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Abstract
Ride-hailing dispatch engines must adapt continually to changing
demand, supply, and driver behavior while protecting several cou-
pled business objectives. Production improvement, however, still
relies heavily on experts to identify a scenario, propose a policy
change, validate it by offline replay, and advance it to an online
A/B test. Automating this loop requires more than code genera-
tion. Around a mature engine, whole-engine edits provide little
informative feedback, high-value scenarios and their responsible
policies are not specified in advance, and locally beneficial edits
may conflict when combined.We formulate the task as constrained
multiobjective dispatch engine evolution and propose DispatchE-
volve. Trace-Grounded Local Policy Evolution constructs scenario-
specific opportunities from decision traces and replay outcomes,
filters them with an opportunity critic, and evolves only the rele-
vant policies under local guardrails. Pareto-Guided Global Engine
Integration models relations among the resulting candidates, eval-
uates their combinations as complete engines, and retains globally
feasible, non-dominated improvements in a cross-round archive.
An assessment trained on historical A/B records is used only to
rank archived engines for the next online test. On frozen test logs
from four cities, DispatchEvolve is the only evaluated method that
improves all six objectives over the incumbent in every city. Only
25 of 147 complete-engine compositions improve all six objectives
while satisfying the broadcast-rate constraint, confirming that lo-
cal gains are not reliably additive. Four production A/B tests yield
∗Equal contribution. Work done during internship at Didichuxing Co. Ltd.
†Corresponding author.
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six nominally significant improvements and one nominally signifi-
cant ETA degradation.These results demonstrate the value of trace-
grounded evolution and global integration while underscoring the
need for city-level monitoring after deployment.
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1 Introduction
Ride-hailing platforms continuously match a stream of incoming
passenger orders to available drivers, and the quality of this match-
ing jointly determines the experience of passengers, the earnings
of drivers, and the efficiency of the marketplace. In production,
matching is carried out by a dispatch engine organized as a multi-
stage pipeline that retrieves and filters candidate drivers, scores
each order-driver pair by its predicted value, and solves an assign-
ment to commit the final matches [27, 30].These stages jointly opti-
mize coupled and partly conflicting business metrics, including the
completion rate (CR), the accept rate (AR), the pickup ETA, gross
merchandise value (GMV), and the passenger and driver cancel-
after-acceptance rates (PCAA and DCAA). Production improve-
ment is therefore a constrained multi-objective problem in which
a candidate must improve at least one metric without degrading
any of the others relative to the current engine.

In a ride-hailingmarketplace, demand, supply, and driver behav-
ior are non-stationary, shifting across morning and evening peaks,
weekends, and one-off disruptions such as games and concerts [23,
28]. An engine tuned to one such regime does not remain effective
in the next, so it must be improved continuously. In current prac-
tice, however, this improvement is carried out by hand, one sce-
nario at a time. Each change must be hypothesized, hand-balanced
against every othermetric, screened in offline replay, and validated

1
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PRODUCTION LOOP CONTINUOUS NEED / LIMITED TRIALS

Market drift
peaks, events

Manual improvement
expert→ code→ replay→ A/B

Iteration
bottleneck

WHY DIRECTWHOLE-ENGINE EVOLUTION BREAKS IN DISPATCH

OPTIMIZER ASSUMES DISPATCH REALITY DESIGN RESPONSE

Nearby edits
give direction

Few useful steps
diluted or unsafe

Scenario-scoped
evolution

Task is given
target known

Hidden opportunity
low ≠ actionable

Trace-grounded
discovery

Local gains
compose

effects add up

Joint value differs
policies interact

Pareto-guided
integration

×

×

×

DISPATCHEVOLVE DIAGNOSE→ EVOLVE LOCALLY→ INTEGRATE + RANK

Figure 1: Motivation. Three assumptions behind direct
whole-engine evolution fail in a throughput-limited dis-
patch loop, motivating scenario-scoped evolution, trace-
grounded opportunity discovery, and Pareto-guided integra-
tion of interacting policies.

by a multi-week online A/B test [12]. This human-intensive work-
flow scales poorly because evaluating more candidate changes re-
quires additional expert, engineering, and experimentation capac-
ity, leaving many potentially valuable scenarios unexplored.

Recent advances in LLM-driven program evolution offer a promis-
ingway to automate the generation and iterative refinement of can-
didate engine changes. FunSearch [24] demonstrated that LLM can
discover new programs through iterative feedback from an eval-
uator, while AlphaEvolve [21] extended this paradigm to system-
level code evolution undermultiplemetrics. Open implementations
such as OpenEvolve and ShinkaEvolve [13, 25] have since made
the paradigm broadly accessible. The same evaluator-guided loop
has also been applied to automated heuristic design [17, 31, 32, 34,
37]. These approaches are most effective when nearby program
edits yield directional feedback, the optimization target is speci-
fied, and promising edits can be accumulated without exhaustive
search over their interactions. At first glance, a production dis-
patch engine appears compatible with this paradigm because it is
a runnable codebase whose editable regions can be bounded and
whose candidate changes can be evaluated across multiple objec-
tives. Yet industrial dispatch does not reliably satisfy the conditions
that make evaluator-guided program evolution effective.

Applying program evolution directly to the full dispatch engine
exposes three challenges. First, directwhole-engine evolution rarely
produces a candidate that clearly improves the current engine. Years
of manual refinement have exhausted many broad improvements,
leaving gains concentrated in narrow operating conditions that are
diluted by unaffected traffic in full-data replay. Edits broad enough
to move aggregate metrics, meanwhile, often improve one objec-
tive at the expense of another and fail a non-regression guardrail.
The search therefore yields few useful candidates under a fixed re-
play budget; focusing the evaluation could strengthen the signal,
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Figure 2: Escaping local optima in multi-objective dispatch-
engine evolution. (a) Existing agentic methods predomi-
nantly explore short-edit neighborhoods around the expert-
tuned engine 𝐸0, whereas DispatchEvolve composes im-
provements evolved across multiple local regions to explore
farther. (b) Only DispatchEvolve achieves positive feasible
average improvementwhilemaintaining positiveminimum
improvement across all six objectives.

but the engine does not specify which scenario or policy to target.
Second, high-value opportunities are difficult to discover and at-
tribute across heterogeneous scenarios. Policy effects vary across
combinations of time, location, supply-demand conditions, order
types, and driver or passenger behavior, creating too many slices
to enumerate manually and allowing aggregate metrics to hide lo-
cal losses. A weak slice may reflect exogenous conditions rather
than an editable policy defect, while an actionable gap may arise
from several policy decisions. Existing marketplace methods typ-
ically predefine a target such as scoring, matching, or reposition-
ing [10, 14, 23, 27, 30, 38], leaving unresolved how to identify a ma-
terial and actionable scenario, choose the objective to improve, and
attribute its gap to the relevant policies. Third, the value of com-
bining new policies cannot be inferred from their isolated gains.
An individual policy may improve some objectives while degrad-
ing others, yet complementary policies can offset those regressions
and achieve a Pareto improvement unavailable to any one policy.
Because policies may overlap in scenarios, decision stages, or met-
rics, their joint effects can reinforce, duplicate, cancel, or conflict.
The resulting subset search is exponential, making globally valu-
able combinations difficult to find within a fixed evaluation budget.
Together, these challenges require mechanisms around a general
program optimizer that discover actionable targets, evaluate edits
where their effects remain visible, and test policy combinations
jointly under whole-engine guardrails. Figure 1 maps each failed
assumption of direct whole-engine evolution to the corresponding
dispatch failure mode and design response.

DispatchEvolve organizes thesemechanisms into two connected
stages. The first stage, Trace-Grounded Local Policy Evolution, con-
structs opportunities fromdecision traces by specifying a spatiotem-
poral scenario, a primary objective, and a relevant policy set. An
opportunity critic rejects unactionable candidates, and a general

2
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LLM program optimizer evolves only the relevant policies for each
accepted opportunity on scenario-specific replay under per-metric
guardrails. The second stage, Pareto-Guided Global Engine Integra-
tion, represents conflicts and interactions among local candidates
in a relation graph, uses a Pareto-guided combinatorial search to
assemble complete engines, and re-evaluates each engine on full-
data replay. Feasible non-dominated engines enter a cross-round
archive, from which an online-uplift assessment trained on histori-
cal A/B records selects the next incumbent after each round and the
A/B-ready output after the final round. The general program opti-
mizer is thus only the mutation engine inside the first stage; Dis-
patchEvolve contributes the trace-grounded task construction and
guarded global integration around it. We instantiate DispatchE-
volve on the order-driver scoring stage of DiDi’s production en-
gine and evaluate it with offline replay in four cities, component
diagnostics, search and serving pilots, complete-composition anal-
ysis, a paired policy trace, and production A/B tests in four cities.
We make four contributions.

• We formulate continuous dispatch-engine improvement as
a constrainedmulti-objective dispatch-engine evolution prob-
lem and present DispatchEvolve, which decomposes direct
whole-engine search into opportunity-scoped local evolu-
tion and Pareto-guided global integration.

• Wepropose Trace-Grounded Local Policy Evolution, which
constructs optimization opportunities from decision traces
by pairing a scenario with a primary objective and a rele-
vant policy set, filters themwith an LLM opportunity critic,
and evolves only the selected policies on scenario-specific
replay under per-metric guardrails.

• We propose Pareto-Guided Global Engine Integration. It
represents candidate conflicts and interactions in a relation
graph, uses a cross-round Pareto archive to guide combi-
natorial assembly, validates each complete engine under
full-data non-regression, and ranks the surviving engines
with an online-uplift assessment trained on historical A/B
experiments.

• WeevaluateDispatchEvolve onDiDi’s production dispatch
system through offline replay in four cities, component
and composition analyses, a serving-latency pilot, and pro-
duction A/B tests in four cities, while reporting protocol
mismatches and deployment trade-offs explicitly.

2 Problem Formulation
Dispatch engine. The optimization target is a runnable produc-
tion codebase rather than a single model or parameter vector. We
represent a dispatch engine as

𝐸 = (𝑃, 𝐿), 𝐸 ∈ ℰ, (1)

where 𝑃 is the pipeline structure that orders and routes policy ex-
ecution, 𝐿 is the set of policy programs, and ℰ is the search space
of runnable engines within the allowed edit scope. Each 𝑝𝑘 ∈ 𝐿 im-
plements a filtering, scoring, or other dispatch rule behind a stable
interface. At each dispatch decision epoch, 𝐸 receives the pending
orders and available drivers, constructs and scores candidate order-
driver pairs, and passes its outputs to a fixed downstreammatching
service that produces the assignment. We call the complete replay

record of one epoch, including its inputs, policy executions, and re-
sulting assignment, a dispatch instance. The formulation is stated
at the engine level, while the reported instantiation operates on a
bounded set of production policies.
Inputs and data partition. A problem instance contains the ini-
tial production engine 𝐸0, offline order-driver replay logs 𝐷, the
business objectives ℳ, a record 𝐻 of historical online A/B experi-
ments, and a maximum number of evolution rounds 𝑅. The objec-
tive set is ℳ = {AR,CR, ETA,GMV, PCAA,DCAA}. Before search,
𝐷 is temporally partitioned into two disjoint sets. The evolution
set 𝐷evo supports trace construction, opportunity discovery, local
policy evolution, complete-engine evaluation, and archive updates.
The frozen test set 𝐷test is not read during search and is used only
to evaluate the selected engine afterward. The historical record
𝐻 is separate from both replay sets and is used only to train the
online-uplift assessment before evolution, as detailed in Section 3.4.
It affects neither the optimization objective nor Pareto dominance.
Multi-objective performance. For any runnable candidate 𝐸 and
replay subset 𝐷′ ⊆ 𝐷, a shared evaluator returns the raw met-
ric vector m(𝐸; 𝐷′), whose component for objective 𝑗 is 𝑚𝑗(𝐸; 𝐷′).
Because the objectives have different improvement directions, we
orient each metric so that larger values are better and normalize it
by a per-metric scale fixed before search. This gives the direction-
unified performance vector m̂(𝐸; 𝐷′), with components 𝑚̂𝑗(𝐸; 𝐷′)
for 𝑗 ∈ ℳ. The multi-objective performance change of 𝐸 relative
to a reference engine 𝐸ref is

Δm̂(𝐸, 𝐸ref; 𝐷′) = m̂(𝐸; 𝐷′) − m̂(𝐸ref; 𝐷′). (2)

Global evaluation uses 𝐸0 as the reference, whereas local evolution
compares a candidate with the incumbent engine 𝐸𝑟 of the current
round (Section 3.2).
Problem definition. We formalize continuous improvement as a
constrainedmulti-objective dispatch engine evolution problem. Given
𝐸0, 𝐷evo, and ℳ, the goal is to find engines in ℰ whose offline per-
formance changes over 𝐸0 are maximal under Pareto dominance,

max𝐸∈ℰ
Δm̂(𝐸, 𝐸0; 𝐷evo), (3)

subject to global non-regression. We call an engine 𝐸 globally fea-
sible if it is no worse than 𝐸0 on every business objective,

∀𝑗 ∈ ℳ, Δ𝑚̂𝑗(𝐸, 𝐸0; 𝐷evo) ≥ 0. (4)

This definition includes the reference engine 𝐸0. A globally feasible
engine is a feasible improvement if it additionally improves at least
one objective,

∃𝑗 ∈ ℳ, Δ𝑚̂𝑗(𝐸, 𝐸0; 𝐷evo) > 0. (5)

DispatchEvolve initializes the Pareto performance archive (Section 3.3)
with 𝐸0 and thereafter admits only feasible improvements. At ter-
mination, the frozen online-uplift assessment trained from𝐻 ranks
the non-dominated engines in the final archive and returns the
highest-ranked one as 𝐸⋆ for online A/B testing.
Scenario granularity. Within 𝐷evo, a scenario 𝑠 selects a subset
𝐷𝑠 ⊆ 𝐷evo of dispatch instances through observable conditions
such as city, time band, supply-demand regime, and order type.
Scenarios are not specified as part of the problem input. DispatchE-
volve discovers candidate scenarios automatically from the incum-
bent engine’s decision traces, as described in Section 3.2.
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Table 1: Core notation used throughout Section 3. Auxiliary
symbols are defined inline at first use.

Symbol Meaning

𝐸0 initial engine; reference for global feasibility
𝐸𝑟 , 𝐸⋆ round-𝑟 incumbent; final selected output engine
𝐸=(𝑃, 𝐿), ℰ engine (pipeline, policy set); search space, Eq. (1)
𝐷evo, 𝐷test evolution and frozen test replay sets; data partition of

Section 2
𝐷𝑠 scenario-𝑠 subset of 𝐷evo
𝐻 , 𝑅 historical online A/B records for preference tuning;

maximum evolution rounds
m̂, Δm̂ direction-unifiedmetric vector; change relative to a ref-

erence, Eq. (2)
ℳ, 𝑗, 𝜌 objective set; objective index (primary objectivewithin

an opportunity); shared local regression tolerance
𝑜=(𝑠, 𝑗, 𝐿𝑜), 𝒪𝑟 opportunity (scenario, objective, related policies); ac-

cepted set
𝑐𝑖, 𝒞𝑟 local policy candidate; round candidate set
𝑀𝑟 scenario memory (carried across rounds)
z, Γ, 𝐸z combination vector; integration operator; assembled

engine
𝐺𝑟 , 𝒵𝑟 candidate relation graph; relation-feasible combina-

tion space
𝒜P cross-round Pareto archive initialized with 𝐸0
rHV, ℛ hypervolume reference point; Pareto reference set for

combination search

3 The DispatchEvolve Framework
3.1 Overview
Under a fixed evaluation budget, direct whole-engine search over
coupled objectives yields too few feasible improvements to guide
evolution. DispatchEvolve therefore runs for at most 𝑅 rounds,
with 𝐸1 = 𝐸0, and decomposes each round into two coupled stages.
Trace-Grounded Local Policy Evolution (Section 3.2) uses the incum-
bent 𝐸𝑟 ’s decision traces to discover scenario-specific opportuni-
ties and evolves the relevant policies against 𝐸𝑟 on 𝐷𝑠 under local
guardrails. Pareto-Guided Global Engine Integration (Section 3.3) as-
sembles the resulting candidates and evaluates complete engines
against 𝐸0 on 𝐷evo. Candidates satisfying global non-regression
in (4), strict improvement in (5), and the fixed operational checks
are Pareto-filtered into the cross-round archive𝒜P. A frozen online-
uplift assessment trained from𝐻 selects 𝐸𝑟+1 from the archive, and
the search stops when a round adds no new archive entry.

Only 𝑃 and 𝐿 are editable, while the downstream matching ser-
vice remains fixed. The language model proposes scenarios, op-
portunities, policy edits, candidate relations, and combinations; de-
terministic procedures decide runnability, replay metrics, archive
eligibility, and Pareto dominance. The general program optimizer
is thus confined to local code evolution. Figure 3 summarizes the
workflow, Table 1 collects the core notation, and Algorithm 1 in
Appendix A gives the complete procedure. Appendix C provides
the corresponding finite-budget reachability analysis.

3.2 Trace-Grounded Local Policy Evolution
This stage addresses actionable target discovery and sparse feasible
feedback. It first discovers intervention targets from the engine’s

own behavior and then turns each accepted target into a localized
search under coupled guardrails. Here, a decision trace is the struc-
tured execution record produced by the dispatch engine for one
dispatch instance. It is distinct from an LLM reasoning trace. Run-
ning 𝐸𝑟 on 𝐷evo records the observable input context, the policies
invoked by the engine in execution order, their outputs, and the
resulting assignment. For dispatch instance 𝑡 , let 𝑥𝑡 denote its ob-
servable context, which may include pending orders, available dri-
vers, time, location, andmarketplace conditions. Let 𝑦𝑡 ,𝑘 denote the
output of policy 𝑝𝑘 , such as a filtering decision, candidate score, or
routing decision, and let 𝑎𝑡 denote the resulting assignment. The
decision trace is

𝜏𝑡 = (𝑥𝑡 , (𝑝1, 𝑦𝑡 ,1) → (𝑝2, 𝑦𝑡 ,2) → ⋯ → (𝑝𝐾𝑡 , 𝑦𝑡 ,𝐾𝑡 ), 𝑎𝑡), (6)

where 𝐾𝑡 is the number of policies executed for instance 𝑡 . The
trace captures how the input passes through the engine and leads
to the final assignment. It does not by itself contain the resulting
business metrics. DispatchEvolve therefore joins the traces with
replay outcomes to construct scenario summaries containing cov-
erage, multiobjective performance, and policy execution statistics.
These summaries reveal which policies were active in scenarios
exhibiting a performance gap and narrow the set of plausible in-
tervention targets.

Combining decision traces with replay outcomes localizes a per-
formance gap to a scenario and reveals the policies active in that
scenario.The next step turns this evidence into a concrete optimiza-
tion target. The method maintains a cross round scenario memory
𝑀𝑟 that accumulates the analyses of previously discovered scenar-
ios and the outcomes of previous evolution attempts, allowing each
round to build on earlier evidence. From the current traces and𝑀𝑟 ,
the languagemodel first proposes scenario partition rules; each rule
defines one scenario in the sense of Section 2 and yields a sum-
mary of its coverage, the incumbent’s multiobjective performance
on it, and policy execution statistics. Given a scenario summary,
the model proposes which objective is most worth improving and
which active policies are plausible intervention targets for that ob-
jective. That proposal is an opportunity: a scenario, the objective to
lift, and the policies to touch.

𝑜 = (𝑠, 𝑗, 𝐿𝑜), 𝐿𝑜 ⊆ 𝐿, (7)

that is, the scenario 𝑠, its main objective 𝑗, and the related policy
set 𝐿𝑜 drawn from the engine’s policies 𝐿. The proposer is allowed
to be optimistic, because a separate opportunity critic owns the im-
provability judgment: since a lowmetric can reflect an intrinsically
hard scenario rather than a fixable one, the critic examines the
triple against the scenario evidence, the size of the performance
gap, and 𝐿𝑜 , and returns ACCEPT or REJECT; only accepted oppor-
tunities proceed to evolution. Section 3.4 explains how successful
and failed local-evolution trials provide preference supervision for
this critic. Whether accepted or not, the scenario’s summary and
analysis are written back to memory, and the accepted opportuni-
ties form the round set 𝒪𝑟 . The per-round opportunity budget lim-
its how many accepted opportunities proceed to local evolution.

An accepted opportunity defines a tightly scoped search: im-
prove one objective on one scenario by editing only the policies
responsible for it, and disturb nothing else. For 𝑜 = (𝑠, 𝑗, 𝐿𝑜), lo-
cal evolution edits only the related policies 𝐿𝑜 while holding the
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STAGE I Trace-Grounded Local Policy Evolution OFFLINE-RELIABLE LOCAL SEARCH

STAGE II Pareto-Guided Global Engine Integration OFFLINE REPLAY LEARNED ONLINE PRIORITIZATION

Round 𝑟
incumbent 𝐸𝑟

Trace-grounded
diagnosis

discover 𝑠; form (𝑠, 𝑗, 𝐿𝑜)
Opportunity critic

DPO-tuned; accept / Reject
Local policy evolution
edit 𝐿𝑜 , replay on 𝐷𝑠

Local pool
𝒞𝑟

decision traces {𝜏𝑡 } and replay outcomes from 𝐷evo

1 2 3

Relation graph 𝐺𝑟
Pareto-guided
search on 𝐸𝑟

Full-data evaluation
Δm̂(𝐸z , 𝐸0; 𝐷evo)

Feasible
Pareto archive

𝒜P from 𝐸0
Online-uplift assessment

DPO-tuned; rank archive

Next incumbent
𝐸𝑟+1

termination ⇒ 𝐸⋆

trained offline from 𝐻
4 5 6

Pareto references ℛ

scenario-validated local policies

next round if the archive advances and budget remains

OFFLINE-TO-ONLINE GAP

Figure 3: Overview ofDispatchEvolve. Stage I discovers andfilters trace-grounded opportunities, then evolves locally guardrail-
constrained candidates 𝒞𝑟 on scenario replay. Stage II uses cross-round Pareto references to assemble and evaluate complete
engines on 𝐷evo, retaining globally feasible, non-dominated improvements in 𝒜P. A frozen online-uplift assessment trained
from 𝐻 ranks the archive to select 𝐸𝑟+1 and the final A/B-ready 𝐸⋆.

pipeline structure 𝑃 and every policy outside 𝐿𝑜 fixed, producing a
local candidate engine 𝐸′. Measured on the scenario subset 𝐷𝑠 , its
effect is the scenario-level change Δm̂(𝐸′, 𝐸𝑟 ; 𝐷𝑠) = m̂(𝐸′; 𝐷𝑠) −
m̂(𝐸𝑟 ; 𝐷𝑠). The search is then to push the main objective as high
as possible, subject to every other objective staying within a single
unified non-regression tolerance 𝜌:

max𝐸′ Δ𝑚̂𝑗(𝐸′, 𝐸𝑟 ; 𝐷𝑠)
s.t. Δ𝑚̂𝑔(𝐸′, 𝐸𝑟 ; 𝐷𝑠) ≥ −𝜌, ∀𝑔 ∈ ℳ, 𝑔 ≠ 𝑗.

(8)

In words, we maximize the gain on objective 𝑗 over the scenario
while the guardrail ≥ −𝜌 forbids any other objective 𝑔 from slip-
ping more than 𝜌, so a local win can never be bought by more than
a bounded loss elsewhere. The local bar is deliberately the looser
of the two: 𝜌 buys the search room to trade off inside a scenario,
whereas the strict global bar of (4), which allows no regression at
all against the initial engine 𝐸0, is re-imposed on every assembled
engine in Section 3.3. Starting from the incumbent’s code, an LLM-
driven genetic program-evolution loop runs within a local budget
𝐵𝑜 , repeatedly selecting parents and references, mutating the pol-
icy code, replaying on 𝐷𝑠 , and reading back the multi-objective
result. A run succeeds when it satisfies (8) with a strictly positive
gain on 𝑗. Only successful runs produce local policy candidates;
failed runs produce no candidate, but their diagnostics and replay
outcomes are retained in 𝑀𝑟+1. Each successful result is recorded
as the four-tuple

𝑐𝑖 = (𝑠𝑖, 𝑗𝑖, 𝐿′𝑖 , Δm̂(𝐸′𝑖 , 𝐸𝑟 ; 𝐷𝑠𝑖 )), (9)

namely its scenario 𝑠𝑖, main objective 𝑗𝑖, evolved policy set 𝐿′𝑖 , and
scenario-level change, where 𝐸′𝑖 is 𝐸𝑟 with 𝐿′𝑖 substituted for 𝐿𝑜 .
The candidates from all accepted opportunities form the candidate
set 𝒞𝑟 , and analyses become the next round’s memory 𝑀𝑟+1.

3.3 Pareto-Guided Global Engine Integration
This stage addresses reliable composition and deployment priori-
tization. A policy that helped in isolation need not survive com-
bination with the others, nor extrapolate online. The first step is
to make the couplings between candidates explicit rather than dis-
cover them by accident. Merging the per-opportunity candidates
gives the round set 𝒞𝑟 = {𝑐1, … , 𝑐𝑛}, over which the language
model builds a candidate relation graph 𝐺𝑟 . Each node records one
candidate’s scenario,main objective, evolved policies, and scenario-
level change; each edge types how a pair interacts. A hard con-
flict joins two candidates that cannot coexist, for example because
their edits are mutually exclusive or their required order is unsat-
isfiable. A soft interaction joins two that may influence each other
through an overlapping scenario, a shared policy, or a shared met-
ric, so their joint effect can be trusted only after a complete-engine
replay. A conflict-free pair exhibits no structural or semantic con-
flict, which still does not make their gains additive. The graph thus
turns an unstructured pile of candidates into a typed search space
in which the impossible combinations are ruled out up front and
the risky ones are flagged for measurement.

Given this typed space, integration becomes a constrained com-
binatorial multi-objective search over which candidates to install
together. A binary vector z ∈ {0, 1}𝑛 names a subset of 𝒞𝑟 , and
the integration operator Γ realizes that choice by installing each
selected candidate’s evolved policies at the pipeline positions of
the policies they replace, yielding a complete candidate engine

𝐸z = Γ(𝐸𝑟 ,𝒞𝑟 , z); (10)

at serving time, whenever the engine detects that an input matches
a selected candidate’s scenario, that position runs the candidate’s
evolved policy. The relation graph constrains which vectors are
admissible: every hard conflict (𝑐𝑖, 𝑐ℓ) imposes 𝑧𝑖 + 𝑧ℓ ≤ 1, and
𝒵𝑟 collects the combinations that satisfy all such constraints. Over
this feasible set the search maximizes the full-data multi-objective
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change of the assembled engine against the baseline 𝐸0,
max
z∈𝒵𝑟

Δm̂(𝐸z, 𝐸0; 𝐷evo), (11)

read under Pareto dominance, so a vector is preferred when its en-
gine improves the objective profile without conceding any coordi-
nate. Crucially, because a candidate’s scenario-level gain need not
carry over once policies are combined, each 𝐸z is re-evaluated on
the whole evolution set 𝐷evo and never scored by summing local
results: the objective is measured on the complete engine rather
than inferred from its parts.

The feasible set can still be exponential, so the language model
is guided toward promising combinations rather than left to enu-
merate the 2𝑛 subsets. Before each proposal it receives a reference
set ℛ of at most 𝑁ℛ entries, drawn from the cross-round Pareto
performance archive 𝒜P of globally feasible engines already evalu-
ated. To rank archived engines by how much objective space they
cover, hypervolume is computed against a single point fixed for
the whole search; since the baseline satisfiesΔm̂(𝐸0, 𝐸0; 𝐷evo) = 0,
that reference point sits one regression tolerance below it on every
objective,

rHV = Δm̂(𝐸0, 𝐸0; 𝐷evo) − 𝜌1 = −𝜌1, (12)

so every non-regressing engine contributes positive volume and
the tolerance 𝜌 sets a common floor across objectives. When the
archive’s non-dominated set fits within 𝑁ℛ, all of it is used; other-
wise ℛ is assembled in two passes. First, for each objective it takes
the archived engine best on that objective, so every objective direc-
tion is shown to the model. Second, it fills the remaining slots by
decreasing hypervolume contribution, the volume an engine alone
adds to the archive,

ΔHV(𝐸) = HV(𝒜P; rHV) − HV({𝐸′ ∈ 𝒜P ∣ 𝐸′ ≠ 𝐸}; rHV), (13)

where HV(⋅; rHV) is the dominated hypervolume above the fixed
reference point (12), so a large ΔHV(𝐸) marks an engine whose
trade-off the rest of the archive cannot recover; structural differ-
ence breaks ties, so that near-duplicate combinations do not crowd
out distinct trade-offs. Guided by ℛ, by 𝐺𝑟 , and by the offline feed-
back accumulated so far, the model proposes relation-feasible com-
binationsmeant to exploit complementarities and extend the archive
with new non-dominated trade-offs.

The archive admits an engine only when it is both feasible and
a genuine advance, keeping the reference set clean of regressions
and redundancies. One evaluated engine 𝐸 Pareto-dominates an-
other 𝐸′, written 𝐸 ≻𝑃 𝐸′, when its change over 𝐸0 is no worse on
every objective and strictly better on at least one,

𝐸 ≻𝑃 𝐸′ ⟺(∀𝑗, Δ𝑚̂𝑗(𝐸, 𝐸0; 𝐷evo) ≥ Δ𝑚̂𝑗(𝐸′, 𝐸0; 𝐷evo))
∧ (∃𝑗, Δ𝑚̂𝑗(𝐸, 𝐸0; 𝐷evo) > Δ𝑚̂𝑗(𝐸′, 𝐸0; 𝐷evo)).

(14)
For every archive-eligible engine 𝐸, DispatchEvolve sets 𝒜P ←
nd(𝒜P ∪ {𝐸}). All other evaluated engines leave the archive un-
changed. The archive is initialized with 𝐸0 before the first round
and persists across rounds, so its trade-offs accumulate over the
whole run and seed every subsequent reference selection.

Feasibility on𝐷evo certifies an engine only against the replay ev-
idence used during evolution. Because replay cannot observe on-
line distribution shift or long-horizon feedback, the deployment

question is handled by a separate assessment. At the end of each
round, the frozen assessment model 𝜋𝜃up ranks the non-dominated
engines in 𝒜P by their estimated online-uplift potential. Writing
Rank𝜃up for the pairwise-aggregated ordering defined in Section 3.4,
the next incumbent is its first element,

𝐸𝑟+1 = Top(Rank𝜃up(nd(𝒜P))) , (15)

where nd(⋅) returns the non-dominated set. At termination, the en-
gine selected from the final archive by this rule is the delivered
output 𝐸⋆. Historical records 𝐻 are used to train 𝜋𝜃up offline, not
supplied during this ranking step.The assessment never enters the
objective vector or the dominance relation and cannot rewrite an
offline result. It only chooses, among engines already globally fea-
sible on 𝐷evo, the one most worth an experiment, so the engine it
advances is A/B-ready rather than a proven online win.

What is new in this stage is a Pareto-guided procedure that as-
sembles complete engines from local candidates, validates them
under all coupled objectives, and advances one by a learned online-
uplift assessment. It is neither a new general-purpose Pareto or
hypervolume algorithm nor a predictor that recovers realized on-
line uplift from historical experiments. Section 4.3 evaluates the
main mechanisms through component ablations, and Section 4.4
traces how local opportunities become complete engines. Appen-
dix B sets out the design choices behind each component.

The local-then-global decomposition also admits a finite-budget
reachability analysis. Write 𝑝loc for the probability that the first
stage supplies a candidate pool fromwhich some complete, feasible
improvement is constructible, and 𝑝P for the probability that, given
such a pool, the integration search generates and validates one. Un-
der the per-history lower-bound assumptions in Appendix C, the
per-trial hit probability is at least 𝑝loc𝑝P, and the 𝑇 -trial hit proba-
bility is at least 1−(1−𝑝loc𝑝P)𝑇 . These quantities require repeated
equal-budget trials and matched candidate pools to estimate. The
single-dataset component diagnostics in Section 4.3 probe mecha-
nism behavior but do not estimate 𝑝loc, 𝑝P, or a causal advantage
over whole-engine evolution. The bound is therefore conditional
analysis, not an empirically verified guarantee.

3.4 Offline Preference Tuning
Theopportunity critic in Stage I and the online-uplift assessment in
Stage II make different decisions, but both depend on downstream
outcomes unavailable to a general pretrained model. We therefore
fine-tune a separate Qwen3-8B model for each role using Direct
Preference Optimization (DPO) [? ]. For either module, let 𝑥 be its
evidence-conditioned prompt and let 𝑦+ and 𝑦− be the preferred
and dispreferred responses. Starting from reference model 𝜋ref, de-
fine 𝑟𝜃 (𝑥, 𝑦) = log 𝜋𝜃 (𝑦 ∣𝑥)

𝜋ref(𝑦 ∣𝑥) . DPO learns 𝜋𝜃 by minimizing

ℒDPO(𝜃) = −𝔼(𝑥,𝑦+ ,𝑦−) log 𝜎(𝛽 [𝑟𝜃 (𝑥, 𝑦+) − 𝑟𝜃 (𝑥, 𝑦−)]) , (16)
where 𝛽 controls deviation from the reference model. Preference
tuning is a one-time offline preprocessing step performed before
the engine-evolution loop in Algorithm 1. The trials used to con-
struct preference pairs contribute only training supervision and
never enter the candidate pools or Pareto archive of the reported
search. After tuning, both decisionmodules remain frozen through-
out all evolution rounds.
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Opportunity critic. We construct its preference data by sam-
pling candidate scenarios and, within each scenario, treating each
business metric in turn as the primary objective. The prompt con-
tains the opportunity (𝑠, 𝑗, 𝐿𝑜) together with its scenario distribu-
tion, performance gap, and policy evidence. During offline data
construction, we run the corresponding local evolution to obtain
outcome-based supervision. If evolution achieves a strictly posi-
tive gain on 𝑗 while satisfying the guardrails in (8), ACCEPT is pre-
ferred to REJECT; otherwise the preference is reversed. Successful
and failed trials sampled across scenarios enlarge the preference
set and expose the critic to both actionable and intrinsically diffi-
cult slices.The tuned critic is used only as the Stage I gate and does
not score policy code.

Online-uplift assessment. We construct a second preference
set from historical A/B tests 𝐻 . Each example combines an ex-
periment’s marketplace distribution and data characteristics with
the tested dispatch-engine policy design and its observed online
outcome. For each comparable pair, the preferred engine is the
one favored by the original production decision after jointly con-
sidering the realized multi-metric changes, statistical significance,
and operational guardrails; pairs without an unambiguous histor-
ical preference are excluded. These labels preserve the platform’s
multi-objective deployment judgment instead of introducing a new
scalarization of online metrics.

At inference, the frozen model compares every pair of feasible,
non-dominated engines under the same pre-deployment context.
Let 𝒮𝑟 = nd(𝒜P) and let 𝑣𝜃up (𝐸, 𝐸′) ∈ {𝐸, 𝐸′} denote the model’s
preferred engine. We assign each engine the pairwise win count

𝑤𝜃up (𝐸) = ∑
𝐸′∈𝒮𝑟
𝐸′≠𝐸

𝕀[𝑣𝜃up (𝐸, 𝐸′) = 𝐸] . (17)

Rank𝜃up (𝒮𝑟 ) orders engines by decreasing 𝑤𝜃up (𝐸), with ties bro-
ken by hypervolume contribution (13) and then by a fixed engine
identifier. Equation (15) advances its top-ranked engine. Historical
online outcomes thus supervise how to prioritize offline-feasible
candidates, while offline replay remains solely responsible for fea-
sibility and Pareto dominance.

4 Experiments
We evaluate DispatchEvolve along the path from offline dispatch-
engine evolution to online deployment. The experiments address
five questions: (1) whether DispatchEvolve discovers engines that
improve multiple dispatch objectives simultaneously; (2) how each
component contributes to DispatchEvolve’s effectiveness; (3) how
locally evolved policies become globally feasible engines; (4) what
deployment cost and serving overhead the resulting engines intro-
duce; and (5) whether they remain effective in live marketplaces.

4.1 Experimental Setup
4.1.1 Datasets. We evaluate DispatchEvolve on real-world order-
dispatch data from four Brazilian cities spanning heterogeneous
marketplace scales and dispatch densities. For each city, we collect
two consecutive weeks of dispatch logs. The first week forms the
evolution set,𝐷evo, used for dispatch-engine evolution; the second
forms the held-out test set, 𝐷test.

The production study covers Cities A and B and two additional
Brazilian markets, denoted Cities E and F. City identities and abso-
lute business volumes are withheld.

4.1.2 Evaluation Metrics. We use DiDi’s replay simulator to eval-
uate each dispatch engine on historical orders and driver availabil-
ity. We denote the production dispatch engine for each city by 𝐸0
and report all metrics as relative changes from 𝐸0. We evaluate six
dispatch objectives: completion rate (CR), driver answer rate (AR),
GMV, estimated time of arrival (ETA), passenger cancel after accep-
tance (PCAA), and driver cancel after acceptance (DCAA). Higher
values are preferred for CR, AR, and GMV, whereas lower values
are preferred for ETA, PCAA, and DCAA. Positive values indicate
improvement after accounting for metric direction.

We define feasible average improvement as the arithmetic mean
of the direction-aligned relative improvements in CR, AR, GMV,
ETA, PCAA, and DCAA for an engine that strictly improves all six
objectives. If no such engine is found, feasible average improve-
ment is zero. Broadcast rate (BR) is used only as an eligibility con-
straint: a feasible engine must limit BR degradation relative to 𝐸0
to at most 0.5%.
4.1.3 Baselines. We compare DispatchEvolve with 𝐸0 and six
program-searchmethods spanning distinct optimization paradigms.
RandomSample and HillClimb represent stochastic and local
search. MEoH is an LLM-guided multi-objective heuristic evo-
lution method that maintains non-dominated candidates. MCTS-
AHD uses LLM-guided Monte Carlo tree search for heuristic de-
sign, while OpenEvolve and ShinkaEvolve perform population-
based program evolution. All methods start from the same city-
specific engine 𝐸0, optimize the same dispatch-engine code, re-
ceive the same full-engine evaluation budget, and are evaluated
by the same replay simulator.

4.1.4 Implementation Details. We use Gemini 3 Flash as the
base LLM for all methods. DispatchEvolve additionally fine-tunes
Qwen3-8B as the Opportunity Critic. DispatchEvolve runs for ten
evolution rounds and optimizes at most ten local Opportunities
per round.

4.2 Overall Offline Effectiveness
All engines reported in Table 2 satisfy the BR constraint. Dis-
patchEvolve finds a feasible engine in each of the four cities.

DispatchEvolve attains feasible average improvements of 0.616%,
0.300%, 0.107%, and 0.248% in Cities A–D, respectively, and yields
a positive change in every objective. Among the baselines, only
OpenEvolve finds a feasible engine, in City A, with a feasible av-
erage improvement of 0.352%; no baseline finds a feasible engine
in the other three cities. Partial gains do not suffice under the
joint objective: for example, MCTS-AHD improves CR, AR, and
GMV in City A, but regresses ETA, PCAA, and DCAA, and there-
fore has zero feasible average improvement. Across the four cities,
DispatchEvolve achieves a macro-average feasible improvement
of 0.318%, compared with 0.088% for the strongest baseline. Its
smallest objective gains are 0.011%, 0.032%, 0.008%, and 0.013%
in Cities A–D, showing that the aggregate improvements do not
conceal an objective regression.
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Table 2: Metric-level offline performance in four Brazilian cities with Gemini 3 Flash. Metric columns report direction-aligned
relative percentage improvements over 𝐸0; percentage signs are omitted. Feasible average improvement is zerowhen no engine
satisfies all six objective-improvement conditions.

City Method
Feasible average
improvement CR AR GMV ETA PCAA DCAA

City A

RandomSample +0.000 +0.065 +0.046 +0.010 −0.030 −0.083 +0.005
HillClimb +0.000 +0.263 +0.272 +0.184 −0.702 −0.871 −0.361
OpenEvolve +0.352 +0.656 +0.511 +0.024 +0.191 +0.003 +0.729
MEoH +0.000 +0.328 +0.196 −0.079 −0.074 −0.173 +0.780
MCTS-AHD +0.000 +0.646 +0.720 +0.211 −0.695 −0.850 −0.216
ShinkaEvolve +0.000 −0.113 −0.047 −0.003 +0.164 −0.082 −0.042
DispatchEvolve +0.616 +1.193 +1.475 +0.290 +0.011 +0.149 +0.578

City B

RandomSample +0.000 +0.295 +0.241 −0.033 +0.075 −0.207 +0.261
HillClimb +0.000 +0.605 +0.463 −0.031 −0.093 −0.459 +0.929
OpenEvolve +0.000 +0.203 +0.139 −0.034 −0.012 −0.115 +0.387
MEoH +0.000 +0.706 +0.635 +0.043 −0.137 −0.446 +0.468
MCTS-AHD +0.000 +0.206 −0.023 −0.076 +0.021 −0.376 +2.120
ShinkaEvolve +0.000 +0.238 +0.138 −0.030 +0.115 −0.219 +0.778
DispatchEvolve +0.300 +0.717 +0.459 +0.032 +0.125 +0.084 +0.384

City C

RandomSample +0.000 −0.063 −0.105 −0.164 +0.200 −0.014 +0.355
HillClimb +0.000 +0.170 +0.169 +0.038 −0.044 −0.155 +0.243
OpenEvolve +0.000 +0.766 +0.628 −0.282 −0.180 −0.386 +0.853
MEoH +0.000 +0.177 +0.241 +0.123 −0.336 −0.472 +0.630
MCTS-AHD +0.000 +0.000 +0.000 +0.000 −0.000 −0.000 −0.000
ShinkaEvolve +0.000 +0.702 +0.575 −0.044 −0.257 −0.153 +0.340
DispatchEvolve +0.107 +0.163 +0.210 +0.032 +0.068 +0.008 +0.160

City D

RandomSample +0.000 +0.171 +0.185 −0.034 −0.002 −0.165 +0.178
HillClimb +0.000 +0.336 +0.461 −0.052 −0.189 −0.419 +0.393
OpenEvolve +0.000 −0.060 +0.091 −0.035 +0.033 −0.100 +0.134
MEoH +0.000 −0.058 −0.079 −0.023 −0.043 −0.107 +0.133
MCTS-AHD +0.000 +0.012 +0.084 −0.056 −0.063 −0.047 +0.616
ShinkaEvolve +0.000 +0.005 +0.005 +0.006 −0.023 +0.004 +0.016
DispatchEvolve +0.248 +0.347 +0.516 +0.063 +0.209 +0.013 +0.342

Figure 4 further compares evaluation efficiency using the aver-
age best-so-far number of improved objectives among BR-eligible
engines. DispatchEvolve improves all six objectives on average
after 15 dispatch-engine evaluations, whereas the strongest base-
line reaches five after 30 evaluations. Its four-city feasible average
improvement emerges after six evaluations and increases from
0.045% to 0.187% by the 24th evaluation, indicating that additional
evaluations continue to improve solution quality after feasibility
has been reached.

4.3 Ablation Study
We evaluate five variants of DispatchEvolve on City A. w/o Trace
Evidence removes policy activity, decision-effect, and perfor-
mance traces from Opportunity discovery and evaluation while
retaining the validated editable policy scope. w/o Opportunity
Critic admits every structurally valid Opportunity without seman-
tic quality filtering. w/o Combination LLM replaces LLM-based
composition with a deterministic greedy strategy based on local
objective gains. w/o Candidate Relations removes explicit con-
flict and precedence relations during composition and integration.
w/o Pareto References withholds previously evaluated Pareto
solutions from the Combination LLM while preserving Pareto
archive maintenance and incumbent selection. All variants other-
wise retain the full DispatchEvolve pipeline.

Table 3 reports Avg. Δ for six configurations: the full method
and five ablated variants.

The complete method achieves the strongest result. Full
DispatchEvolve attains an Avg. Δ of 0.616%, outperforming every
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Figure 4: Offline evaluation efficiency across Cities A–D.
Curves report the macro-average best-so-far number of
improved objectives under the BR constraint; bars report
DispatchEvolve’s macro-average best-so-far feasible aver-
age improvement. Hollow DispatchEvolve markers denote
checkpoints containing carried-forward runs.

ablated variant.The consistent decrease after removing any compo-
nent indicates that opportunity discovery, candidate assessment,
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Table 3: Component ablation on City A. Avg. Δ is the
direction-aligned average percentage improvement relative
to 𝐸0; percentage signs are omitted.

Variant Avg. Δ
Full DispatchEvolve +0.616
w/o Trace Evidence +0.457
w/o Opportunity Critic +0.498
w/o Combination LLM +0.542
w/o Candidate Relations +0.000
w/o Pareto References +0.398

and global composition make complementary contributions to the
final engine.

Candidate relations are essential for integration. Remov-
ing candidate relations reduces Avg. Δ to zero, indicating that
independently evolved candidates cannot be reliably integrated
without explicit conflict and precedence information. Replacing
the Combination LLM with greedy composition retains an Avg.
Δ of 0.542%, but remains below the full method, showing that
relation-aware LLM composition improves upon fixed local-gain
ordering.

Evidence and evaluation improve candidate quality. Re-
moving the Opportunity Critic and trace evidence lowers Avg. Δ
to 0.498% and 0.457%, respectively, confirming the value of fil-
tering Opportunities and grounding their discovery in execution
evidence. Removing Pareto references produces the largest non-
degenerate reduction, from 0.616% to 0.398%, highlighting the im-
portance of previously evaluated trade-offs when composing local
candidates into a globally effective engine.

4.4 In-depth Analysis
The preceding experiments establish the effectiveness and com-
ponent contributions of DispatchEvolve. We next examine three
questions: what distinguishes an apparent performance gap from
an actionable Opportunity and how accurately the Critic identifies
it, how the resulting policy edits compose into globally feasible en-
gines, and how an evolved policy changes dispatch execution.

4.4.1 Opportunity Actionability and Critic Accuracy. Across the
completed diagnostic runs, DispatchEvolve discovers 982 unique
Opportunities. The Opportunity Critic retains 771, of which 560
undergo local search and 335 succeed, giving an overall success
rate of 59.8%.

Figure 5(a) examines whether the observed scene performance
gap identifies Opportunities that are easier to optimize. The gap
aligns the direction of every objective so that a positive value indi-
cates that the scene underperforms the engine-wide value; scene
coverage is the fraction of dispatch batches captured by the scene.
Successful and unsuccessful Opportunities overlap across both di-
mensions. From the lowest to highest gap quartile, the success
rates are 63.6%, 66.4%, 60.0%, and 49.3%, respectively. A larger gap
therefore indicates greater apparent improvement headroom, but
does not predict whether local search will succeed.
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Figure 5: Opportunity actionability and Critic accuracy.
Panel (a) shows a deterministic stratified sample of 180
Opportunities from the 560 local searches; marker shape
denotes policy scope and color denotes search success.
Panel (b) compares the decision accuracy of the DPO-tuned
Critic, untuned and general-purpose LLM Critics, and ran-
dom binary decisions.

Panel (b) evaluates the Critic’s outcome-based Opportunity
judgment. The DPO-tuned Qwen3-8B Critic reaches 63.2% deci-
sion accuracy, compared with 42.7% for the base Qwen3-8B Critic,
41.6%–43.2% for the Gemini Critics, and 50.0% for random binary
decisions. This result indicates that supervision from completed
local-evolution outcomes improves the Critic’s ability to separate
actionable Opportunities from apparent gaps that do not yield a
valid local improvement.

The searched Opportunities span both major editable stages of
the dispatch engine: 372 target Scoring, 36 target Filtering, and 152
target both through Mix. These groups contain 218, 27, and 90 suc-
cessful searches, respectively. The matching solver remains fixed
in these runs; the categories describe the policies evolved by Dis-
patchEvolve. Overall, scene gaps expose where improvement may
be available but do not establish actionability. The tuned Critic im-
proves this judgment by learning from prior evolution outcomes,
while local replay remains the deterministic test of whether a cor-
responding policy edit is effective.

4.4.2 Global Feasibility through Composition. Successful local
searches provide policy edits for global composition. We analyze
all 147 full-composition evaluations from the completed diag-
nostic runs. A composition is feasible when all six objectives im-
prove strictly and BR degradation does not exceed 0.5%, consistent
with the evaluation protocol in Section 4.1. Only 25 compositions
(17.0%) satisfy both requirements. To examine the mechanism
before the 14-reference selection cap becomes binding, Figure 6
focuses on the 128 evaluations proposed while the six-objective
Pareto reference archive contained 1–14 entries; 24 of these com-
positions are feasible.

Within the displayed archive range, the observed feasibility rate
rises from 8.3% at 1–4 entries to 14.9%, 20.8%, and 42.9% in the
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Figure 6: Pareto-archive context and global composition fea-
sibility. The figure shows 128 full-composition evaluations
proposed while the archive contained 1–14 entries. Each
point’s vertical position is the worst margin among the six
objective-improvement conditions and the BR constraint;
positive values indicate feasible engines. Labels report feasi-
ble evaluations over all evaluations in each archive-size bin,
navy segments mark median margins, and color encodes
the six-objective average improvement for feasible compo-
sitions.

successive bins. The median worst eligibility margin simultane-
ously moves from −0.062% to −0.043%, −0.024%, and −0.012%, so
later proposals are progressively closer to satisfying all seven con-
ditions. This is a diagnostic association rather than a controlled
archive-size intervention, because the archive co-evolves with the
search history. Nevertheless, the joint movement of the full margin
distribution and feasibility yield shows how a richer Pareto refer-
ence context accompanies more globally compatible compositions.
The median remains negative even at 12–14 entries, and 12 of 21
compositions in that bin are still infeasible; Pareto guidance there-
fore improves the search context but does not replace full-engine
evaluation.

4.4.3 Policy-Trace Case Study. To make the end-to-end mecha-
nism concrete, we follow one admitted Opportunity from its dis-
covery to global integration. DispatchEvolve identifies a scene in
which orders wait substantially longer despite ample nearby driver
supply and selects AR as the primary objective. Joining this out-
come gap with the execution trace localizes the candidate loss to
an ETA filter: under the original engine, this stage removes 246 of
the 968 source order–driver pairs, and 33 orders are left without an
eligible driver. This evidence suggests an actionable intervention—
the ETA boundary is overly restrictive for this scene—rather than
an indiscriminate expansion of the candidate pool.

Local evolution therefore conditionally relaxes only this ETA fil-
ter while preserving the remaining policy sequence and the match-
ing solver. We replay the original and updated engines on the same
frozen scene, comprising six complete batches with identical in-
puts. Figure 7 makes the resulting execution change explicit. The
gray and orange paths follow the same anonymized policy chain

Input
Policy

1
Policy

2
ETA

Filter
Policy

N Score Match
OD1
OD2
OD3
OD4
OD5 filtered by both
OD6 later filtered

retained after ETA-filter relaxation

Opportunity: long waits despite nearby supply
Edit: relax ETA filter  ·  Target: AR 

Local: AR 0.76%, ETA 0.26%  ·  Integrated: all six improve; ETA 0.29%

original engine updated engine filtered matched

Figure 7: Trace-centered view of one admitted local can-
didate. Gray and orange denote the original and updated
engines, respectively. Policy 1, Policy 2, and Policy N
anonymize production policies, while ellipses suppress in-
termediate policies not material to this case; the full fil-
tering pipeline contains more than ten production policies.
The six OD lanes schematically encode representative path
types because the retained evidence provides aggregate stage
counts rather than row identities. Scene-level effects come
from paired replay of the same six batches and 968 source
OD pairs; the integrated effect in the footer comes from full-
engine composition evaluation.

until the ETA filter. In the schematic encoding, the updated en-
gine retains path types OD3 and OD4 for downstream policies and
scoring; OD3 eventually reaches a match, whereas OD4 remains
unmatched. In contrast, OD5 is filtered by both engines and OD6 is
removed by a later policy.Thus, the edit changes which candidates
reach scoring and matching without changing the solver itself.

The paired replay validates the intervention while exposing its
local trade-off. ETA-filter removals fall from 246 to 237, final eli-
gibility rises from 719 to 728 pairs, and orders without an eligible
driver fall from 33 to 31. The number of matched pairs remains
151, but the retained candidate set changes. Relative to 𝐸0, AR in-
creases by 0.756%, CR increases by 0.570%, and DCAA decreases
by 1.090%; mean ETA, however, increases by 0.255%. The candi-
date is therefore useful for its target scene but is not by itself a
globally balanced engine.

DispatchEvolve subsequently composes this candidate with 15
complementary candidates: eight further candidates target AR,
three target PCAA, two target DCAA, and two target CR. Full-
engine replay of the resulting 16-candidate composition improves
all six primary objectives relative to 𝐸0: CR by 0.325%, AR by
0.751%, GMV by 0.138%, ETA by 0.285%, PCAA by 0.148%, and
DCAA by 0.526%, with signs reported in their favorable directions.
The composition is retained on the Pareto frontier and enters the
Top-5 evaluation set, although it is not the final selected engine. Its
global ETA reduction shows that integration can absorb the local
ETA cost while preserving the candidate’s AR gain; because the
result is evaluated jointly, we do not attribute that compensation
to any single constituent.
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This case closes the loop behind the preceding aggregate anal-
yses: trace-grounded discovery turns a scene-level performance
gap into a localized policy hypothesis, paired replay verifies the in-
duced execution change and its trade-off, and Pareto-guided com-
position tests whether the resulting local candidate can participate
in a globally improving engine.

4.5 Deployment Cost and Serving Overhead
We evaluate deployment practicality along two dimensions: the
one-time offline expenditure required to evolve an engine and the
latency overhead of serving the selected engine. Table 4 reports
both quantities for the same four cities used in the main offline
evaluation.

Table 4: Offline evolution cost and serving overhead in
Cities A–D. Tokens are billed tokens. The final column re-
ports the relative percentage change inmean engine latency
from 𝐸0; percentage signs are omitted.

City
LLM
calls

Billed
tokens (M)

Elapsed
time

LLM cost
(USD)

Mean latency Δ
vs. 𝐸0

City A 1,872 142.0 06:52:48 115.37 +3.38
City B 1,916 130.1 11:33:42 109.12 +0.68
City C 1,880 117.4 05:50:59 103.32 +4.98
City D 1,952 132.6 11:36:50 112.43 +3.33

Using Gemini 3 Flash Standard pricing, the four evolution runs
cost USD 103.32–115.37 per city and complete within 11 hours 37
minutes. These LLM costs are incurred offline and do not enter the
serving path.

The selected engines increase mean engine latency by 0.68%–
4.98% across the four cities, with a macro average of 3.09%. The
benchmark isolates engine.run_batch on matched complete
batches; the deployed policies require no LLM inference, model
loading, or additional service during online dispatch.

The offline expenditure is incurred once, whereas the benefit
of a deployed engine recurs with production traffic. Table 5 re-
ports positive relative GMV changes in all four production cities,
with nominally significant gains in Cities E and A. These results
establish modest evolution cost and low serving overhead, but the
withheld absolute business volumes preclude a complete monetary
cost–benefit calculation.

4.6 Production A/B Tests
We deploy frozen DispatchEvolve policies in Cities A, B, E, and F
and compare themwith 𝐸0.The retained analysis windows contain
14, 14, 12, and 7 valid days for Cities A, B, E, and F, respectively. We
report the same seven outcomes in every city. Each table entry is
the platform-reported signed relative change from 𝐸0, with its re-
ported 𝑝-value below. Positive changes are favorable for CR, GMV,
BR, and AR; negative changes are favorable for DCAA, ETA, and
PCAA. The retained records do not specify randomization units,
sample sizes, confidence intervals, or a multiple-testing correction,
so we describe 𝑝 < 0.05 results as nominally significant.

Table 5 reports all 28 city–metric estimates: six nominally signif-
icant improvements, one nominally significant degradation, and 21
nonsignificant changes. CR andGMV increase in all four cities.The

gains are nominally significant in City E (CR +1.07%, 𝑝 = 0.0010;
GMV +0.94%, 𝑝 = 0.0032) and City A (CR +0.72%, 𝑝 = 0.0191;
GMV+1.32%, 𝑝 = 0.0004), whereas the positive estimates in Cities
B and F are not significant. BR increases in Cities A, E, and F but
decreases nonsignificantly by 0.27% in City B.

Driver-side gains are more selective. AR increases in all four
cities and is nominally significant in City E (+0.97%, 𝑝 = 0.0002).
DCAA decreases by 3.09% in City A (𝑝 = 0.0074), while its
changes in the other three cities are not significant. Passenger-
side outcomes expose the main deployment trade-off: PCAA does
not change significantly in any city. Broadcast ETA remains sta-
tistically unchanged in Cities B, E, and F; City B reports a 0.71%
decrease (𝑝 = 0.0562), whereas City A shows a significant 0.82%
increase (𝑝 = 0.0003).

City B adds production coverage but no new nominally signif-
icant outcome: its CR, GMV, and AR estimates are positive and
its ETA and PCAA estimates decrease, while all seven reported
𝑝-values exceed 0.05. In a leakage-controlled retrospective simu-
lation, we withheld each city’s online outcome and supplied only
its offline evidence and experiments completed earlier than its
deployment date. Five repeated Online-Critic calls produced vote
fractions of 1.00, 0.20, 1.00, and 1.00 for Cities A, B, E, and F, re-
spectively. At a 0.5 decision threshold, the Critic agrees with the
strict realized event—at least one nominally significant improve-
ment and no nominally significant degradation—in two of four
cities. Its false positives in City A (significant ETA degradation)
and City F (no significant gain) show that this small retrospective
test is diagnostic rather than evidence of calibrated deployment
reliability.

Overall, the online results show that evolved dispatch policies
can deliver nominally significant platform and driver gains un-
der live supply–demand interactions, but not a uniform Pareto
improvement. The ETA regression in City A demonstrates why
offline promotion must be followed by city-level guardrail moni-
toring. Across offline replay, mechanism analysis, and production
A/B tests, the evidence supports DispatchEvolve’s central design
principle: useful policy changes are discovered locally, but their
value and safety are determined only after global integration and
deployment-level evaluation.
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Table 5: Relative changes from 𝐸0 in four production A/B tests. Each business-metric cell reports the signed relative change (%)
and the platform-reported 𝑝-value in parentheses. Arrowsmark the favorable direction; boldface marks nominal significance.
The Online-Critic score is the fraction of five repeated pre-deployment evaluations that returned yes; it is a vote fraction
rather than a calibrated probability.

Stakeholder Metric City A City B City E City F

Platform
Completion rate (CR) ↑

+0.72∗
(0.0191)

+0.58
(0.1477)

+1.07∗∗
(0.0010)

+0.46
(0.2870)

GMV ↑
+1.32∗∗∗
(0.0004)

+0.18
(0.7497)

+0.94∗∗
(0.0032)

+0.48
(0.3110)

Broadcast rate (BR) ↑
+0.20
(0.2555)

−0.27
(0.3520)

+0.20
(0.0781)

+0.22
(0.2505)

Driver Answer rate (AR) ↑
+0.49
(0.1720)

+0.51
(0.1206)

+0.97∗∗∗
(0.0002)

+0.37
(0.1441)

DCAA ↓
−3.09∗∗
(0.0074)

+1.04
(0.6833)

+1.98
(0.2855)

−0.82
(0.7384)

Passenger Broadcast ETA ↓
+0.82∗∗∗
(0.0003)

−0.71
(0.0562)

−0.03
(0.9270)

+0.32
(0.5541)

PCAA ↓
−0.80
(0.6153)

−0.73
(0.5101)

+0.03
(0.9896)

−0.01
(0.9961)

Selection Online-critic score (pre-deployment) ↑
1.00
(5/5)

0.20
(1/5)

1.00
(5/5)

1.00
(5/5)

∗𝑝 < 0.05, ∗∗𝑝 < 0.01, and ∗∗∗𝑝 < 0.001. Parentheses in the Online-Critic row report yes/valid calls.

5 Related Work
LLM-driven program evolution and automated heuristic de-
sign. A fast-growing line of work places a large language model
in a loop with an evaluator to discover programs and heuristics.
Building on the code-generation ability of largemodels [3, 15], Fun-
Search [24] evolves programs against a scored objective, AlphaE-
volve [21] extends this to system-level code artifacts under multi-
ple metrics, and OPRO [31] casts the model itself as an optimizer.
A parallel thread automates heuristic design: EoH [17] co-evolves
natural-language ideas and code, ReEvo [34] adds reflective evo-
lution, MCTS-AHD [37] searches the heuristic space with Monte
Carlo Tree Search, MEoH [32] makes the search explicitly multi-
objective, and EvoPrompt [7] evolves prompts rather than code;
open frameworks such as OpenEvolve [25] and ShinkaEvolve [13],
together with a recent survey [18], document the breadth of the
paradigm, which in turn connects to a wider move toward self-
improving language agents that iterate with feedback [19, 26, 33].
All of these presuppose a given task, a faithful offline score, and
freedom to rewrite and re-score offline. DispatchEvolve treats such
an optimizer as one interchangeable component and supplies what
a live engine lacks: trace-grounded discovery of what to optimize,
Pareto-guided integration under coupled guardrails, and an offline-
to-online judgment for what to deploy.

Learning-based dispatching in ride-hailing marketplaces.
Order dispatching has been studied mostly as a learning or plan-
ning problem over a fixed model class. Early production systems
framed it as combinatorial assignment [35]; Xu et al. [30] combine
learning and combinatorial planning for large-scale dispatch, and
Tang et al. [27] learn a deep value network for multi-driver assign-
ment. A rich multi-agent reinforcement learning literature follows,
including mean-field formulations [14], order-vehicle distribution
matching [38], knowledge transfer across cities [29], and joint dis-
patching with fleet management and driver repositioning [8–10,
16], with the DiDi deployment and the broader area surveyed by

Qin et al. [22, 23]; related pipeline components such as passenger-
demand forecasting [11, 28] feed the same system. These meth-
ods improve a preselected component such as scoring, matching,
or repositioning, and they assume the intervention target and its
model form are given in advance. We instead automatically dis-
cover which spatiotemporal scenarios are worth optimizing and
evolve the engine’s own policy code, subject to non-regression
across all coupled business objectives.

Multi-objective and Pareto-based optimization. Our inte-
gration stage builds on classical multi-objective optimization [20].
NSGA-II [4], SPEA2 [39], and MOEA/D [36] are canonical evolu-
tionary algorithms for approximating a Pareto front, and the hy-
pervolume indicator [40] is a standard quality measure that also
drives selection in methods such as SMS-EMOA [1]; we use it to
rank reference combinations. We do not propose a new general-
purpose multi-objective solver; our contribution is a framework
that embeds Pareto dominance and hypervolume selection inside
an LLM-guided engine-integration loop, in which the candidates
are complete dispatch engines validated on full-data replay.

Offline evaluation and online experimentation. Because
the true objective is amulti-metric online uplift, our design is shaped
by the gap between offline replay and online behavior. Online con-
trolled experiments (A/B tests) are the accepted standard for mea-
suring that uplift [12], but they are slow and scarce, which mo-
tivates estimating deployment value offline. Off-policy and coun-
terfactual evaluation [2, 5] and offline A/B testing for large sys-
tems [6] study exactly this estimation problem. DispatchEvolve
keeps the two roles separate by construction: offline replay de-
cides feasibility and dominance, while an online-uplift assessment
trained on past experiments only ranks which offline-feasible en-
gine is most worth an actual A/B test, so a replay never stands in
for one.

6 Conclusion
DispatchEvolve reframes the continuous improvement of a pro-
duction dispatch engine as a constrained multiobjective evolution
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problem. Its central design choice is to place a general program op-
timizer inside a larger production workflow. Trace-grounded op-
portunity construction identifies where an actionable gap exists
and which policies should be edited. Scenario-specific replay then
supplies focused evidence for local evolution, while relation-aware
Pareto integration determines which candidates remain beneficial
when assembled into a complete engine. An assessment trained
from historical A/B records is used only for final prioritization
among engines already shown to be feasible offline.

The empirical evidence supports each part of this design at a dif-
ferent level. On frozen test logs from four cities, DispatchEvolve is
the only evaluated method that improves all six objectives over
the incumbent in every city. It improves all six objectives on aver-
age after fifteen dispatch-engine evaluations, while the strongest
baseline reaches five after thirty; its four-city feasible average im-
provement continues to increase through the twenty-fourth eval-
uation. Only 25 of 147 complete-engine compositions improve all
six objectives while satisfying the broadcast-rate constraint, which
confirms that isolated policy gains cannot simply be accumulated.
Four production A/B tests produce six nominally significant im-
provements and one nominally significant ETA degradation. The
online results show that evolved policies can create live market-
place gains, but they also establish an important boundary. Offline
feasibility is a disciplined promotion criterion rather than a guar-
antee of online non-regression.

The current evidence is limited to the reported engine scope,
markets, model configurations, and evaluation budgets. Futurework
should extend the method to additional pipeline stages and mar-
ketplace regimes, repeat component comparisons under matched
budgets and random seeds, and incorporate calibrated uncertainty
and post-deployment feedback into engine prioritization.
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A The DispatchEvolve Algorithm
Algorithm 1 condenses the full two-stage round loop of Section 3
into pseudocode; the one-time preference tuning in Section 3.4 pre-
cedes this procedure, which assumes both decision modules are
frozen. The notation follows Table 1.

B Design Rationale
This appendix explains why the two stages are built the way they
are; the bounded scope of the claim and the ablations that sub-
stantiate it are stated at the end of Section 3.3. The two stages an-
swer two different questions, and each design choice below exists
to keep those questions from contaminating each other: the first
stage asks whether a scenario admits a safe local gain, the second
asks whether such gains can be assembled into a better complete
engine.

The first stage is deliberately conservative, because a local edit
that cannot be attributed or bounded is worse than no edit at all.
Two choices enforce this. First, the opportunity critic returns a bi-
nary ACCEPT/REJECT verdict on the triple 𝑜 = (𝑠, 𝑗, 𝐿𝑜) rather than
a calibrated score: a yes-or-no judgment is defensible from the sce-
nario evidence and the observed performance gap, whereas a prob-
ability the deterministic layer would then threshold merely relo-
cates a miscalibrated number into a decision that layer must own.
Second, local evolution edits only the related policies 𝐿𝑜 , holding
the pipeline structure and every other policy fixed. This makes a
scenario-level gain attributable to a small, named set of policies,
and it lets the unified tolerance 𝜌 protect the remaining objectives,
so that a local improvement can never quietly regress the rest of
the engine.

The second stage cannot simply sum local gains, because a sum
of scenario wins is not an engine win, and three coupled problems
force it to evaluate complete engines instead. First, local gains are
not additive: two individually beneficial candidates may act on the
same traffic, share a policy, or jointly regress a metric, so the rela-
tion graph removes clearly incompatible pairs and every retained
combination is re-evaluated on the full evolution set 𝐷evo, never
by adding local results. Second, a single weighted score would col-
lapse a genuinely multi-objective problem into a groundless rank-
ing, so the search is Pareto-guided: a cross-round Pareto perfor-
mance archive𝒜P records the feasible non-dominated engines, and
reference combinations are drawn from it by target-extremal and
hypervolume-contribution selection, which shows the language
model distinct trade-off directions rather than one scalarization.
Third, whether an engine is worth an online test is a different ques-
tion from whether it is offline-feasible, so it is answered separately
by an online-uplift assessment trained from the historical records
𝐻 , kept out of the objective vector and out of the dominance rela-
tion so that a deployment guess can never rewrite an offline result.
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Algorithm 1 DispatchEvolve
Require: initial engine 𝐸0; evolution set 𝐷evo (𝐷test never read);

objectives ℳ; unified tolerance 𝜌; frozen preference-tuned de-
cision modules; reference-combination limit; per-stage bud-
gets; max rounds 𝑅

Ensure: selected engine 𝐸⋆
1: 𝐸1, 𝐸⋆ ← 𝐸0, 𝐸0; 𝒜P ← {𝐸0} with reference point rHV = −𝜌1;

feedback, 𝑀1 ← ∅,∅
2: for 𝑟 ← 1,… , 𝑅 do
3: run 𝐸𝑟 on 𝐷evo to obtain decision traces and current per-

formance
4: ▷ Stage I: Trace-Grounded Local Policy Evolution
5: 𝒪𝑟 ← propose scenario rules, summaries, and opportuni-

ties 𝑜=(𝑠, 𝑗, 𝐿𝑜) from the traces and 𝑀𝑟
6: 𝒪𝑟 , 𝑀𝑟 ← OppoRtunityCRitic(𝒪𝑟 , 𝑀𝑟 )
7: 𝒞𝑟 ← ∅
8: for all 𝑜 selected from 𝒪𝑟 within the per-round opportu-

nity budget do
9: 𝒞𝑜 , 𝑀𝑟 ← LocalPolicyEvolution(𝐸𝑟 , 𝑜, 𝐷𝑠 , 𝑀𝑟 ) ▷ 𝒞𝑜 :

successes only
10: 𝒞𝑟 ← 𝒞𝑟 ∪ 𝒞𝑜
11: end for
12: 𝑀𝑟+1 ← 𝑀𝑟
13: if 𝒞𝑟 = ∅ then
14: 𝐸⋆ ← 𝐸𝑟 ; break ▷ no archive improvement is possible
15: end if
16: ▷ Stage II: Pareto-Guided Global Engine Integration
17: 𝐺𝑟 ← relation graph over 𝒞𝑟
18: while combination budget remains do
19: ℛ ← reference combinations from 𝒜P (target-

extremal + hypervolume)
20: z ← LLM proposal from ℛ, 𝐺𝑟 , feedback; 𝐸z ←

Γ(𝐸𝑟 ,𝒞𝑟 , z)
21: if 𝐸z not runnable or violates 𝐺𝑟 then continue
22: end if
23: Δm̂(𝐸z, 𝐸0; 𝐷evo) ← full-data evaluation; append to

feedback
24: if ∀𝑗, Δ𝑚̂𝑗 ≥ 0, ∃𝑗, Δ𝑚̂𝑗 > 0, and fixed operational con-

straints pass then
25: 𝒜P ← ND(𝒜P ∪ {𝐸z})
26: end if
27: end while
28: 𝐸𝑟+1 ← Top(Rank𝜃up(nd(𝒜P)))
29: 𝐸⋆ ← 𝐸𝑟+1
30: if 𝒜P gained no new engine this round then break
31: end for
32: return 𝐸⋆

C Finite-Budget Reachability: Formal
Statements

This appendix makes precise the finite-budget reachability bound
summarized at the end of Section 3.3, and its conditional-advantage
form, so that the analysis is transparently about the two stages of
this method rather than about search in general. Throughout, the

target is defined only on the evolution set𝐷evo, since that is the ev-
idence on which a round’s archive decisions are made; the frozen
𝐷test is never read during search, the historical online evidence 𝐻
is used only for preference tuning and enters neither the objective
vector nor the dominance relation, and each objective is first nor-
malized by the scale fixed before search begins.

C.1 Target and macro-trial
We first fix what “progress in one round” means, because the finite-
budget question only has an answer once the target is pinned down.
Let ℬ𝜂 be the near-Pareto set of empirically global-feasible candi-
dates whose distance to the empirical Pareto front is at most 𝜂. For
two feasible candidates, one Pareto dominates the other, written
≻𝑃 , when its multi-objective result is noworse on every coordinate
and strictly better on at least one. Writing 𝒜P𝑟 for the cross-round
archive 𝒜P of Section 3.3 as it stands at the start of round 𝑟 , and
fixing it there, the target is the set of near-Pareto candidates that
strictly improve on that archive,

ℬ+𝑟,𝜂 = { 𝐸 ∈ ℬ𝜂 |
∄ 𝐴 ∈ 𝒜P𝑟 ∶ 𝐴 ≻𝑃 𝐸,
∃ 𝐴 ∈ 𝒜P𝑟 ∶ 𝐸 ≻𝑃 𝐴 } . (18)

In words, a member of ℬ+𝑟,𝜂 is an engine the archive neither already
beats nor already contains: it is undominated by the archive, yet
it dominates at least one archived engine, so accepting it strictly
advances the archive. Counting only such domination-advancing
candidates, rather than every front-enlarging one, is deliberate: it
makes a hit strictly harder to score and so keeps the bounds below
conservative. The archive is held fixed until the first hit and only
updated afterward, so “the next Pareto improvement” does not drift
within one analysis. We assume ℬ+𝑟,𝜂 is nonempty, since a round
with no reachable improvement has nothing to reach.

The unit of budget is one full pass through both stages, which
we call a macro-trial. A macro-trial is one equal-cost pass through
both stages of Algorithm 1: a Stage-I candidate-supply step fol-
lowed by a Stage-II integration-and-replay step. To keep reacha-
bility well defined, the analysis is anchored at a fixed archive: in-
dexingmacro-trials by 𝑘, we hold𝒜P𝑟 and henceℬ+𝑟,𝜂 fixed through-
out, abstracting the interleaving by which the running algorithm
updates the archive. An equal-cost macro-trial comprises the first
stage’s opportunity search and local evolution together with the
second stage’s integration search and full-data replay. When com-
paring full frameworks, each method’s macro-trial obeys a com-
mon cost cap; when comparing integration modules, the local can-
didate pool and the integration budget are held fixed. Any run that
fails, violates a hard constraint, or yields no complete candidate
counts as a miss. To attach a probability to each stage, let 𝒞𝑘 be the
local candidate pool produced by the first stage in the 𝑘-th macro-
trial, let L𝑘 be the event that, under the second stage’s admissible
operators, at least one complete candidate constructible from 𝒞𝑘
lies in ℬ+𝑟,𝜂 after full-data replay, let P𝑘 be the event that the sec-
ond stage actually generates and validates such a candidate, and let
ℐ𝑘−1 be the search history that has not yet hit the target. Assuming
uniform positive per-history lower bounds,

Pr(L𝑘 ∣ ℐ𝑘−1) ≥ 𝑝loc > 0,
Pr(P𝑘 ∣ L𝑘 ,𝒞𝑘 ,ℐ𝑘−1) ≥ 𝑝P > 0, (19)
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the conditional-probability decomposition gives Pr(P𝑘 ∣ ℐ𝑘−1) ≥
𝑝loc𝑝P, since P𝑘 implies L𝑘 . Read plainly, 𝑝loc is the chance that
Stage I supplies material capable of supporting a global improve-
ment, and 𝑝P, taken uniform over all pools satisfying L𝑘 and all un-
hit histories, is the chance that Stage II’s Pareto-guided integration
then identifies a valid combination and passes it through full-data
replay. Both are conditional-probability bounds to be estimated
empirically, not properties guaranteed by the module names; the
decomposition requires neither stage to be independent, only that
the bounds hold for every unhit history. Finally, write Φ𝑇 (𝑥) =
1 − (1 − 𝑥)𝑇 for the finite-budget hit function; it is strictly increas-
ing on [0, 1], since Φ′𝑇 (𝑥) = 𝑇 (1 − 𝑥)𝑇−1 > 0 for 𝑥 < 1.

C.2 Bounds
The first proposition says that if each stage clears a fixed positive
bar, enough equal-cost roundsmake a hit near-certain. It composes
the two per-stage bounds into a single finite-budget guarantee.

PRopositionC.1 (Finite-budgethit bound). Ifℬ+𝑟,𝜂 is nonempty
and the bounds in (19) hold, then over the first 𝑇 equal-cost macro-
trials

Pr(
𝑇
⋃
𝑘=1

P𝑘) ≥ Φ𝑇(𝑝loc𝑝P) −−−−→𝑇→∞ 1. (20)

PRoof. For any history that has not yet hit the target, the con-
ditional probability that the next macro-trial again misses is at
most 1−𝑝loc𝑝P, by the decomposition of (19). Chaining this bound
over 𝑘 = 1, … , 𝑇 , the probability that all 𝑇 trials miss is at most
(1 − 𝑝loc𝑝P)𝑇 , and the complement is exactly Φ𝑇 (𝑝loc𝑝P). Since
𝑝loc𝑝P > 0, this tends to 1 as 𝑇 → ∞. The argument does not
require the trials to be independent. □

Read back, Proposition C.1 splits reachability into two neces-
sary links: Stage I decides whether material capable of supporting
a global improvement is produced, and Stage II decides whether
a correct combination is then found and validated on that mate-
rial. If either lower bound approaches zero the overall hit bound is
throttled accordingly, which is precisely why the two factors are
worth measuring separately.

The second proposition turns the same bound into two com-
parisons, each isolating one design choice of the second stage. It
says that whenever Pareto-guided integration clears a higher per-
history bar than its alternative, its finite-budget hit probability is
strictly higher.

PRopositionC.2 (Conditional finite-budget advantage). Fix
a pool 𝒞 containing integrable material and give Pareto integration
and a comparison baseline the same integration budget; let 𝐸P𝑘 and 𝐸B𝑘
be their validated candidates at trial 𝑘. If Pareto integration has per-
history hit lower bound 𝑝P and the baseline, greedy or fixed-weight
integration, has per-history hit upper bound 𝑞B with 𝑝P > 𝑞B, then
over 𝑇 integration trials

Pr(∃ 𝑘 ≤ 𝑇 ∶ 𝐸P𝑘 ∈ ℬ+𝑟,𝜂 ∣ 𝒞) ≥ Φ𝑇 (𝑝P)
> Φ𝑇 (𝑞B)
≥ Pr(∃ 𝑘 ≤ 𝑇 ∶ 𝐸B𝑘 ∈ ℬ+𝑟,𝜂 ∣ 𝒞).

(21)

Moreover, letG𝑘 be the event that global direct evolution hits the same
target in an equal-cost macro-trial, with per-history upper bound 𝑞G.
If 𝑝loc𝑝P > 𝑞G, then

Pr(
𝑇
⋃
𝑘=1

P𝑘) ≥ Φ𝑇 (𝑝loc𝑝P) > Φ𝑇 (𝑞G)

≥ Pr(
𝑇
⋃
𝑘=1

G𝑘).
(22)

PRoof. Φ𝑇 is strictly increasing on [0, 1]. The per-trial bounds
propagate to the cumulative statements by Proposition C.1 applied
under the fixed pool and budget, using Pr(no hit in 𝑇 trials) ≥ (1−
𝑞)𝑇 for the upper-bounded side, so substituting 𝑝P > 𝑞B and 𝑝loc𝑝P >
𝑞G into Φ𝑇 yields the two strict comparisons. □

The two inequalities in Proposition C.2 name exactly the alter-
natives the second stage was built against: (21) against greedy or
fixed-weight combination on a shared pool, and (22) against blind
whole-engine evolution at equal cost. Both are advantages only un-
der their stated hypotheses on 𝑞B and 𝑞G, which is what the next
subsection ties back to measurement.

C.3 Scope
These statements are conditional by design. Estimating 𝑝loc requires
repeated equal-budget first-stage trials judged on whether they
supply a constructible feasible improvement; estimating 𝑝P and
comparing it with 𝑞B requires matched hit-frequency comparisons
on a shared candidate pool and common integration budget. The
current ablation in Section 4.3 instead reports one frozen run per
variant on one dataset, so it is a component diagnostic and does not
estimate these probabilities. The target ℬ+𝑟,𝜂 is also an offline surro-
gate defined on replay data rather than the true online Pareto front.
The propositions guarantee neither recovery of the full front nor
discovery of a globally optimal combination, and full replay never
replaces a production A/B test.
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