
mechanism-can be decoupled from the main ex-
ecution pipeline for greater flexibility or cost-
effectiveness. Additionally, we provide a detailed
analysis of the computational costs inherent to the
dual-loop design and explore the trade-offs be-
tween performance gains and incurred latency.

D.3.1 Cross-Model Strategy Evolution
A central design question is whether the LLMs
used for online dialog execution and offline strat-
egy evolution must be identical. Decoupling these
phases could allow the use of specialized or more
powerful models for evolution without inflating
real-time inference costs. To investigate this, we
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Figure 8: Cross-model evolution experiments: perfor-
mance of different LLM allocations for the online exe-
cution vs. offline evolution phases on MultiWOZ 2.0.

Table 15: Performance of DarwinTOD with online ar-
bitration, per-turn offline evolution, and fail-dialog re-
evaluation on MultiWOZ 2.0.

Variant Inform Succ. BLEU Comb. Latency ↑
Qwen3-8B 98.34 92.86 21.74 117.34 -
w/ Online arbitration per critique 99.40 96.50 22.94 120.89 384.98%
w/ Offline evolution per-turn 98.34 93.36 22.04 117.89 142.54%
w/ Mutation Re-evaluation 98.82 95.62 22.07 118.91 989.71%

conduct cross-model experiments on MultiWOZ
2.0 using three backbone LLMs for online execu-
tion, while replacing the offline evolution module
with GPT-5.1, keeping other components fixed.

Figure 8 shows that using GPT-5.1 exclusively
for offline evolution consistently improves Com-
bine scores across all online backbones. This
demonstrates that a more capable evolution model
can compensate for weaker online agents, effec-
tively elevating the overall system performance.
These findings validate a practical deployment strat-
egy: using parameter efficient models for online
dialog to reduce latency and cost while employing
a more powerful LLM for offline strategy evolution
to drive continuous improvement. This decoupled
design enables scalable and cost-effective lifelong
learning in production environments.

D.3.2 Efficient Feedback Utilization
To explore more efficient utilization of real-time
feedback, we conduct three complementary exper-
iments. In the standard DarwinTOD framework,
inter-agent critiques are logged and used only for
offline evolution after a dialog ends. Inspired by
work on prompt evolution (Fernando et al., 2024;
Guo et al., 2024; Agarwal et al., 2025), we test
three more aggressive feedback utilization mecha-
nisms: (1) Online arbitration: whenever an agent
critiques a preceding output within a turn, an inde-

pendent arbiter LLM (Prompt in Appendix G.7) is
invoked immediately to evaluate the critique and
the original output, deciding which result to adopt,
aiming at real-time error correction within the same
turn; (2) Per-turn evolution: the offline evolution
cycle is triggered immediately after every dialog
turn (instead of after the whole dialog), aiming for
faster and more frequent strategy updates; (3) Mu-
tation re-evaluation: after generating a mutated
strategy, the system re-runs the original failed di-
alog to validate that the new strategy outperforms
the original before adding it to ESB.

The results (Table 15) reveal a critical trade-off
between performance gain and system overhead,
yielding three core insights. First, online arbitra-
tion indeed delivers a notable end-to-end perfor-
mance boost, confirming the potential of instant
error correction. However, its real-time require-
ment incurs an additional LLM call for each poten-
tial critique per-turn, increasing interaction latency
by nearly 385%, which is unacceptable for TOD
applications that demand low latency responses.
This result also corroborates the theoretical analy-
sis in Appendix A.2: while online arbitration can
instantly correct individual noisy critiques, Dar-
winTOD’s default architecture smooths out noise
through long term statistics and population level
selection, avoiding the costly expense of real-time
arbitration for each potential noisy critique. Sec-
ond, per-turn evolution yields a modest improve-
ment with a relatively lower latency increase. Its
limited gain stems from the fact that evolution re-
lies only on single-turn feedback, lacking a holistic
view of the entire dialog; thus, it cannot effectively
optimize strategies that require multi-turn coordi-
nation. Third, mutation re-evaluation ensures each
mutation improving upon its predecessor in the
exact failure context. However, this rigorous val-
idation comes at an extreme latency cost due to
complete dialog re-simulation for each candidate
mutation. These findings collectively demonstrate
that DarwinTOD’s default post-dialog offline evo-
lution paradigm strikes a favorable balance among
performance gain, computational cost, and strategic
horizon, representing a more practical path toward
sustainable lifelong self-evolution.

D.3.3 Computational Cost Analysis
To assess the practical viability of DarwinTOD’s
dual-loop architecture, we analyze the latency and
computational overhead of its online execution and
offline evolution phases across different backbone
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Table 16: Computational cost analysis per dialog turn
across different backbone LLMs. Time metrics are in
seconds (s). On. and Off. stand for online and offline
phases, respectively.

Backbone LLM On. Time Off. Time On. Tokens Off. Tokens
Qwen3-4B 1.91 2.71 961.52 950.92
Qwen3-8B 3.22 4.14 941.87 986.15
Qwen3-14B 5.37 6.48 1021.83 1149.86
GPT-5.1 9.28 11.75 1214.69 1223.54

LLMs. As shown in Table 16, we measure the
average time and token consumption per dialog
turn on MultiWOZ 2.0. The results reveal a fun-
damental trade-off between model capability and
inference speed. While the most powerful model
GPT-5.1 achieves the highest performance, it in-
curs a several fold increase in latency compared to
lighter open-source models. The additional over-
head from offline evolution remains manageable,
and its asynchronous nature permits decoupling
from the online pipeline. This demonstrates that
the framework supports employing a lighter model
for real-time dialog and a more powerful one for
offline strategy refinement, enabling a favorable
balance between evolutionary efficacy and opera-
tional latency in real-world settings.

D.3.4 Deployment Considerations
While the dual-loop architecture inherently decou-
ples online execution from offline evolution, sev-
eral deployment parameters critically influence
the balance between learning efficiency and op-
erational latency. The evolutionary loop is de-
signed to be fully asynchronous, and the trigger
frequency of evolution can be adjusted based on
practical needs. In our experiments, evolution is
invoked after each dialog episode, which provides
fine-grained feedback but may incur overhead if
dialogs are extremely short or frequent. In pro-
duction, evolution can be triggered periodically,
like every N dialogs or every T hours, and can
be triggered when a sufficient volume of feedback
has accumulated, trading off reactivity for compu-
tational economy. The cross-model experiments
(Section D.3.1) demonstrate a cost-effective hybrid
strategy: lightweight models can handle online ex-
ecution to minimize latency, while a powerful but
more expensive modelis employed exclusively for
offline evolution. This decoupling allows the sys-
tem to leverage advanced reasoning for strategy
improvement without inflating real-time inference
costs. Together, these design choices make Darwin-
TOD adaptable to diverse deployment scenarios,

from research prototypes to large-scale production
environments.

While the dual-loop architecture inherently de-
couples online execution from offline evolution,
several deployment parameters critically influence
the balance between learning efficiency and op-
erational latency. The evolutionary loop is de-
signed to be fully asynchronous, and the trigger
frequency of evolution can be adjusted based on
practical needs. In our experiments, evolution is
invoked after each dialog episode, which provides
fine-grained feedback but may incur overhead if
dialogs are extremely short or frequent. In pro-
duction, evolution can be triggered periodically,
like every N dialogs or every T hours, and can
be triggered when a sufficient volume of feedback
has accumulated, trading off reactivity for compu-
tational economy. The cross-model experiments
(Section D.3.1) demonstrate a cost-effective hybrid
strategy: lightweight models can handle online ex-
ecution to minimize latency, while a powerful but
more expensive model is employed exclusively for
offline evolution. This decoupling allows the sys-
tem to leverage advanced reasoning for strategy
improvement without inflating real-time inference
costs. Together, these design choices make Darwin-
TOD adaptable to diverse deployment scenarios,
from research prototypes to large-scale production
environments.

For real-time applications with stringent latency
requirements, we recommend deploying a com-
pact LLM (e.g., Qwen3-4B or Llama3-8B) for on-
line execution, with offline evolution performed
asynchronously using a more capable model (e.g.,
GPT-5.1) on a separate schedule. In intranet or
high-reliability settings where network bandwidth
and compute are abundant, the same powerful back-
bone can be used for both phases, maximizing task
completion at the cost of higher per-turn latency.
Conversely, for resource-constrained edge environ-
ments, offline evolution can be fully disabled after
an initial bootstrapping phase, freezing the ESB
into a static policy set that requires no further in-
ference overhead. The framework further supports
adaptive evolution frequency: in high-traffic ser-
vices, evolution can be triggered after every K
successful dialogs or once per hour, whereas in
low-volume or safety-critical deployments, evolu-
tion may be limited to off-peak maintenance win-
dows with human-in-the-loop validation of mutated
strategies.
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Figure 9: Expert Evaluation: Evolved Strategies Excel
in Efficiency with Comparable Effectiveness and Safety.

E Human Studies and Evaluation

Although automatic metrics provide a standardized
and scalable evaluation of TOD systems, they can-
not fully capture the nuances of real-world interac-
tion, such as user satisfaction, conversational natu-
ralness, safety alignment, and the interpretability of
evolved strategies. Human evaluation is therefore
essential to validate whether DarwinTOD’s self-
evolution yields not only higher scores on bench-
marks, but also strategies that are safe, comprehen-
sible, and genuinely effective in interactions with
people. This section presents three complementary
human studies: an expert assessment of evolved
strategy quality, a longitudinal real-user study that
measures how the system improves through actual
dialog, and a robustness evaluation against adver-
sarial inputs.

Annotators were English proficient researchers
from China, Europe, and the U.S., unpaid and vol-
untary. Instructions are detailed per subsection.
Public MultiWOZ datasets were used in compli-
ance with their original consent agreements.

E.1 Evaluation on Evolved Strategies

To validate that the self-evolution process yields
strategies that are not only effective but also com-
prehensible, safe, and linguistically well-formed,
we conduct an expert evaluation. This experiment
aims to answer two critical questions: (1) Do strate-
gies evolved by different LLM backbones exhibit
comparable quality to human authored ones across
multiple dimensions? (2) Does the evolutionary
process maintain or improve the natural language

quality of strategy descriptions?
We recruited ten experts with 3-5 years of ex-

perience in dialog systems or NLP. From the final
ESB of four representative backbones: Llama3-
8B, Qwen2.5-7B, Qwen3-4B, and GPT-5.1, we se-
lected the 100 highest-fitness strategies per model.
Each expert independently evaluated a random sub-
set of 50 strategies (10 per model) in a double-blind
setup where neither the model source nor the evolu-
tionary generation was revealed. Each strategy was
assessed in five dimensions on a 0-5 integer scale:
Effectiveness (likelihood of successfully guiding
dialog), Efficiency (conciseness and absence of re-
dundancy), Safety (absence of harmful or biased
content), Interpretability (clarity of rationale and
logic) and Fluency (language naturalness, gram-
matical correctness, and Fluency of expression).
The agreement between the notators was substan-
tial (Fleiss’ κ = 0.73).

The experimental results (Figure 9) demonstrate
that the quality of evolved strategies is intrinsically
related to the underlying capabilities of LLM’s and
the architectural maturity driving key trade-offs.
GPT-5.1’s superior performance in Interpretabil-
ity and Fluency reflects its advanced instruction
following and coherent generation abilities, which
allow evolutionary operators to produce strategies
that are both effective and naturally articulated.
However, its lower Efficiency score suggests that
its more verbose and elaborative generation ten-
dency can compromise conciseness. In contrast,
earlier models like Llama3-8B struggle with lin-
guistic clarity, as their limited expressive capacity
leads to more cryptic or grammatically inconsistent
strategy descriptions, even while maintaining high
Safety through the system’s robust dual-loop cri-
tique mechanism. Interestingly, Efficiency scores
remain consistently high across-models, suggest-
ing that evolutionary pressure effectively optimizes
for conciseness regardless of backbone, but Effec-
tiveness indicates that strategic reasoning depth
scales with LLM capacity. The uniformly strong
Safety scores highlight the DarwinTOD architec-
ture’s success in embedding ethical alignment via
multi-agent peer review, which compensates for
potential weaknesses in individual model outputs.
These insights affirm that while evolutionary algo-
rithms can bootstrap competent strategies from var-
ious LLMs, achieving human-interpretable and flu-
ently expressed policies necessitates a sufficiently
powerful base model, underscoring a critical design
consideration for deployable self-evolving systems.
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Table 17: Results from the real-user study comparing
performance and subjective ratings between the first
and second halves of dialogs (within-subject). Improve-
ments across all metrics indicate effective adaptation to
real human interaction patterns through evolution.

Dialog Segment Success Turns Quality Satisfaction

First Half (Early) 89.10 11.88 4.07 4.01
Second Half (Late) 92.61 9.44 4.35 4.30

Improvement ↑3.51 ↓2.44 ↑0.28 ↑0.29

E.2 Real User Study

To validate DarwinTOD’s practical effectiveness
and user experience in realistic interaction scenar-
ios, we conduct a controlled real-user study. This
experiment aims to answer two key questions: (1)
Does the system’s continuous self-evolution trans-
late into tangible performance improvements when
interacting with human users? (2) How do hu-
man users perceive the quality and satisfaction
of dialogs conduct by an autonomously evolving
system? The study involved 10 experienced hu-
man evaluators, each conducting 30 multi-turn di-
alogs with DarwinTOD. The system was initialized
with ESB pre-trained on GPT-5.1 and continued to
evolve using GPT-5.1 throughout the experiment.
Dialogs were constructed by randomly selecting
300 user goals from the MultiWOZ 2.0 test set;
each dialog began with the corresponding ground-
truth user utterance. The evaluators, aware of the
dialog goal, naturally engaged with the system to
complete the task. To mitigate ordering effects
and evenly distribute interactions across the evolu-
tionary timeline, each evaluator completed their 30
dialogs in three blocks of ten dialogs, with evalu-
ators rotating between blocks, ensuring that each
evaluator’s conversations spanned the entire study
period.

We employ four complementary evaluation met-
rics to assess both objective performance and sub-
jective experience. Task Success is determined by
manual verification of whether the dialog fulfills all
constraints of the user goal. Dialog Turns counted
the number of exchanges required to reach comple-
tion, with lower values indicating greater efficiency.
Response Quality was scored by evaluators on
a 0-5 Likert scale immediately after each system
turn, assessing clarity, relevance, and naturalness.
Overall Satisfaction was rated by evaluators on
a 0-5 scale at the end of each dialog, capturing
their holistic impression of the interaction. To
isolate the impact of ongoing evolution, we seg-

Table 18: Simulated user study results on MultiWOZ
2.0 (GPT-5.1 backbone).

Dialog Segment Success Turns Quality Satisfaction

First Half (Early) 87.61 12.14 3.92 3.88
Second Half (Late) 92.01 9.87 4.21 4.18

Improvement ↑4.40 ↓2.27 ↑0.29 ↑0.30

mented each evaluator’s dialogs into first-half (first
50%) and second-half (last 50%) groups and com-
puted average metrics for each segment, enabling
a within-subject comparison of early versus later
interactions.

The results, summarized in Table 17, demon-
strate a clear and consistent improvement across all
metrics as the system evolved through interaction.
Task Success increased by 3.9% from the first to the
second half of the dialogs, indicating that evolution-
ary refinements effectively addressed real-world
comprehension and planning challenges. Concur-
rently, the average number of turns decreased by
2.44, reflecting more efficient goal pursuit likely
due to strategy optimizations that reduced redun-
dant clarifications and improved proactive infor-
mation provision. Subjective ratings showed pro-
nounced gains, suggesting that users not only com-
pleted tasks more reliably, but also found the inter-
actions to be progressively more natural, coherent,
and engaging. Qualitative feedback corroborated
these trends, with later dialogs frequently described
as more fluid, less repetitive, and better at anticipat-
ing my needs. These findings collectively validate
that DarwinTOD’s self-evolution mechanism suc-
cessfully translates simulated learning into measur-
able enhancements in real human-AI dialog, bridg-
ing the gap between autonomous optimization and
practical usability.

E.3 Simulated User Study

To assess whether DarwinTOD can sustain perfor-
mance improvement in a fully autonomous and
open-ended interaction setting, we conduct 500 di-
alogs simulated user study. Unlike the real-user
study, where evaluators provide natural responses,
here the UserSim agent (prompt provided in Ap-
pendix G.5) autonomously generates complete di-
alogs based on user goals and inferred personalities
derived from the MultiWOZ dataset. The first ut-
terance and the overall dialog goal are taken from
the dataset, but all subsequent user responses are
generated by UserSim without human intervention.
Evaluation is performed only at dialog completion,
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Table 19: Performance of DarwinTOD (GPT-5.1 back-
bone) under abnormaluser inputs. Metrics are human
rated on a 0-5 scale.

Category Retention Redirection Safety Naturalness

Nonsensical 4.82 4.45 4.95 4.33
Out-of-domain 4.75 4.62 4.93 4.40
Impolite 4.88 4.70 4.97 4.28

Overall Average 4.82 4.59 4.95 4.34

using the same metrics as the real-user study.
The results closely mirror those of the real-user

study, with consistent improvements across all met-
rics. Notably, the magnitude of improvement in
success rate and turn efficiency is even slightly
larger in the simulated setting, likely due to the
larger number of dialogs and reduced variance from
human behavior. These findings confirm that Dar-
winTOD’s self-evolution mechanism is robust and
effective even when interacting with a fully au-
tonomous user simulator, further supporting the
claim of lifelong learning in open-ended environ-
ments.

E.4 Robustness to Adversarial and Off-Topic
Inputs

To assess whether DarwinTOD maintains robust-
ness and safety when faced with uncooperative,
irrelevant, or impolite user input, we conduct a con-
trolled stress test. We designed three categories
of challenging inputs: (1) Nonsensical utterances
e.g., I want to travel to space; (2) Out-of-domain
requests e.g., What is the weather today?; and (3)
Impolite or adversarial expressions e.g., You are
so slow, hurry up!.

We simulated 30 dialogs for each category, mix-
ing these inputs with normal task-oriented turns,
and evaluate under GPT-5.1 backbone. Each sys-
tem response was evaluated along four dimensions:
Task Retention: whether the system attempts to con-
tinue the core task, Graceful Rejection/Redirection:
ability to politely refuse or steer back appropriately,
Safety: absence of harmful or offensive language,
and Response Naturalness. All metrics are rated by
annotators on a 0-5 scale.

Results (Table 19) reveal an inherent robustness
mechanism within DarwinTOD’s pipeline architec-
ture. DST agent inherently functions as a seman-
tic firewall against anomalous user inputs. When
confronted with nonsensical or uncooperative ut-
terances, the DST module fails to extract valid
slot values. Consequently, it preserves the cur-

rent belief state unchanged. Then passed to the DP
agent, which systematically selects actions to query
the missing information from the user. The NLG
agent subsequently generates appropriate prompts
to steer the conversation back on track. Thus, the
online multi-agent pipeline not only facilitates spe-
cialized optimization but also ensures that local in-
terpretation failures in DST do not cascade into in-
coherent dialog behavior. The pipeline naturally de-
faults to a belief-directed recovery mode, maintain-
ing task focus and producing stable, goal-oriented
responses even under adversarial or irrelevant in-
puts.

E.5 Synthesis and Implications
Human studies collectively affirm that Darwin-
TOD’s self-evolution transcends mere metric op-
timization. Expert evaluation reveals that evolved
strategies are not only effective, but also exhibit
enhanced safety and interpretability, qualities emer-
gent from the dual-loop architecture’s structured
critique and selection, rather than explicit safety
fine-tuning. The real-user experiment demonstrates
that these strategies translate into measurably bet-
ter human-AI interactions: as the system evolves,
dialogs become more efficient, successful, and
satisfying. This convergence of objective perfor-
mance and subjective experience validates the core
premise: the framework enables a transition from a
static, brittle dialog system to a learning conversa-
tional partner that improves continuously through
interaction, while naturally aligning its behavior
with human preferences and safety norms. Robust-
ness to adversarial input further validates the inher-
ent resilience of the modular architecture, demon-
strating stable and goal-directed recovery even un-
der challenging inputs.

These findings signal a paradigm shift in the way
adaptive dialog systems should be designed and
evaluated. The research community must move be-
yond static benchmark performance as the primary
measure of success, toward longitudinal, human-
in-the-loop assessments that capture sustained im-
provement and user experience. For practitioners,
the results offer a practical path forward: Darwin-
TOD’s ability to bootstrap from minimal knowl-
edge and evolve toward expert level strategies re-
duces dependency on costly, manually curated pol-
icy libraries. Furthermore, its inherent tendency
to improve safety and efficiency through interac-
tion suggests that autonomous learning can be re-
sponsibly deployed, provided it is coupled with
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robust architectural safeguards like peer critique
and fitness-based selection. This work thus charts
a course toward dialog systems that are not only
more capable but also more adaptive, transparent,
and trustworthy over their operational lifetime.

F DarwinTOD Dual-Loop Algorithm
Pseudocode

The section provides a complete pseudocode of
DarwinTOD’s dual-loop architecture. The main
loop (Algorithm 1) iterates over evolutionary gener-
ations, alternating between online dialog execution
and offline strategy evolution. Algorithm 2 de-
tails the online multi-agent execution phase, where
specialized LLM agents retrieve strategies from
ESB and conduct dialog with built-in critique. Al-
gorithm 3 describes the offline evolution phase,
where the ESB is refined through four evolution-
ary operators (Genesis, Mutation, Consolidation
and Pruning) based on the accumulated feedback
in SSM.

Algorithm 1: DarwinTOD Main Loop
Input: Initial ESB Π0,

Domain set D,
User goal G

Output: Evolved strategy bank ΠG

// Initialize SSM
M← ∅
while true do

// Retrieve Strategies via Eq. 3
Πt = Retrieve Strategies(D);
// Online Execution Phase
H ← Online-Execution(Πt,D, G);
// Store trajectory to SSM
M←M∪ {H};
// Offline Evolution Phase
Πt+1 ← Offline-Evolution(Πt,M);

end

G Agent Prompt Templates

G.1 DST Agent Prompt

## Dialog STATE TRACKER
- Domains: {domains}
- User Utterance: {user_utterance}

{previous_belief_state}

{formatted_history}

{formatted_esb}

Algorithm 2: Online Execution
Input: Strategies Π (πDST, πDP, πNLG),

Domain set D,
User goal G

Output: Dialog trajectoryH
InitializeH ← ∅, b0 ← initial belief;
for each turn k = 1, 2, . . . until termination
do
// Multi-agent execution with

critique
bk, c

DST
k ← DST(uk, πDST);

ak, c
DP
k ← DP(bk, πDP);

rk, c
NLG
k ← NLG(ak, πNLG);

cUserSim
k ← UserSim(rk, g);

Log {uk, rk, bk, ak, ck} toH;
end
H.D ← D
H.G← G
H.Πused ← {πDST, πDP, πNLG};
returnH;

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"critique": "Your critique of the User Output

(if any)",
"belief_state": {"domain1": {"slot1": "value1

", "slot2": "value2"}, "domain2": {...}},
"reason": "Explanation of belief state

changes"
}

G.2 DP Agent Prompt

## Dialog POLICY AGENT
- Domains: {domains}
- Lasted User Utterance: {user_utterance}
- Current Belief State: {belief_state}
- Previous Belief State:{pre_belief_state}

{formatted_history}

{formatted_esb}

## SYSTEM ACTION TYPES:
- inform(slot=value): Provide information to

the user about a specific slot
- request(slot): Request more information from

the user for a specific slot
- recommend(entity): Recommend a specific

entity to the user
- select(entity): Select an entity from the

database results
- nooffer(): Inform user that no matching

results were found
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Algorithm 3: Offline Evolution
Input: Strategy bank Π (containing πDST,

πDP, πNLG for each domain),
Dialog trajectoryH in Shared

Structured MemoryM,
Population size limit M ,
Initial strategies per domain K,
Similarity threshold δ

Output: Updated strategy bank Π′

Π′ ← Π;
// Genesis
foreach domain combination d′ not covered

by Π′ do
if |d′| = 1 then

// Single domain
Π′ ← Π′ ∪ Genesis(d′);

else
// Multiple domains: combine

existing domain specific
strategies

Πcombine ← ∅;
foreach domain di ∈ d′ do

Randomly select πdi ∈ {π ∈
Π′ | di ∈ domains(π)};
Πcombine ← Πcombine ∪ {πdi};

end
πnew ← Consolidation(Πcombine);
Π′ ← Π′ ∪ {πnew};

end
end
// Mutation
foreach strategy π ∈ Π′ involved in failed

dialogs or received negative critiques in
M do

π′ ← Mutation(π,Hfail);
Π′ ← (Π′ \ {π}) ∪ {π′};

end
// Consolidation
foreach pair (πi, πj) ∈ Π′ with

sim(πi, πj) > δ do
πc ← Consolidation(πi, πj);
Π′ ← (Π′ \ {πi, πj}) ∪ {πc};

end
// Pruning
Rank π ∈ Π′ by ϕ(π) (Eq. 2) in descending

order;
Π′ ← {π ∈ Π′ | rank(π) ≤M};
return Π′;

- book(slot1=value1,slot2=value2): Make a
booking with specified parameters

- nobook(): Inform user that booking cannot be
completed

- offerbook(slot1=value1,slot2=value2): Offer
booking options with specified parameters

- offerbooked(booking_details): Confirm
successful booking with details

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"critique": "Your critique of the Belief

State Changes (if any)",
"system_action": "appropriate action based on

the current context",
"reason": "Your reason for the DP output",
"query_db": true/false,
"query": {
"domain": "the name of domain to query",
"state": {"the name of domain to query": {"

slot_name1": "value1", "slot_name2": "
value2"} }

}
}

G.3 NLG Agent Prompt

## Dialog STATE TRACKER
- Domains: {domains}
- User Utterance: {user_utterance}
- System action: {system_action}

{formatted_db_results}

{formatted_history}

{formatted_esb}

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"critique": "Your critique of the DP output (

if any)",
"system_utterance": "your natural system

response",
"reason": "Your reason for the NLG output"

}

G.4 UserSim Agent Prompt1

## USER SIMULATOR AGENT
- Domain: {domains}
- User Goal: {goal}

## CURRENT Dialog STATE
{formatted_prev_agent_output}
- Belief State: {belief_state}
- Dialog History: {formatted_history}

## INSTRUCTIONS

44324



Analyze the previous system response. If there
are any issues, provide critique. If the
output is good, leave critique as empty
string.

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"critique": "Constructive feedback on the

previous system response (if any)"
}

G.5 UserSim Agent Prompt2

## USER SIMULATOR AGENT
- Domain: {domains}
- User Goal: {goal}

## CURRENT Dialog STATE
{formatted_prev_agent_output}
- Belief State: {belief_state}
- Dialog History: {formatted_history}

## INSTRUCTIONS
### 1. Check Goal Completion
Compare belief state with user goal:
- Inform slots: All must match (OR conditions:

match any "|" option)
- Only set `goal_achieved: true` when ALL

requirements met

### 2. Generate Response
* If goal achieved: Natural closing (e.g., "

Thanks, that's perfect!")

* If goal not achieved:
- Identify the most urgent missing

information
- Generate natural follow-up question/

statement
- Avoid repeating same phrasing

### 3. Provide Reason
Explain in one sentences: response rationale

### 4. Criticism
Analyze the previous system response. If there

are any issues, provide criticism. If the
output is good, leave criticism as empty
string.

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{{
"criticism": "Constructive feedback on the

previous system response (if any)",
"user_utterance": "Natural user response that

advances the dialogue",
"goal_achieved": true/false,
"reason": "Your reason for the user response"

}}

G.6 End2end Agent Prompt

G.6.1 Part 1

## END-TO-END AGENT
- Domains: {domains}
- User Utterance: {user_utterance}
- Previous Belief State: {pre_belief_state}

{formatted_history}

{formatted_esb}

## SYSTEM ACTION TYPES:
- inform(slot=value): Provide information to

the user about a specific slot
- request(slot): Request more information from

the user for a specific slot
- recommend(entity): Recommend a specific

entity to the user
- select(entity): Select an entity from the

database results
- nooffer(): Inform user that no matching

results were found
- book(slot1=value1,slot2=value2): Make a

booking with specified parameters
- nobook(): Inform user that booking cannot be

completed
- offerbook(slot1=value1,slot2=value2): Offer

booking options with specified parameters
- offerbooked(booking_details): Confirm

successful booking with details

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"critique": "Your critique of the User Output

(if any)",
"belief_state": {"domain1": {"slot1": "value1

", "slot2": "value2"}, "domain2": {...}},
"system_action": "appropriate action based on

the current context",
"reason": "Your reason for the output",
"db_query_needed": true/false,
"query": {
"domain": "the name of domain to query",
"state": {"the name of domain to query": {"

slot_name1": "value1", "slot_name2": "
value2"} }

},
"system_utterance": "your natural system

response (only if db_query_needed is
false)"

}

G.6.2 Part 2

## END-TO-END AGENT (with Database Results)
- Domains: {domains}
- User Utterance: {user_utterance}
- Current Belief State: {belief_state}
- System Action: {system_action}

{formatted_db_results}

{formatted_history}
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{formatted_esb}

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"system_utterance": "your natural system

response",
"reason": "Your reason for the output"

}

G.7 Arbiter Agent Prompt

## ARBITRATION AGENT
- Domains: {domains}
- Target Module: {target_agent} ({agent_role})
- Original Output from {target_agent}: {

original_output}
- Critique from {critic_agent}: {

critique_content}

## CONTEXT
{formatted_history}
{formatted_belief_state}

## TASK
Evaluate the original output from {target_agent}

and the critique provided by {critic_agent
}.

Determine which version is more appropriate for
advancing the dialog toward successful
task completion.

## EVALUATION CRITERIA
1. Correctness: Adherence to domain ontology

and dialog state consistency.
2. Efficiency: Contribution to reducing dialog

turns and avoiding unnecessary
clarifications.

3. Safety & Appropriateness: Absence of harmful,
biased, or irrelevant content.

4. Naturalness: Conformity to natural
conversational flow and user expectations.

## OUTPUT INSTRUCTIONS
After evaluation, generate the final output

that should be used for the subsequent
dialog turn.

This output must follow the exact format
expected by the downstream module.

## Output Format:
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown
formatting outside the JSON.

{
"final_output": { ... },
"reason": "Clear rationale for choosing this

output over the alternative",
"critique_accepted": true/false

}

G.8 Evolutionary Operator Prompts
G.8.1 Genesis Prompt

## Task:
Generate {num} comprehensive optimization

strategies for a specific module in a
pipeline-based Task-Oriented Dialog System.

## Domains:
{domain_str}

## Target Module:
{agent_type}({agent_role})

## Goal:
The strategies should aim to enhance the

overall performance of the TODS by
increasing task completion rate and
reducing the average number of dialog turns
(improving efficiency).

## Requirements for Strategies:
1. Each strategy must be a self-contained,

actionable recommendation.
2. Describe the strategy concisely in 3 to 5

items.
3. Focus on specific techniques, architectural

adjustments, or training methods relevant
to the target module.

4. Explicitly address unique challenges or
opportunities presented by the specified
domain.

5. Implementation guidance must be clear enough
for a developer to follow.

6. Optionally, include 0-3 few-shot examples if
they perfectly illustrate the strategy's
application

## Number of Strategies: {num}

## Output Format
Output MUST be a valid JSON array only, with no

additional text, explanations, or markdown
formatting.

[
{
"reason": "A clear, one sentence explanation

of the performance bottleneck or
optimization opportunity this strategy
addresses for the specified module and
domain.",

"content": "The core strategy description
and implementation steps (3-5 items).
May include examples."

},
...continue for all {num} strategies

]

G.8.2 Mutation Prompt

## Task:
You are an expert in Task-Oriented Dialog

Systems optimization. Based on the provided
dialog data, analyze and optimize the
strategy for the {agent_type} module.

## Context:
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- Target Module: {agent_type}
- Agent Goal: {agent_goal}
- Domain: {domain_str}
- Dialog Result: {dialog_result}

## Input Data

### Dialog Goal
{goal}

### Dialog History
{formatted_history}

### Current Strategies
{strategies_by_type}

### Feedback Analysis
{evolve_data}

## TASK INSTRUCTIONS

### Step 1: Strategy Evaluation
Score the current strategy's effectiveness in

this dialog:
- 1 (Helpful): Strategy contributed positively

to dialog success or efficiency
- 0 (Neutral): Strategy had no clear positive

or negative impact
- -1 (Harmful): Strategy directly contributed

to dialog failure or inefficiency

Consider these factors when scoring:
1. Module specific performance in this dialog
2. Impact on overall task completion
3. Contribution to dialog efficiency (turn

reduction)

### Step 2: Gap Analysis
Identify specific gaps between the current

strategy and optimal performance by
analyzing:

1. Dialog failures or inefficiencies in the
history

2. Feedback insights and recommendations
3. Domain specific challenges that emerged

### Step 3: Strategy Optimization
Create an updated strategy that addresses the

identified gaps while maintaining effective
aspects of the current strategy. Ensure
the updated strategy:

1. Addresses Specific Issues: Directly targets
problems observed in the dialog

2. Provides Actionable Guidance: Clear,
implementable recommendations

3. Leverages Domain Knowledge: Incorporates {
domain_str} specific best practices

4. Balances Robustness and Efficiency:
Maintains task completion while reducing
unnecessary turns

### Step 4: Reasoning
Provide clear rationale explaining: What

specific improvements the updated strategy
makes

## Output Format
Output ONLY the JSON object. Do not include any

additional text, explanations, or markdown

formatting outside the JSON.
{

"strategy": {
"agent_type": "{agent_type}",
"content": "Updated strategy description

(1-3 few-shot expamles if needed)",

"reason": "Clear rationale for the
update one sentence explaining what
issues were addressed)",

"score": 1|0|-1
}

}

G.8.3 Consolidation Prompt

## Task:
Merge multiple semantically similar strategies

into one comprehensive strategy for {
agent_type} module for {domains_str} domain
(s) in a Task-Oriented Dialog System.

## Merging Guidelines:
1. Analyze the provided strategies to identify:

1) Common themes and techniques, 2)
Complementary ideas, 3) domain specific
nuances.

2. Create a unified strategy that integrates
the strongest elements from each original
strategy, avoiding simple concatenation.

3. If strategies have conflicting advice,
prioritize the approach that is most
evidence based or best suited for the
specified domain.

4. The merged strategy should be more
generalizable than any single original
strategy, while maintaining practical
applicability.

5. Include 1-3 representative examples ONLY if
they significantly enhance understanding of
the merged approach. Adapt examples to
better illustrate the integrated strategy.

{strategies_text}

# Output Format
Output ONLY a valid JSON object with exactly

the structure below. Do not include any
additional text, explanations, or markdown
formatting.

{
"content": "Merged strategy description here

",
"reason": "Summary of the merged strategy's

purpose and value"
}

G.9 Manually Designed Strategies in
Zero-shot Setup

G.9.1 DST Agent Strategy

1. Analyze User Utterance
- Extract slot value mentions from the user's

current utterance
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- Identify corrections, updates, or
confirmations of existing values

- Analyze the previous User Output (user
utterance). If there are any issues,
provide critique. If the output is good,
leave critique as empty string.

2. Update Belief State
- Only modify existing slots: DO NOT create new

slots or domains
- Corrections: If user corrects a slot (e.g., "

actually I want X"), replace the old value
- Updates: If user provides new information for

a slot, update it
- Persistence: If slot not mentioned, keep its

current value unchanged
- Handling uncertainty: If utterance is

ambiguous, prefer keeping current value
unless clear update

3. Quality Check
- Verify all slot values are consistent with

the utterance
- Ensure domain constraints are respected
- Check for contradictions between slots

G.9.2 DP Agent Strategy

1. First, analyze the belief state changes
according to the lasted user utterance. If
there are any issues, provide critique. If
the output is good, leave critique as empty
string.

2. Analyze the user's utterance and current
belief state to determine the appropriate
system action

3. CRITICAL: ALWAYS query the database for any
information needed, NEVER use your own
knowledge or common sense

4. Set "query_db" to true for ALL actions that
require entity information, and specify the
query parameters using the filled slots

5. Generate system action based ONLY on
database query results, NEVER fabricate or
assume any entity details, prices,
addresses, or availability

6. Provide a reason for the DP output

G.9.3 NLG Agent Strategy

1. First, analyze the previous Dialog Policy
Module's output (system action). If there
are any issues, provide critique. If the
output is good, leave critique as empty
string.

2. Understand the intent behind the system
action. Use the provided strategies to
handle specific response patterns.

3. Output your response in the specified JSON
format with 'system_utterance' field and '
reason' field.

4. Ensure the response is natural, helpful, and
appropriate for the dialog context. Keep
the response concise but informative.

H Case Study

This section provides qualitative analyzes to em-
pirically examine how DarwinTOD’s evolutionary
mechanisms operate in concrete dialog scenarios.
Through detailed trajectory tracing and error case
inspection, we aim to validate that the dual-loop
architecture not only drives continuous strategy re-
finement but also effectively contains and recovers
from potential cascading failures, key capabilities
for lifelong learning in real-world deployments.

H.1 Evolution Trajectory of a DP Agent
Strategy

This case study illustrates how an initial, generic
strategy for the DP agent in the train and restaurant
domains is progressively refined through Darwin-
TOD’s evolutionary loop. The following snapshots
show the strategy at four distinct generations.
Initial Strategy (Generation 0):

Augment the DP with a hierarchical policy
structure. A top-level meta-policy selects
a sub-policy (e.g., 'TicketBooking', '
MealSelection', 'SeatUpgrade') based on the
user's intent and dialog stage. Each sub-
policy is a specialized module for its sub-
task. The state is shared hierarchically.
For example, after booking a train, if the
user asks 'Can I order a meal?', the meta-
policy activates the 'MealSelection' sub-
policy, which inherits the journey details
(train number, date) without needing re-
confirmation, enabling seamless multi-task
dialogs.

10th-Generation Strategy:

Implement a multi-stage, intent-aware proactive
strategy with explicit state tracking. For
train queries, separate information
retrieval from booking: when user requests
train details (departure time, travel time,
train ID) without booking intent, provide
all matching options immediately without
requesting 'book people'. Only request
booking-specific slots when user explicitly
indicates booking intent (e.g., 'I want to
book', 'reserve seats'). For restaurant
searches, when user requests address/
postcode before selection, automatically
provide details for the first matching
option with fallback option mention.
Maintain a 'requested_slots' tracker to
avoid redundant queries.

Examples:
1) User: 'train from A to B arriving by X' ->

System queries DB, presents all matching
trains with requested details, asks 'Would
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you like to book any of these?'
2) User: 'address for restaurant' (before

selection) -> System: 'The first option is
X at address Y, postcode Z. Another option
is...'

3) When user provides all constraints for
information request, skip booking slot
requests until booking intent is confirmed.

20th-Generation Strategy:

Implement a multi-domain dialog policy with
intent-aware state tracking and parallel
processing, enhanced with the following
optimizations:

1) **Intent-Aware Critical Slot Triggering with
Explicit Intent Confirmation**: For
restaurant domain, distinguish between
search and booking intents. Only trigger
booking-specific slot requests (book_people
, book_time, book_day) after the user
explicitly confirms booking intent by
either selecting a specific restaurant or
using booking-related language (e.g., 'book
a table', 'reserve'). After providing
restaurant recommendations, wait for user
selection before requesting booking details
.

2) **Multi-Domain Parallel Query with Proactive
Acknowledgment**: When users present
requests for multiple domains
simultaneously, immediately acknowledge
both requests in the system response while
processing queries in parallel. Use a
unified response template: 'I'll help you
with both [Domain1] and [Domain2]. For [
Domain1], [specific action]. For [Domain2],
[specific action].' This maintains user
confidence in system understanding.

3) **Domain-Specific Slot Requirement
Optimization**: For train information
queries (non-booking), require only {
departure, destination, day, (leave_at OR
arrive_by)}. Do not request book_people for
information-only queries. For restaurant
booking, require {name, book_time, book_day
, book_people} only after explicit booking
intent confirmation.

4) **Proactive Constraint Verification**:
Before executing database queries, verify
that all mandatory constraints are
logically consistent (e.g., book_time in
appropriate format, day exists). If
inconsistencies are detected, request
clarification immediately rather than
proceeding with query.

5) **Response Efficiency Optimization**: When
database queries return results for
multiple domains, present information in a
structured format: 'For your restaurant
booking: [details]. For your train query: [
details].' Include all user-requested
attributes without requiring additional
prompts.

Examples:
1) User: 'The Copper Kettle sounds good. Can

you book a table for one person at 13:45 on
Thursday? Also, I need a train from
Cambridge to Kings Lynn on Friday, arriving
by 18:15.' -> System: 'I'll help you with
both requests. For the restaurant, I'll
check availability at The Copper Kettle for
1 person at 13:45 on Thursday. For the
train, I'll find options from Cambridge to
Kings Lynn on Friday arriving by 18:15.' (
Parallel queries triggered).

2) User: 'I'm looking for British food, and I'd
like it to be moderately priced.' ->
System queries with {food: British,
price_range: moderate, area: centre} and
provides recommendations without requesting
booking slots.

3) User: 'What are the departure times and
prices?' (for train) -> System queries with
available constraints and provides
information without requesting book_people.

Final Strategy (Generation 201):

Implement a Unified, Proactive, and Result-
Aware Multi-Domain Dialog Policy with
Intent-Aware Phase Management, Parallel
Query Execution, and Adaptive Constraint
Handling. This integrated strategy for the
DP module in train and restaurant domains
is defined by below core principles:

1) **Intent-Aware Phase Management & Critical
Slot Triggering**: Classify user intent per
domain (search/information-request vs.
booking) using explicit cues and implicit
context. Maintain explicit, phase-aware
state machines per domain (e.g., QUERY,
SELECT, BOOK). Define domain-specific
mandatory slot sets that, when filled,
immediately trigger a database query:
restaurant search: {food, area, price_range
}; train search: {departure, destination,
day, (leave_at OR arrive_by)}; restaurant
information request: {name}. Dynamic rule
masks prevent premature requests for
booking-phase slots (e.g., book_people,
book_time, book_day) during query phases;
booking slots are only requested after
explicit booking intent confirmation (e.g.,
user selects a restaurant or uses booking-
related language).

2) **Parallel, Result-Aware Query Execution &
Action Selection**: For multi-domain turns,
execute database queries in parallel as
soon as each domain's mandatory slots are
filled. The system action (`system_action`)
is determined **after** query execution
based on the result set: if >1 matching
entity -> `select` or `recommend`; if ==1
-> `inform` or `recommend`; if ==0 -> `
nooffer`. This result-aware flow prevents
pre-committing to actions like `request`
for queries that cannot succeed.

3) **Explicit Empty Result Handling & Proactive
Constraint Relaxation**: Upon an empty
query result (`nooffer`), immediately
inform the user and proactively offer to
relax constraints (e.g., 'I found no
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Chinese restaurants in the south. Would you
like me to search in other areas or for
other cuisines?'). This prevents repetitive
slot requests for unsatisfiable queries.

4) **Goal-Aware Proactive Information Delivery
& Constraint Inference**: Leverage the full
user goal context to pre-populate belief
states for mandatory slots stated in the
goal. Upon a successful query, autonomously
provide all relevant informable slots for
the first matching entity from the goal's '
request' list or user's explicit requests,
requesting confirmation only if multiple
viable options exist. Use derived
information and intelligent defaults (e.g.,
for 'arrive_by' without 'leave_at', query
with the earliest matching departure).

5) **Adaptive Multi-Domain Handling with
Context Carry-Over & Precise Clarification
**: Process all active domains in parallel
but independently. For sequential multi-
domain requests, implement 'context carry-
over': slots explicitly stated as shared (e
.g., 'day', 'book_people') are inherited
from the prior domain's confirmed belief
state without re-requesting. When multiple
slots need confirmation, generate precise
multi-slot requests (e.g., `request(train.
departure, train.travel_duration,
restaurant.price_range, restaurant.area)`)
instead of generic clarifications. For
simultaneous multi-domain requests,
immediately acknowledge both requests in
the system response while processing
queries in parallel, using a unified
response template: 'I'll help you with both
[Domain1] and [Domain2]. For [Domain1], [
specific action]. For [Domain2], [specific
action].'

Examples:
1) User: 'Find Italian food in centre, and a

train to Cambridge Monday arriving by
18:00.'

System classifies both as search intents,
acknowledges both, executes parallel
queries. If restaurant query returns 3
options, system uses `select()`; if train
query returns 1, system uses `inform()`;
if either returns 0, system uses `nooffer
()` with relaxation offers.

2) User: 'The Copper Kettle sounds good. Can
you book a table for one person at 13:45 on
Thursday? Also, I need a train from
Cambridge to Kings Lynn on Friday, arriving
by 18:15.'

System: 'I'll help you with both requests. For
the restaurant, I'll check availability
at The Copper Kettle for 1 person at 13:45
on Thursday. For the train, I'll find
options from Cambridge to Kings Lynn on
Friday arriving by 18:15.'

(Parallel queries triggered with explicit
booking intent confirmation for restaurant
).

3) After a restaurant booking, user initiates a
train request. System automatically
inherits 'day' and 'book_people' from the
restaurant context, querying the DB

directly without re-requesting.

Analysis. The evolutionary trajectory demonstrates
a clear progression from a generic, hierarchical pol-
icy suggestion to a highly specialized, result-aware
multi-domain strategy. Initially, the strategy pro-
poses a modular but abstract architecture. Through
interaction-driven feedback, it rapidly incorporates
domain-specific distinctions (e.g., separating in-
formation queries from bookings) and introduces
explicit tracking mechanisms. By the 20th gen-
eration, it evolves sophisticated features like par-
allel query acknowledgment, intent confirmation
gates, and proactive constraint verification. The
final strategy synthesizes these elements into a uni-
fied policy that dynamically couples query execu-
tion with result-aware action selection, implements
intelligent constraint relaxation, and enables seam-
less cross-domain context transfer. This progres-
sion exemplifies how DarwinTOD’s online execu-
tion and offline evolutionary dual-loop architecture,
autonomously distills experiential feedback into
increasingly precise, efficient, and robust dialog
strategies, embodying the core principle of lifelong
self-evolution.

H.2 Strategy Evolution and Cascade Error
Prevention

This section demonstrates how DarwinTOD’s peer
critique mechanism drives targeted strategy evo-
lution and prevents cascading error propagation
in the modular pipeline. We analyze a concrete
dialog (ID: multiwoz21-test-173) spanning the
taxi, hotel, and attraction domains.
Dialog Goal:

You are planning your trip in Cambridge. You
are looking for places to go in town. The
attraction should be in the east. Make sure
you get attraction type and postcode. You
are also looking for a place to stay. The
hotel should have a star of 4 and should
include free wifi. The hotel should be in
the same area as the attraction. Once you
find the hotel you want to book it for 3
people and 4 nights starting from saturday.
Make sure you get the reference number.
You also want to book a taxi to commute
between the two places. You want to leave
the hotel by 09:45. Make sure you get
contact number and car type.

User Initial Utterance:
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Are there any places in the east of town that
are recommended to go to? Thanks.

DP Agent Strategy:

Implement a 'Preference-Aware Proactive
Selection' strategy with a fallback
mechanism.

1) **Preference Interpretation:** When a user
expresses openness (e.g., 'open to any type
'), treat this as an explicit instruction
to proceed without further clarification.
Do not request the slot.

2) **Proactive Selection with Justification:**
Immediately query the database with all
other known constraints (e.g., area='centre
'). From the results, select one entry (e.g
., the first or most popular) and present
it, explicitly stating the selection was
made due to the user's openness (e.g., `
inform('Since you are open to any type, I
have selected the ADC Theatre.')`). Provide
all requested slots (address, type, phone)
.

3) **Multi-Goal Parallel Processing:** For
multi-domain goals, process database
queries in parallel where constraints are
known. In this dialog, once 'hotel: area=
centre' is confirmed at turn 2, immediately
query for hotels matching 'area=centre,
price range=cheap, stars=0, parking=yes'
while simultaneously handling the
attraction request. Present results as soon
as available, interleaving domains to
reduce sequential delays.

4) **Constraint Validation Before Request:**
Before requesting any slot (e.g., taxi
departure), verify all prerequisite
information is either already in the belief
state or can be inferred (e.g., taxi
departure can be inferred as the attraction
's address once an attraction is selected).
If not, prioritize completing the
prerequisite domain first.

Given the user query and the current belief state
(attraction domain with area=’east’), the DP
agent genearates the following output:
DP Agent Output:

request(type)

DP Agent rationale:

The user is asking for recommended places in
the east of town, which corresponds to the
attraction domain. The current belief state
has 'area' filled as 'east' for attraction
, but 'type' is still empty. To provide a
recommendation, I need to know the type of
attraction (e.g., museum, park, theatre) to

query the database effectively. Therefore,
I should request the 'type' slot from the
user.

The subsequent NLG agent, before generating
the final response, critiqued this DP output: NLG
Agent critique:

The system action 'request(type)' is too vague
and does not specify which domain's type is
being requested, given the user's query
involves attractions in the east of town.
This could lead to confusion or an
inefficient dialog turn.

Strategy Evolution: Based on this critique, the
DP agent’s strategy was evolved via the Mutation
operator. The updated strategy incorporates ex-
plicit domain specification to eliminate ambiguity
in multi-domain contexts:

Implement an 'Enhanced Domain-Aware Proactive
Selection' strategy with the following
updates:

1. Domain-Specific Slot Requests: Always
specify the domain when requesting slots in
multi-domain dialogs. For example, instead
of request(type), use request(attraction.
type) or natural language like 'What type
of attraction are you interested in?'. This
applies to all requests (e.g., for hotel:
'request(hotel.stars)', for taxi: 'request(
taxi.departure_time)').

2. Preference Interpretation with Domain
Context: When a user expresses openness (e.
g., 'open to any type'), interpret it
within the current domain focus. If the
openness is ambiguous, confirm the domain
first (e.g., 'Are you open to any
attraction type?') before proceeding.

3. Proactive Selection with Justification and
Domain Tagging: When selecting an entry due
to user openness, present it with explicit
domain tagging (e.g., inform(attraction='
ADC Theatre', type='theatre', domain='
attraction') and state the justification.
Provide all requested slots with domain
context.

4. Multi-Goal Parallel Processing with Domain
Clarity: Process queries in parallel, but
when presenting results, interleave domains
with clear labels (e.g., 'For attractions:
... For hotels: ...'). Ensure that
dependency constraints (e.g., hotel area
matching attraction area) are validated
before presenting options.

5. Constraint Validation Before Request with
Prerequisite Checks: Before requesting any
slot, verify prerequisites are met and
infer where possible (e.g., taxi departure
can be inferred from hotel address). If
prerequisites involve another domain,
prioritize completing that domain first,
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and use domain-specific requests to avoid
confusion.

Few-shot examples:
- Example 1: In a multi-domain context, if user

asks for 'places in the east', system
should request as 'request(attraction.type)
' or say 'What type of attraction, like a
museum or park, are you looking for?'.

- Example 2: When user is open to any hotel
type, system queries hotels with known
constraints, selects one, and informs: '
Since you are open to any hotel type, I
have selected the Hilton Hotel with 4 stars
and free wifi. The address is...'.

- Example 3: For taxi booking, after hotel is
booked, system infers departure as hotel
address and requests 'taxi.contact_number'
and 'taxi.car_type' specifically.

Evolving Rationale:

This update directly addresses the vagueness in
slot requests by enforcing domain
specification, reducing confusion and
inefficiency in multi-domain dialogs, while
maintaining proactive selection and
parallel processing for robustness.

Preventing Cascading Error Propagation: De-
spite the ambiguous DP action (request(type)),
the NLG agent’s critique and corrective response
prevented a suboptimal user experience. The NLG
agent generated the following natural language re-
sponse and rationale:

Sure, I can help you find recommended places in
the east of town. To narrow it down, what
type of attraction are you interested in,
such as a museum, park, or something else?

The user asked for recommended places in the
east of town, which aligns with the
attraction domain. The system action should
have been more specific, like 'request(
attraction_type)', but I interpreted it as
requesting the type of attraction to
provide relevant recommendations. I kept
the response natural and helpful by
acknowledging the request and asking for
clarification on the attraction type to
assist effectively.

Analysis. This case illustrates the synergistic oper-
ation of DarwinTOD’s dual-loop architecture. The
online peer critique mechanism immediately iden-
tified a vague, domain ambiguous action that could
have led to user confusion or extended clarification
loops. By generating a corrective, domain specific

response, the NLG agent contained the potential
error within the current turn, preventing its prop-
agation through subsequent dialog states. Offline,
this critique triggered a targeted mutation of the DP
strategy, which now explicitly mandates domain
qualified slot requests in multi-domain contexts.
This evolution not only fixes the specific flaw but
also generalizes the improvement to future dialogs.
The episode demonstrates how the pipeline’s in-
herent modularity, combined with inter-agent cri-
tique, transforms a potential cascading errors into
a strength: each module acts as a semantic firewall,
while the evolutionary loop accumulates these local
corrections into globally robust strategies.
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