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Abstract

Automated LLM workflow design often re-
lies on per-task search, which is computation-
ally expensive and does not explicitly reuse
structural knowledge across tasks. We propose
SWIFT (Synthesizing Workflows via Few-shot
Transfer), which reuses prior search trajecto-
ries and demonstrations to synthesize target-
task workflows without iterative target-task
optimization. SWIFT distills compositional
heuristics and output-interface contracts from
source-task trajectories, then conditions a sin-
gle LLM generation pass on these priors and
cross-task workflow demonstrations to produce
an executable workflow. Across 5 benchmarks,
SWIFT outperforms the SOTA search-based
baseline while reducing marginal per-task op-
timization cost by three orders of magnitude
given an existing source bank. It also im-
proves performance on 4 additional held-out
benchmarks and transfers from GPT-4o-mini
to Grok, Qwen, and Gemma execution back-
bones. These results suggest that prior work-
flow search can expose reusable structural pri-
ors that reduce optimization cost while preserv-
ing or improving accuracy on related tasks.

1 Introduction

LLM agent workflows, which are structured pro-
grams that orchestrate sequences of LLM calls, tool
uses, and control flow, have become a common way
to solve complex reasoning, coding, and generation
tasks (Yao et al., 2023b; Wei et al., 2022). Manu-
ally designing such workflows is labor-intensive,
motivating recent methods such as AFlow (Zhang
et al., 2025c) and ADAS (Hu et al., 2025) to au-
tomate workflow design through iterative search.
While effective, these approaches typically opti-
mize each new task independently, repeatedly ex-
ploring a large discrete search space with limited
explicit reuse of structural knowledge across tasks.

*Corresponding author.

This repeated per-task search can be computation-
ally expensive and may over-specialize to small
validation sets (El et al., 2025; Wang et al., 2025a).

This raises a more targeted question: when prior
search has discovered useful workflows for related
tasks, can those discoveries be reused to reduce
target-task search? We observe that optimized
workflows in our math and code benchmarks of-
ten converge to a small family of domain-specific
templates: math tasks favor multi-path reasoning
with verification or extraction, while code tasks fa-
vor execution-feedback repair loops. This suggests
that the effective workflow space can be more con-
centrated than a naive combinatorial view suggests.
If such structural regularities transfer across tasks,
then the cost of workflow discovery can be amor-
tized rather than paid independently for each new
task.

We instantiate this idea in SWIFT (Synthesiz-
ing Workflows via Few-shot Transfer; Figure 1),
a framework that amortizes workflow design into
reusable structural priors. SWIFT operates in two
phases. Offline, it performs contrastive trajec-
tory distillation: by analyzing both high- and low-
performing workflows from prior search histories,
it extracts compositional heuristics—actionable,
operator-level routing rules that bound the genera-
tion space. It further distills output contracts (strict
formatting constraints that ensure the output of one
node can be seamlessly parsed by the next) from
intermediate-scoring workflows that failed due to
formatting mismatches, capturing interface speci-
fications that ensure executability. Online, given
only a brief description of a new target task, SWIFT
synthesizes a complete, executable workflow for
the target task in a single generation pass, condi-
tioned on workflow examples from other tasks and
a small set of automatically learned design rules.
It involves no iterative search and no task-specific
optimization.

To rigorously prevent information leakage, we
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Figure 1: From per-task search to amortized workflow synthesis. Conventional methods optimize a fresh workflow
for each target task; SWIFT reuses leave-one-out source workflows as design demonstrations to synthesize the
held-out target workflow in one meta-generation call.

adopt a strict leave-one-out (LOO) protocol: when
generating a workflow for any target task, all data
from that task is entirely masked.
Our main contributions are as follows:

• Amortized workflow synthesis. We reframe
automated workflow design from per-task it-
erative search to amortized synthesis. SWIFT
distills reusable structural priors offline and
synthesizes competitive workflows for tasks
absent from the source demonstration pool
in a single generation, reducing optimization
cost by three orders of magnitude compared
to the state-of-the-art search-based method.

• Mechanistic understanding of cross-task
transfer. We show that contract-guided syn-
thesis helps bridge the structural-functional
gap, and that workflow demonstrations trans-
fer structural and interface cues beyond
human-readable operator names (Table 4).

• Strong empirical performance and trans-
fer boundaries. SWIFT outperforms AFlow
across all five main benchmarks (Table 1). It
further improves performance on four bench-
marks absent from trajectory distillation (Ta-
ble 2) and transfers to three alternative exe-
cution backbones (Grok, Qwen, and Gemma)
while also revealing failure modes from task
mismatch and weaker instruction following
(Table 5).

Source code for the method is available at https:
//github.com/Kingsford-Group/
swift.

2 Related Work

Structured reasoning and multi-agent work-
flows. Single-agent prompting strategies, chain-
of-thought (Wei et al., 2022), complexity-based
prompting (Fu et al., 2023), self-consistency (Wang
et al., 2023), tree-of-thought (Yao et al., 2023a),
and graph-of-thought (Besta et al., 2024) all im-
prove LLM performance through fixed reasoning
patterns. Self-Refine (Madaan et al., 2023), Reflex-
ion (Shinn et al., 2023), and LATS (Zhou et al.,
2024) further add iterative self-feedback or tree
search at test time, but all operate per-instance.
Hand-crafted multi-agent systems explore diverse
collaboration patterns like inter-agent debate (Du
et al., 2024), output ensembling via ranking and
fusion (Jiang et al., 2023), intra-model persona sim-
ulation (Wang et al., 2024b), dynamic team selec-
tion and role-aware context routing (Liu et al., 2024,
2025), collaborative role adjustment (Chen et al.,
2024b), and graph-structured agent networks (Qian
et al., 2025), but generally operate within prede-
fined agent architectures. Recent studies corrobo-
rate the primacy of topology: Zhou et al. (2025)
find that communication topology matters more
than prompt optimization, and G-Designer (Zhang
et al., 2025b) learns task-specific topologies via
GNNs. SWIFT shares this insight but synthesizes
topology via demonstration-conditioned generation
rather than manual design or training a separate
model.

Automated workflow optimization. Recent
work automates agent design through search and
optimization. A large line of work focuses on
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structure and workflow search, including AutoA-
gents (Chen et al., 2024a), GPTSwarm (Zhuge
et al., 2024), and AgentSquare (Shang et al., 2025),
which generate agent roles, computational graphs,
or modular compositions via dynamic planning,
graph optimization, or evolutionary search. Re-
lated approaches such as AFlow (Zhang et al.,
2025c) and MaAS (Zhang et al., 2025a) further ex-
plore graph-based or probabilistic workflow spaces,
though often requiring substantial per-task search
cost. Another line of work focuses on prompt
and program optimization, including DSPy (Khat-
tab et al., 2024), OPRO (Yang et al., 2024), and
TextGrad (Yuksekgonul et al., 2025), which opti-
mize prompts or pipelines via compilation, black-
box optimization, or gradient-like feedback. Fi-
nally, some approaches aim at dynamic or learned
composition, such as DAAO (Su et al., 2026) and
MAS-GPT (Ye et al., 2025), which generate query-
specific agent structures, often relying on fine-
tuning or learned policies. Despite these advances,
prior work typically performs optimization inde-
pendently for each task. In contrast, SWIFT amor-
tizes structural knowledge across tasks, so that each
new task benefits from prior optimization effort at
near-zero marginal cost.

Demonstration-conditioned generation and
cross-task transfer. LLMs can adapt to new
tasks from few-shot demonstrations without pa-
rameter updates (Brown et al., 2020). Recent
work studies what makes demonstrations effec-
tive (Min et al., 2022; Liu et al., 2022) and how to
select them (Rubin et al., 2022). CrossICL (Gao
et al., 2025) transfers demonstrations across NLP
tasks via unsupervised alignment, and Wang et al.
(2024a) synthesize target task demonstrations from
similar source tasks. Agent Workflow Mem-
ory (Wang et al., 2025b) induces reusable workflow
routines from past executions and retrieves them for
new tasks. These methods transfer at the instance
level, selecting or adapting input-output examples
for a given task. SWIFT operates at the program
level: it uses complete executable workflows as
demonstrations to synthesize a novel workflow in a
single generation pass, without directly executing
a cached source workflow.

Amortized optimization and program synthe-
sis. The idea of replacing per-instance optimiza-
tion with a learned amortized mapping has deep
roots in machine learning: amortized variational
inference (Kingma and Welling, 2014; Rezende

et al., 2014) replaces per-datapoint ELBO optimiza-
tion with a shared encoder, and neural program
synthesis (Devlin et al., 2017; Balog et al., 2017)
learns to predict programs from input-output speci-
fications rather than searching over the program
space, while Structured Agent Distillation (Liu
et al., 2026) transfers reasoning and action behav-
ior from teacher agents to smaller student mod-
els. SWIFT extends this amortization principle
to agentic workflow design: rather than searching
over graph topologies per task or training a student
model, it directly synthesizes executable workflows
conditioned on structural priors distilled from prior
optimization trajectories.

3 Methodology

Search-based methods for automated LLM work-
flow generation are effective, but applying them in-
dependently to every new task can be expensive and
may rediscover similar workflow structures across
different tasks. We propose SWIFT, a framework
that turns source-task search traces into reusable
workflow priors for target-task synthesis. By condi-
tioning workflow generation on cross-task demon-
strations and distilled heuristics, SWIFT enables
few-shot workflow synthesis via a single genera-
tion pass. The overall architecture of SWIFT is
illustrated in Figure 2.

3.1 Problem Formulation: Amortized
Workflow Synthesis

We represent a workflow w as an executable pro-
gram that, given a task input x, orchestrates a
sequence of operator calls to produce an output
y = w(x). Architecturally, w is represented as
an operator compositional graph G = (V, E), re-
alized as executable program following (Zhang
et al., 2025c). Each node vi ∈ V is an instanti-
ation of a predefined operator from a typed library
O = {o1, . . . , oK}, where each operator encapsu-
lates a specific capability such as LLM reasoning,
code execution, or ensemble voting (Zhang et al.,
2025c). Each instantiated operator is parameterized
by a natural language instruction θi, and may en-
capsulate internal control flow such as conditional
branching and retry loops. The edges E define the
topological data flow and control logic between
these operators.

Given a target task Ttarget and an evaluation
dataset D, the standard optimization objective
seeks to find the best workflow w∗ that maximizes
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Figure 2: Overview of SWIFT. Offline: contrastive trajectory distillation extracts compositional heuristics (H)
and output contracts (C) from source-task search histories. Online: a single LLM generation call synthesizes an
executable workflow for a task absent from the source demonstration pool, conditioned on operator definitions,
distilled priors, and leave-one-out demonstrations. The workflow is directly executed on test instances.

the expected task accuracy:

w∗ = arg max
w∈W

Ex∼D[Acc(w(x), Ttarget)].

Because the search space W is discrete, non-
differentiable, and combinatorially vast, solving
this from scratch per task via iterative algorithms
can be expensive (each candidate workflow must be
generated, executed, and scored). If N candidates
are evaluated and each evaluation costs C, target-
task optimization cost scales with N · C. SWIFT
instead instantiates an amortized synthesis map
through in-context generation with a frozen LLM:
wtarget ← fϕ(O,H, C,Ddemo, Ttarget). This pro-
duces one executable candidate workflow in a sin-
gle meta-generation call, without evaluating and
refining multiple workflows on the target task.

3.2 Output Contracts for Executable
Workflow Synthesis

A synthesized workflow w can be logically and
topologically sound in its reasoning process (Struc-
tural) but still fail because its intermediate or fi-
nal outputs violate the strict downstream inter-
faces (Functional). We call this failure mode the
structural-functional gap. For example, a math-
ematically sound workflow might compute the
correct numerical answer but return it embedded
within conversational text, causing an exact-match
evaluation parser to register a failure.

In a standalone LLM call, output formatting can
often be handled by appending a format instruc-
tion. In a multi-node workflow, however, format-
ting errors cascade across node interfaces: an inter-
mediate node may output semantically correct but
syntactically incompatible text (e.g., “The answer
is 42” instead of “42”), which downstream nodes,
ensemble voters, extraction operators, or evalua-
tion parsers, cannot parse. Each node individu-
ally follows its local instruction, yet the inter-node
handoff fails. Moreover, during amortized synthe-
sis, the generator must produce a complete, novel
workflow in a single generation pass without the
opportunity for per-node prompt tuning. Without
explicit interface constraints, the synthesis LLM
may compensate for this uncertainty by generating
overly complex topologies: adding redundant en-
semble voting, multi-candidate generation, and er-
ror recovery branches as hedging mechanisms. Our
ablation confirms this effect empirically: removing
contracts causes the synthesizer to produce work-
flows with substantially more nodes and higher
per-sample cost, yet lower accuracy (Table 4; see
Appendix H for a detailed topology comparison).

We resolve this phenomenon via contract-
guided synthesis. To automatically construct
contracts, we inspect source-task workflows that
achieved partial success but failed final extraction.
From these specific failure patterns, we distill a set
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of Output Contracts (C). These contracts act as
lightweight interface constraints injected into the
synthesis process. They specify expected answer
formats, code-only outputs, boxed-answer require-
ments, etc.

3.3 Demonstration-Conditioned Workflow
Synthesis

Equipped with the heuristicsH and contracts C, tar-
get workflow synthesis becomes a demonstration-
conditioned workflow generation problem. For the
unseen target task Ttarget, we construct a structured
meta-prompt P that encapsulates the available ac-
tion space (the operator library O), the distilled
structural and functional constraints (H ∪ C), and
a retrieved set of source-task workflow demonstra-
tions Ddemo ⊂ {w∗

1, . . . , w
∗
N}.

Under our LOO protocol, the target task’s exam-
ples, search trajectories, error logs, and optimized
workflows are excluded from the meta-prompt
(Ddemo is strictly disjoint from Ttarget). These
cross-task demonstrations provide two complemen-
tary forms of evidence: (1) Executable Syntax,
showing how operators are instantiated, connected,
and called in Python; and (2) Strategy Transfer,
exposing reusable workflow-level patterns that can
guide synthesis when source and target tasks are
structurally related.

By conditioning on P , the meta-generator exe-
cutes wtarget ← fϕ(P ), producing one executable
candidate workflow without iterative target-task
search. The complete procedure is formally de-
scribed in Algorithm 1 (Appendix B).

4 Experiments
To evaluate the efficacy of SWIFT as an amortized
workflow synthesis framework, we design our ex-
periments to move beyond standard performance
benchmarking to empirically answer the following
research questions:
• RQ1 (Efficacy & Task Transfer): Can single-

pass, demonstration-conditioned synthesis match
or exceed computationally expensive iterative
search? How well do source-derived workflow
priors transfer to benchmarks absent from trajec-
tory distillation?

• RQ2 (Efficiency & Amortization): Can work-
flow structures discovered on source tasks reduce
the cost of designing workflows for held-out tar-
gets, and how does this comparison change under
marginal reuse versus cold-start accounting?

• RQ3 (Workflow Transfer Signals): What de-
sign signals are transferred from cross-task work-
flow demonstrations, and how do heuristics, con-
tracts, domain match, code order, and operator
names affect synthesis?

• RQ4 (Execution-Model Portability): Do syn-
thesized workflows remain effective when exe-
cuted by different LLM backbones, and when can
weaker instruction following make transferred
workflows harmful?
We provide complementary analyses of seman-

tic demonstration retrieval, interactive execution,
generator–executor coupling, synthesis variability,
environment-related failures, and retrieval-based
workflow reuse in Appendix I.

Datasets & Leave-One-Out Protocol. We eval-
uate SWIFT on several source-pool benchmarks:
GSM8K (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021), HumanEval (Chen et al., 2021),
and MBPP (Austin et al., 2021); and five
held-out benchmarks: MultiArith (Roy and
Roth, 2015), SVAMP (Patel et al., 2021),
AIME 2024–2025 (Zhang and Math-AI, 2024,
2025), AQuA (Ling et al., 2017), and Big-
CodeBench (Zhuo et al., 2025) (Table 6 in Ap-
pendix A). For the execution-backbone portability
analysis in Section 4.4, we additionally include
DROP (Dua et al., 2019) and HotpotQA (Yang
et al., 2018).

The source-pool benchmarks are the tasks for
which we have workflow demonstrations and
search trajectories. We apply task-level leave-one-
out within this pool: when a source-pool bench-
mark is used as the target, its own training ex-
amples, error logs, search trajectories, and op-
timized workflow are excluded from the meta-
prompt, while demonstrations from the remaining
source-pool tasks may still be used. The held-
out benchmarks are never included in trajectory
distillation or demonstration construction. When
evaluating a held-out benchmark, SWIFT receives
only the target-task description together with priors
and demonstrations derived from the source-pool
benchmarks. Thus, these held-out results test trans-
fer beyond the demonstration pool.

Baselines. We compare SWIFT against: (1)
Single-agent paradigms (e.g., CoT (Wei et al.,
2022), SC (Wang et al., 2023)); (2) Hand-crafted
multi-agent workflows (e.g., DyLAN (Liu et al.,
2024), AgentVerse (Chen et al., 2024b)); and (3)
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Table 1: Test accuracy (%) on five benchmarks (GPT-4o-mini). Bold = best, underline = runner-up. Baselines from
Zhang et al. (2025a). †Avg. over all five. ⋆MultiArith is not in the source demonstration pool.

Method GSM8K MATH HumanEval MBPP MultiArith⋆ Avg.†
Si

ng
le

Vanilla 87.45 46.29 87.08 71.83 96.85 77.90
CoT (Wei et al., 2022) 87.10 46.40 88.13 71.83 96.31 77.95
ComplexCoT (Fu et al., 2023) 86.89 46.53 87.49 72.36 96.70 77.99
SC (CoT×5) (Wang et al., 2023) 87.57 47.91 88.60 73.60 96.58 78.85

H
an

d-
cr

af
t

MultiPersona (Wang et al., 2024b) 87.50 45.43 88.32 73.19 97.49 78.39
LLM-Debate (Du et al., 2024) 89.47 48.54 88.68 70.29 97.33 78.86
LLM-Blender (Jiang et al., 2023) 88.35 46.92 88.80 77.05 97.29 79.68
DyLAN (Liu et al., 2024) 89.98 48.63 90.42 77.30 97.12 80.69
AgentVerse (Chen et al., 2024b) 89.91 47.35 89.29 74.28 97.50 79.67
MacNet (Qian et al., 2025) 87.95 45.18 84.57 65.28 96.03 75.80

Au
to

m
at

ed

AutoAgents (Chen et al., 2024a) 87.69 45.32 87.64 71.95 96.42 77.80
GPTSwarm (Zhuge et al., 2024) 89.14 47.88 89.32 77.43 96.79 80.11
ADAS (Hu et al., 2025) 86.12 43.18 84.19 68.13 96.02 75.53
AgentSquare (Shang et al., 2025) 87.62 48.51 89.08 78.46 97.77 80.29
AFlow (Zhang et al., 2025c) 91.16 51.28 90.93 81.67 96.22 82.25
MaAS (Zhang et al., 2025a) 92.30 51.82 92.85 82.17 98.80 83.59

SWIFT (ours) 94.31 55.14 95.42 83.28 98.54 85.34

Automated test-time search (e.g., AFlow (Zhang
et al., 2025c), MaAS (Zhang et al., 2025a)). AFlow
serves as our primary search-based baseline be-
cause it directly optimizes executable workflow
graphs through iterative search.

Implementation Details. For our primary eval-
uations, we use gpt-4o-mini as both the meta-
generator fϕ and the underlying execution engine.
To assess portability across execution backbones,
we additionally evaluate SWIFT using Grok, Qwen,
and Gemma backbones. The trajectory distillation
(Phase 1) is performed once entirely offline. Online
synthesis (Phase 2) requires exactly one generation
pass. The synthesis call uses temperature T = 0.0.
Reported accuracies follow the baseline evaluation
protocol; we therefore interpret small differences
cautiously and emphasize consistent trends across
tasks.

4.1 Main Results: Amortized Synthesis
Outperforms Iterative Search (RQ1)

Table 1 shows that SWIFT can synthesize strong
workflows for held-out target tasks without iter-
ative optimization on those targets. Under task-
level LOO, SWIFT receives no target-task work-
flow code, search trajectory, or error log. SWIFT
achieves the best average accuracy among the com-
pared methods and improves over AFlow on all
five benchmarks. These results suggest that, once
source-task demonstrations are available, repeated
target-task search is not always necessary.

Regularization from source-derived templates.
One possible explanation for the gains is that
source-derived templates regularize workflow syn-
thesis toward simple structures that have worked
across related tasks. Compared with selecting
a new graph independently for each benchmark,
this reusable-template bias can reduce highly task-
specific design choices while preserving the main
structure needed for the task family (Appendix J).
MultiArith is absent from the demonstration pool.
Yet SWIFT achieves performance matching MaAS
on MultiArith. This suggests that templates dis-
tilled from source-pool math workflows can trans-
fer to related arithmetic word problems without
requiring MultiArith-specific demonstrations or
target-task workflow search.

Held-out Transfer and Failure Modes. Table 2
reveals that transfer efficacy varies systematically
by domain. Within mathematics, gains are sub-
stantial: SVAMP and AQuA show the largest im-
provements, suggesting that multi-path ensemble

Table 2: Held-out benchmark results. These bench-
marks are not part of the source demonstration pool.
Results therefore measure transfer from source-pool
workflows to new benchmarks.

Dataset Vanilla SWIFT ∆

SVAMP 81.0 95.8 +14.8
AIME 24–25 8.3 14.6 +6.3
AQuA 52.9 79.9 +27.0
BigCodeBench 31.6 34.3 +2.7
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Table 3: Efficiency on MATH with GPT-4o-mini. Bold = best, shaded = runner-up. SWIFT’s optimization cost
includes distillation over available source trajectories and target-workflow synthesis.

Optimization Execution Total

Method Cost ($) Time Cost ($) Time Cost ($) Time Acc. (%)

LLM-Debate — — 6.76 92 min 6.76 92 min 48.54
DyLAN 13.01 508 min 2.89 39 min 15.90 547 min 48.63
MacNet — — 2.35 47 min 2.35 47 min 45.18

GPTSwarm 7.02 1755× 129 min 0.93 30 min 7.95 159 min 47.88
AFlow 22.50 5625× 184 min 1.66 23 min 24.16 14× 207 min 30× 51.28
MaAS 3.38 845× 53 min 0.42 19 min 3.80 2× 72 min 10× 51.82

SWIFT (Ours) 0.004† 0.13 min† 1.73 7 min 1.73 7 min 55.14
†Includes one-time contrastive distillation and single-pass optimization.

structures are reusable across several math-style
benchmarks, with AQuA showing that SWIFT can
synthesize multiple-choice extraction steps despite
having no multiple-choice workflows in its demon-
stration pool (Appendix D). AIME gains come pri-
marily from code-assisted verification, but the vast
majority of failures reflect the base model’s reason-
ing ceiling rather than workflow limitations (Ap-
pendix D). BigCodeBench shows the smallest gain
and failure analysis attributes most errors to miss-
ing Python dependencies, not workflow topology,
as detailed in Appendix D.

4.2 Efficiency: Reusing Structural Priors
Across Tasks (RQ2)

We use MATH as a representative case study, as
it is one of the most computationally demanding
benchmarks in this paper. SWIFT reduces opti-
mization cost by over three orders of magnitude
compared to search-based methods (Table 3), com-
pleting workflow synthesis in under 10 seconds
versus 184 minutes for AFlow. When accounting
for the full pipeline (optimization plus execution on
the test set), SWIFT remains 14× cheaper and 29×
faster than AFlow, and 2× cheaper and 10× faster
than MaAS, while achieving the highest accuracy.
On the evaluated benchmarks, SWIFT achieves
a better cost–accuracy trade-off than the SOTA
search-based baseline, suggesting that prior search
trajectories can provide useful structural priors for
new workflow synthesis. Detailed per-benchmark
cost breakdowns are provided in Appendix F.2.

The scaling structure of amortized synthesis.
The cost structures of per-task search and amor-
tized synthesis differ not in degree but in kind.
Search-based methods pay the full optimization
cost independently for every new task: n tasks

cost n× Csearch, and no reusable asset is produced.
SWIFT instead converts prior optimization traces
into persistent structural priors, reducing each sub-
sequent task to a single generation pass at cost
Csynth ≈ $0.004.

A fair cost comparison depends on how source
trajectories are accounted for. If they are treated
as a reusable source bank, SWIFT incurs only the
marginal synthesis cost for each held-out target. If
instead the full upstream search budget is charged
to SWIFT, the one-time source cost is approxi-
mately Csource ≈ $112.50, yielding a break-even
point of about five downstream tasks relative to
per-task search (Appendix G). Thus, SWIFT is
most cost-effective in settings where optimized
workflows or search traces are already available, or
where many related tasks will be optimized over
time.

This accounting also clarifies what the target-
dataset leave-one-out protocol tests: it prevents di-
rect reuse of the held-out task’s workflow or search
traces, while evaluating whether structural priors
learned from other source tasks can support work-
flow synthesis for that target. It does not rule out
transfer through broader domain-level regularities,
which we treat as part of the amortization signal.

By achieving higher accuracy at substantially
lower marginal optimization cost, SWIFT sug-
gests that per-task search often rediscovers reusable
structural patterns. Rather than treating each task’s
optimized workflow as an isolated artifact, amor-
tized synthesis converts prior search trajectories
into persistent priors that can guide workflow de-
sign for related new tasks.
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Table 4: Component ablation. H = compositional heuristics, C = output contracts. Zero-shot = no demos, Shuffled
= randomized code lines, Cross-domain = mismatched-category demos, Random-ops = random operator names.
Shaded column : the Rand-ops results show that human-readable operator names are not very essential, although

topology, interfaces, and usage patterns remain available to the model.

Component Demonstration

Dataset Full SWIFT w/oH w/o C Zero-shot Shuffled Cross-dom. Rand-ops

GSM8K 94.31 88.82 −5.5 89.86 −4.5 91.19 −3.1 89.38 −4.9 89.29 −5.0 89.67 −4.6

MATH 55.14 49.59 −5.6 50.41 −4.7 2.47 −52.7 0.00 −55.1 47.74 −7.4 49.59 −5.6

HumanEval 95.42 93.13 −2.3 90.84 −4.6 84.73 −10.7 89.31 −6.1 87.02 −8.4 91.60 −3.8

MBPP 83.28 81.53 −1.8 80.65 −2.6 72.43 −10.9 69.50 −13.8 70.38 −12.9 77.51 −5.8

Avg. 82.04 78.27 −3.8 77.94 −4.1 62.71 −19.3 62.05 −20.0 73.61 −8.4 77.09 −4.9

4.3 Ablation: Sources of Transfer in
Workflow Synthesis (RQ3)

To identify which inputs support transfer, we ablate
the priors and demonstrations used by the meta-
generator (Table 4).

Demonstrations help more on complex work-
flows. Zero-shot synthesis has little effect on
GSM8K but collapses MATH to 2.47%, suggesting
that harder tasks require demonstrations to spec-
ify multi-step structure and formatting conventions.
Figure 3 shows a similar pattern: GSM8K saturates
with one demonstration, while MATH improves
after more demonstrations.

Operator names are not the only signal. Ran-
domizing operator names degrades performance
but preserves much of the full system’s accuracy
(Table 4). This does not establish topology-only
transfer, since interfaces, argument patterns, and
local code context remain visible; it shows instead
that human-readable operator names are not so nec-
essary for useful transfer.

Transfer is stronger within related task families.
Cross-domain demonstrations reduce performance,
especially on MATH and MBPP (Table 4), indicat-
ing that demonstrations convey task-family-specific
motifs rather than syntax alone. These motifs trans-
fer better when source and target tasks share similar
verification structure.

Output contracts improve executability. Remov-
ing output contracts (−C) consistently lowers ac-
curacy (Table 4). Contracts specify intermediate
and final output formats; without them, workflows
can fail through parser errors or incompatible node
handoffs. Appendix C discusses a related code-
generation failure mode, supporting an interface-
aware view of workflow synthesis.
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Figure 3: Effect of demo count (k) on performance.
GSM8K saturates at k=1; MATH jumps at k=4, sug-
gesting complex tasks need more demos to disambiguate
workflow topology.

4.4 Portability Across Execution Backbones
(RQ4)

We evaluate whether SWIFT-generated workflows
transfer across execution models by running the
same synthesized workflows with Grok-4.1-fast,
Qwen3-8B (Team, 2025), and Gemma-3-12B-
IT (Team et al., 2025) (Table 5). This experiment
isolates the portability of the synthesized workflow
structure: the graph and operator instructions are
held fixed, while the LLM used to execute each
operator changes. SWIFT improves accuracy on
16 of 18 benchmark–model pairs, with the largest
gains on MATH and MBPP. The gains vary across
models, suggesting that workflow transfer can be
affected by the execution backbone’s ability to fol-
low multi-step instructions reliably.
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Table 5: Generality across model families. Bold = best per backbone-benchmark pair.

Backbone Method GSM8K MATH HumanEval MBPP DROP HotpotQA Avg.

Grok-4.1-fast
Vanilla 92.23 44.03 87.02 64.29 68.91 55.15 68.61
SWIFT (Ours) 93.93 59.05 91.60 85.30 71.17 78.00 79.84
∆ +1.70 +15.02 +4.58 +21.01 +2.26 +22.85 +11.24

Qwen3-8B
Vanilla 88.44 61.11 85.50 66.28 49.69 65.49 69.42
SWIFT (Ours) 92.51 66.46 88.55 72.73 83.21 72.68 79.36
∆ +4.07 +5.35 +3.05 +6.45 +33.52 +7.19 +9.94

Gemma-3-12B-IT
Vanilla 91.85 58.23 84.73 71.55 63.13 71.19 73.45
SWIFT (Ours) 93.46 48.35 87.02 75.95 63.00 73.36 73.52
∆ +1.61 −9.88 +2.29 +4.40 −0.13 +2.17 +0.08

5 Conclusion
In this work, we introduced SWIFT, a framework
that reframes LLM workflow optimization from
costly, iterative test-time search to amortized syn-
thesis guided by demonstrations. By condition-
ing a meta-generator on cross-task programmatic
demonstrations, compositional heuristics, and out-
put contracts, SWIFT deduces optimized solver
architectures in a single generation pass. Empiri-
cally, SWIFT not only matches or exceeds state-of-
the-art search baselines like AFlow across 5 bench-
marks, but does so while reducing marginal per-
task optimization cost by three orders of magnitude
given an existing source bank. The ablations fur-
ther suggest that demonstrations, output contracts,
and task-family alignment all contribute to transfer,
while human-readable operator names are not the
only source of useful signal. Overall, SWIFT pro-
vides an efficient, scalable way for the automated
design of autonomous AI agents.

Limitations

SWIFT is evaluated primarily on static benchmarks
with automatic correctness signals, so the results do
not establish effectiveness in stochastic, interactive,
or irreversible environments. The method also as-
sumes access to source workflows; under cold-start
deployment, the upstream cost of constructing this
source bank would be accounted for (Appendix G).
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A Dataset Statistics

Table 6 details the statistics of the nine primary
evaluation benchmarks used in our experiments.
We partition the datasets into in-distribution tasks,
which serve as leave-one-out demonstrations, and
held-out tasks that are absent from the demonstra-
tion pool.

B Algorithm

Algorithm 1 formalizes the complete end-to-end ex-
ecution pipeline of SWIFT. The procedure consists
of an offline phase that contrastively distills struc-
tural heuristics from historical failure and success
trajectories, followed by an online phase that lever-
ages these distilled priors for efficient, single-pass
workflow synthesis.

C Limitations of ScEnsemble for code
generation tasks

An important early finding was that ScEnsemble
(self-consistency ensemble via text-based majority
voting) is unreliable as the terminal correctness cri-
terion for code generation tasks. ScEnsemble
selects the most frequent answer among multiple
sampled solutions by comparing their textual repre-
sentations. This is effective for math and QA tasks
where the final answer is a short, canonical string
(e.g., “42”, “Paris”), but is poorly suited to code
because:
1. Surface-form diversity. Functionally equiv-

alent programs can differ vastly in variable
names, control flow structure, whitespace, and
style. Two correct implementations of the same
function will almost never be textually identical.

2. No semantic equivalence check. Text-based
voting treats each character difference as a “dis-
agreement,” so even trivially equivalent pro-
grams (e.g., for i in range(n) vs. for
i in range(0, n)) are counted as distinct
solutions.

3. Chimera outputs. When no clear majority ex-
ists, the ensemble prompt may produce a “com-
promise” snippet that combines fragments from
multiple solutions, resulting in code that does
not compile or execute.

Observation. Across our experiments, we found
that synthesized workflows which rely solely on
ScEnsemble for code tasks consistently under-
perform those that incorporate a test-driven retry
pattern (generate code→ execute against test cases
→ if tests fail, regenerate with error feedback).

Execution-based validation assesses functional cor-
rectness rather than surface-form similarity.

This finding also generalizes beyond SWIFT:
any workflow system that applies self-consistency
voting as the sole correctness criterion for code will
encounter the same limitation. Execution-based
evaluation is necessary for tasks where output cor-
rectness is defined by behavior rather than surface
form.

Clarification. Some synthesized workflows
(e.g., BigCodeBench, Supplementary Section J)
still include ScEnsemble as a pre-filtering step
before test execution. This is not contradictory:
when ensemble voting serves only as a heuristic
candidate selector (with execution-based testing as
the final arbiter of correctness), the surface-form
similarity issue is mitigated. The failure mode we
identify here is using text-based voting as the termi-
nal correctness check with no subsequent execution
validation.

D Out-of-distribution Failure Analysis

We analyze failure modes on several out-of-
distribution (OOD) benchmarks—datasets unseen
during demonstration construction. SWIFT syn-
thesizes workflows for these datasets using only
in-distribution demonstrations, making failures par-
ticularly informative: they reveal where cross-task
transfer is helpful or limited. Figure 4 summarizes
the OOD performance overview.

D.1 SVAMP: adversarial word problems

Score: 95.8%. Gain over vanilla: +14.8 points.
Workflow: 5×Custom (solve) → ScEnsemble
(vote)→ Programmer (code verification).

SVAMP is designed to test robustness against
surface-form variation of grade-school math prob-
lems. The gain over vanilla GPT-4o-mini
demonstrates strong cross-task transfer from
GSM8K/MATH demonstrations: the synthesized
ensemble+verification pipeline provides systematic
error correction that vanilla prompting lacks.

The 34 remaining failures cluster into two cate-
gories:

• Contradictory/adversarial premises (18
cases, 53%): Problems where the stated num-
bers are logically inconsistent, designed to
confuse models.

• Ambiguous referents (16 cases, 47%): Prob-
lems where pronouns or phrases like “how
many” can refer to different quantities.
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Algorithm 1 Synthesizing Workflows via Few-shot Transfer (SWIFT)

Require: All available tasks Tall, Target task Ttarget, Operator library O.
Require: Historical trajectories {τT }T ∈Tall , Threshold γ.
Require: Meta-generator LLM fϕ, Contrastive reflection LLM fψ.

1: % Definition: Source tasks Tsrc ← Tall \ {Ttarget} {Target-dataset leave-one-out constraint}
2: % Phase 1: Contrastive Trajectory Distillation (Offline)
3: Initialize global heuristicsH ← ∅, output contracts C ← ∅
4: for each task T ∈ Tsrc do
5: τ ← τT
6: wbest ← argmaxw∈τ Acc(w) {Select the best validation workflow}
7: τlow ← {w ∈ τ | 0 < Acc(w) < γ · Acc(wbest)} {Low-scoring workflows (γ=0.6)}
8: τzero ← {w ∈ τ | Acc(w) = 0} {Collapsed workflows}
9: wlow ← argminw∈τlow Acc(w); wzero ← first(τzero) {Hard negatives}

10: Extract execution traces and parsing error logs Elow, Ezero from wlow, wzero
11: % Distill topological priors and functional contracts via contrastive reflection
12: HT , CT ← fψ(wbest, wlow, Elow, wzero, Ezero)
13: H ← H∪HT , C ← C ∪ CT
14: end for
15: % Phase 2: Few-Shot Amortized Synthesis (Online)
16: % Retrieve programmatic demonstrations exclusively from source tasks (OOD)
17: Ddemo ⊂ {w(T )

best | T ∈ Tsrc}
18: Construct meta-prompt P = (O,H, C,Ddemo, Ttarget)
19: % End-to-end Contract-Guided Generation (Single generation pass)
20: wtarget ← fϕ(P ) {Workflow natively adheres toH and C}
21: return Executable workflow wtarget
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Table 6: Dataset statistics. Unseen denotes datasets not included in the demonstration pool during workflow
generation. †AIME combines AIME 2024 and AIME 2025.

Dataset Task Type Test Val Unseen

In-Distribution (used as leave-one-out demonstrations)

GSM8K Math (Elementary) 1,055 264
MATH Math (Competition) 486 119
HumanEval Code Generation 131 33
MBPP Code Generation 341 86

Out-of-Distribution (entirely absent from demonstration pool)

MultiArith Math (Elementary) 480 120 ✓
SVAMP Math (Elementary) 800 200 ✓
AIME† Math (Competition) 48 12 ✓
AQUA Math (Multiple Choice) 204 50 ✓
BigCodeBench Code Generation 912 228 ✓
Total 4,457 1,112

SVAMP 95.8

AQuA 79.9

AIME 14.6

BigCodeBench 34.3

Correct Model error Workflow issue Env issue Vanilla baseline

Figure 4: OOD performance overview. Each SWIFT bar decomposes the full test set into correct (green), execution
model errors (red), workflow design issues (orange), and infrastructure errors (blue). AIME is dominated by model
errors (competition-level math). BigCodeBench is the only benchmark where infrastructure issues (missing Python
modules) constitute the largest failure category.

Case 1: Contradictory premise (score = 0.0).

Problem: “A waiter had 3 customers. After some
left he still had 4 customers. How many more
customers stayed behind than those that left?”

Expected: 5.0 Predicted: 2

Analysis. Starting with 3 and “still having 4” af-
ter some leave is impossible. All five reasoning
paths produced answers based on the literal (con-
tradictory) text, and ScEnsemble converged on 2.
Even the Programmer verification step faithfully
computed from the inconsistent numbers. Root
cause: SVAMP deliberately includes adversarially
constructed problems. The workflow has no mech-
anism to flag or reinterpret contradictory premises.

Case 2: Distractor numbers (score = 0.0).

Problem: “There were 61 parents and 177 pupils
at the school concert. The program could seat 44
people. How many people were present?”

Expected: 238.0 Predicted: 44

Analysis. The question asks “how many people
were present” (61 + 177 = 238), but the model
latched onto the distractor number (seating capacity
= 44). The ensemble reinforced this because all five
paths were confused by the same irrelevant detail.
Root cause: SVAMP’s adversarial construction
places distractors that systematically mislead all
paths simultaneously.
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D.2 AIME 2024–2025: competition
mathematics

Score: 14.6%. Gain over vanilla: +6.3 points.
Workflow: Programmer (code solve) → Cus-
tom (interpret) → 3×Custom (alternatives) →
ScEnsemble→ Custom (extract \boxed{}).

AIME is the hardest OOD benchmark, with an
85.4% failure rate. Even the most elaborate synthe-
sized workflow (code+4-path ensemble+extraction)
cannot compensate for GPT-4o-mini’s limited
mathematical reasoning on competition-level prob-
lems. The +6.3 gain over vanilla shows that the
workflow provides some benefit (primarily from
the code-verification step), but the ceiling is low.

Case 1: Combinatorial geometry (score = 0.0).
Problem: “Find the number of rectangles that can
be formed inside a fixed regular dodecagon where
each side lies on a side or diagonal.”

Expected: 315 Predicted: \boxed{36}

Analysis. The Programmer operator generated
code enumerating only axis-aligned rectangles
(36), missing the rotated ones. The three Cus-
tom paths also produced underestimates. Root
cause: Competition-level geometry exceeds GPT-
4o-mini’s capability, and the code-verification step
implements an incomplete enumeration.

Case 2: Number theory (score = 0.0).
Problem: “Let A be the set of positive integer
divisors of 2025. Let B be a randomly selected
subset of A. The probability that B is a nonempty
set with LCM equal to 2025 is m/n. Find m+n.”

Expected: 237 Predicted: \boxed{32777}

Analysis. The predicted answer is two orders
of magnitude off, indicating a fundamental mis-
application of inclusion-exclusion. Root cause:
Advanced number theory exceeds the execution
model’s reasoning depth.

Case 3: Walking speed optimization (score =
0.0).

Problem: “Aya walks at different speeds during
a 9-block walk. Blocks 1–3 at s ft/s, blocks 4–6
at 2s ft/s, blocks 7–9 at a specified pattern. She
takes 25% more time than walking all 9 blocks at
s ft/s. Find s2.”

Expected: 204 Predicted: \boxed{180}

Analysis. The Programmer code solved for s2 but
set up the time equation incorrectly, computing 180
instead of 204. Root cause: Multi-step algebraic
word problems with fraction arithmetic compound
errors through the pipeline.

E Dataset statistics and representative
examples

This section supplements the benchmark overview
in the main paper with problem-level statistics. Ta-
ble 7 reports the problem length distribution for
all benchmarks, and Figure 6 visualizes the full
min–mean–max range.

E.1 MATH benchmark: topic distribution

The MATH test set (Level 5, highest difficulty)
spans four topic areas (Figure 7).

F Reproducibility details

F.1 Operator library

SWIFT reuses the operator library introduced by
AFlow (Zhang et al., 2025c). Table 8 defines the
six operators available to the workflow synthesizer.

F.2 Computational cost

Tables 9 and 10 detail the computational cost and
time required for workflow optimization and bench-
mark execution using the GPT-4o-mini API. No-
tably, our approach is highly cost-effective, incur-
ring a total execution cost of only $6.08 across all
nine benchmarks.

G Cost Accounting and Amortized
Scaling

We provide a formal accounting of the cost struc-
ture underlying SWIFT, addressing how the effi-
ciency comparison in Table 3 changes when up-
stream source-trajectory construction is charged to
SWIFT.

Source-bank accounting. Under the target-
dataset leave-one-out protocol, the trajectories
available to SWIFT when synthesizing a work-
flow for a target task Ttarget are produced exclu-
sively from the optimization of other source tasks
Tsrc = Tall \{Ttarget}. For example, when the target
is GSM8K, the trajectory pool excludes all GSM8K
workflows and search traces, and is constructed
from the remaining source tasks. This prevents di-
rect reuse of the target task’s workflow or search
trace, but the upstream cost of constructing the
source bank should still be considered under cold-
start deployment.

Scaling law comparison. Let Csearch(T ) denote
the optimization cost of a search-based method on
task T , and let Csynth denote SWIFT’s marginal
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AIME: Per-Problem Results (48 problems)

1–24

25–48

Correct (7/48 = 14.6%) Incorrect (41/48 = 85.4%)

Figure 5: AIME per-problem results. Each cell represents one problem; green = correct, red = incorrect. Only 7 of
48 problems are solved correctly (scattered across problem indices), suggesting that failures are not clustered in
“hard” problem positions but reflect execution-model limitations across diverse mathematical topics.

Table 7: Problem length statistics for the evaluation benchmarks.

Benchmark Task Type Test Problem Length (words)

Mean Min Max

GSM8K Math 1,055 46 15 164
MATH Math 486 40 2 211
HumanEval Code 131 71 18 249
MBPP Code 341 19 9 81
DROP QA 800 188 54 931
HotpotQA QA 800 16 6 46

MultiArith Math 480 32 23 45
SVAMP Math 800 32 15 57
AQuA Math 204 45 9 92
AIME Math 48 55 18 115
BigCodeBench Code 912 148 43 580

target-task design cost once source trajectories are
available, including distillation over those trajecto-
ries and workflow synthesis. For n target tasks, the
two paradigms incur:

Csearch
total =

n∑

i=1

Csearch(Ti) ≈ n · Csearch, (1)

Camortized
total = Csource︸ ︷︷ ︸

one-time

+ n · Csynth, (2)

where Csource =
∑

T∈Tsrc
Csearch(T ) is the total

cost of collecting source-task trajectories. In our
setting, Csynth ≈ $0.004, while Csearch ≈ $22.50
for the representative search-based baseline in Ta-
ble 3.

Break-even analysis. Even under a conservative
accounting that charges Csource entirely to SWIFT,
amortized synthesis becomes cheaper when

Csource + n · Csynth < n · Csearch, (3)

yielding a break-even point of

n∗ =
Csource

Csearch − Csynth
≈ 112.50

22.50− 0.004
≈ 5.

(4)
That is, if the full source-task budget is attributed to
SWIFT, amortized synthesis becomes cheaper after
roughly five downstream tasks. If a source bank is
already available, the relevant cost is instead the
marginal target-task design cost. Thus, SWIFT is
most cost-effective when optimized workflows or
search traces are already available, or when many
related tasks will be optimized over time.

From cost reduction to structural insight. The
cost results also reflect a structural property of
the evaluated workflow design problems. Per-task
search often discovers related structures across
tasks, such as multi-path ensembles for math and
test-driven retry loops for code. SWIFT uses these
repeated structures as reusable priors for target-
task synthesis. From this perspective, the target-
dataset leave-one-out protocol prevents direct reuse
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GSM8K
n=1,055

15 – 46 – 164

MATH
n=486

2 – 40 – 211

MultiArith
n=480

23 – 32 – 45

SVAMP
n=800

15 – 32 – 57

AQuA
n=204

9 – 45 – 92

AIME
n=48

18 – 55 – 115

HumanEval
n=131

18 – 71 – 249

MBPP
n=341

9 – 19 – 81

BigCodeBench
n=912

43 – 148 – 580

DROP
n=800

54 – 188 – 931

HotpotQA
n=800

6 – 16 – 46
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Figure 6: Problem length distribution (words) for all 11 benchmarks. Filled bars show the mean; whiskers extend to
min and max. DROP has the longest problems (passages averaging 188 words, max 931). BigCodeBench is second
(code docstrings averaging 148 words, max 580). MATH has the widest variance among math benchmarks (2–211
words), reflecting diverse problem types. HotpotQA and MBPP have the shortest prompts (mean 16 and 19 words,
respectively).

of the held-out task while testing whether source-
task structures can guide workflow design for a new
target.

Table 10 provides a detailed per-benchmark
breakdown of distillation, synthesis, and execution
costs.

H Effect of Output Contracts on
Synthesized Workflow Topology

To empirically demonstrate that output contracts
influence the structural design of synthesized work-
flows, not merely the terminal output format, we
compare the workflow topologies generated with
and without contracts (C) across four benchmarks.
Table 11 summarizes the structural differences
across all four datasets.

Key observations. (1) On GSM8K and Hu-
manEval, removing contracts causes the synthe-
sizer to triple the node count by adding multi-
candidate generation and ensemble voting as hedg-
ing mechanisms, yet accuracy drops by 4–5 points.
(2) On MATH, both versions use ensemble vot-
ing, but the contract version selects a more suitable
operator (Custom vs. AnswerGenerate) and

generates more candidates (5 vs. 3). (3) MBPP
shows near-identical topology in both conditions,
suggesting that contracts primarily reshape archi-
tectures for tasks with complex output interfaces
(math extraction, code validation) rather than tasks
where the operator library already enforces output
structure (e.g., Test operator in code tasks).

I Additional Experiments and Analyses

This section provides additional analyses of
demonstration selection, interactive execution,
generator–executor coupling, synthesis variability,
environment-related failures, and retrieval-based
workflow reuse.

I.1 Semantic Demonstration Retrieval

We evaluate target-conditioned semantic retrieval
on the four held-out benchmarks reported in the
main text. For each target, a frozen semantic en-
coder represents only its task-level metadata. His-
torical workflow demonstrations are ranked by co-
sine similarity, and the top-k workflows are se-
lected from the same demonstration pool used by
SWIFT. The target task is excluded from the candi-
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Prealgebra 155 (31.9%)

Number Theory 124 (25.5%)

Precalculus 108 (22.2%)

Count. & Prob. 99 (20.4%)

Figure 7: Topic distribution in the MATH test set (486 Level-5 problems). All four categories are roughly balanced,
with Prealgebra slightly overrepresented.

Table 8: Operator library specification. Each operator is a reusable building block with a fixed interface. The
workflow synthesizer composes these operators into task-specific pipelines.

Operator Input Output Description

Custom text + instruction text response General-purpose text
generation with custom
instruction

AnswerGenerate question text thought + answer Structured reasoning with
thought chain

Programmer problem description code + output Generates and executes
Python code

CustomCodeGenerate problem + entry point code string Generates code matching a
function signature

ScEnsemble list of solutions best solution Majority voting / selection

Test code + test cases pass/fail + output Executes code against test
cases

date pool before retrieval. Neither target examples
nor labels are used, and all other synthesis and
execution settings remain unchanged.

Table 12 shows that semantic retrieval achieves
the highest macro-average accuracy at k = 1. The
effect is target-dependent: k = 1 performs best
on SVAMP and AIME, whereas k = 2 performs
best on AQuA. None of the semantic variants ex-
ceeds the original SWIFT result on BigCodeBench.
Thus, semantic similarity provides a useful selec-
tion signal, but retrieving more demonstrations is
not monotonically beneficial and may introduce
negative transfer.

I.2 Interactive Execution on
InterCode-Python

We evaluate whether a workflow synthesized and
frozen before evaluation can operate in a multi-
turn, feedback-conditioned setting using InterCode-
Python (Yang et al., 2023). Each task is evaluated

as exactly one interactive episode. The model sub-
mits an action, receives execution feedback and a
scalar reward, and conditions its subsequent action
on the updated observation, for up to seven turns.
The synthesized workflow remains fixed across all
tasks and turns, although its execution may con-
tain conditional branches and bounded feedback or
retry loops.

We report two metrics. First-turn success eval-
uates the initial action before environment feed-
back is available. Episode success counts a task
as solved if any of its feedback-conditioned turns
succeeds.

As shown in Table 13, SWIFT is numerically
higher under both measures. We interpret these
modest gains as preliminary evidence of interac-
tive extensibility: a fixed workflow can condition
its execution path and subsequent actions on dy-
namically updated observations. These results do
not establish broad generality across interactive,
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Table 9: Computational cost breakdown per benchmark during execution. All costs are for GPT-4o-mini API calls.
The total experiment cost across all 9 benchmarks is approximately $6.08. Workflow synthesis cost (one-time, per
seed) is negligible (<$0.01 per benchmark).

Benchmark Problems LLM Calls Avg Cost Total Cost
per Problem per Problem

In-Distribution
GSM8K 1,055 3 $0.0011 $1.20
MATH 486 7 $0.0036 $1.73
HumanEval 131 2–3 $0.0002 $0.03
MBPP 341 3–4 $0.0001 $0.04

Out-of-Distribution
MultiArith 480 2 $0.0002 $0.08
SVAMP 800 7 $0.0010 $0.80
AQuA 204 5 $0.0012 $0.24
AIME 48 7 $0.0030 $0.14
BigCodeBench 912 5–6 $0.0020 $1.82

Total (all benchmarks) $6.08

Table 10: Detailed cost and time breakdown for the four main benchmarks. Optimization includes one-time
distillation and synthesis; Execution is running the synthesized workflow on the full test set. All costs are GPT-4o-
mini API calls. Optimization accounts for less than 0.6% of total expenditure and completes in under 11 seconds
per benchmark.

Optimization (one-time) Execution

Benchmark Distill ($) Synth ($) Time Cost ($) Time Total ($)

GSM8K 0.001 0.003 10.6 s 1.199 35.1 min 1.203
MATH 0.001 0.003 8.1 s 1.729 6.8 min 1.733
HumanEval 0.001 0.003 7.8 s 0.032 1.5 min 0.036
MBPP 0.001 0.003 7.0 s 0.044 1.8 min 0.048

Total 0.005 0.012 33.5 s 3.004 45.2 min 3.021

stochastic, or irreversible environments.

I.3 Generator–Executor Coupling

The primary experiments use GPT-4o-mini as both
the workflow meta-generator and execution model.
To examine the generator side directly, we ad-
ditionally evaluate Qwen→GPT: Qwen3-8B syn-
thesizes the workflow, which is then executed
by GPT-4o-mini. Together with GPT→GPT and
GPT→Qwen, this comparison distinguishes chang-
ing the generator while holding the GPT executor
fixed from changing the executor while retaining
GPT-generated workflows.

Table 14 shows that, with the GPT executor held
fixed, Qwen-generated workflows remain relatively

close to GPT-generated workflows on GSM8K, Hu-
manEval, and MBPP. The larger degradation on
MATH indicates that synthesis quality and model–
task compatibility still matter. These results sup-
port partial, task-dependent portability instead of
generator-independent workflow synthesis.

I.4 Variability Across Meta-Generation
Attempts

We conduct three independent meta-generation at-
tempts on two representative held-out targets span-
ning mathematical reasoning and code generation:
AQuA and BigCodeBench. Table 15 reports the
accuracy of each attempt, the mean and sample
standard deviation across attempts, and the number
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Table 11: Structural comparison of synthesized workflows with and without output contracts (C). “Nodes” counts
total operator invocations; “Depth” counts sequential levels. Accuracy from Table 4.

With C Without C ∆

Dataset Nodes Acc Nodes Acc Nodes Acc

GSM8K 2 94.3 5 89.9 +3 −4.4
MATH 7 55.1 5 50.4 −2 −4.7
HumanEval 2 95.4 6 90.8 +4 −4.6
MBPP 3 83.3 3 80.7 ±0 −2.6

Table 12: Accuracy (%) of target-conditioned semantic demonstration retrieval on four held-out benchmarks. The
original SWIFT configuration is compared with semantic retrieval using k ∈ {1, 2, 3}.

Dataset Vanilla SWIFT SWIFT Semantic k = 1 SWIFT Semantic k = 2 SWIFT Semantic k = 3

SVAMP 81.0 95.8 95.9 94.5 95.5
AIME 24–25 8.3 14.6 16.7 8.3 4.2
AQuA 52.9 79.9 82.8 84.3 82.4
BigCodeBench 31.6 34.3 31.9 33.7 33.4

Macro average 43.5 56.1 56.8 55.2 53.9

Table 13: Success rates on InterCode-Python. Each task
is evaluated using one episode with up to seven turns.

Method
First-turn

success
Episode success
(up to 7 turns)

Vanilla 0.40 0.48
SWIFT 0.43 0.49

of structurally distinct executable workflows.
All three attempts produce structurally dis-

tinct executable workflows on each target. Big-
CodeBench performance varies little across these
attempts, whereas AQuA exhibits greater variation.

I.5 Environment-Normalized BigCodeBench
Evaluation

The BigCodeBench failure analysis identifies un-
available sandbox dependencies as an important
source of execution failures. We retain the original
benchmark score for comparability and addition-
ally report an environment-normalized score as a
supplementary diagnostic of environment-related
failures.

The environment-normalized score is 55.04%,
compared with the original score of 34.32% (Ta-
ble 16). This difference highlights the contribu-
tion of execution-environment limitations to the
observed errors.

I.6 Matched Workflow-Reuse Baselines
We compare SWIFT with two non-trained,
semantic-retrieval-based workflow-reuse controls.

Direct-Reuse retrieves the most similar source-
task workflow and executes it unchanged. Explicit-
Adapt uses one target-conditioned LLM call to
adapt the retrieved workflow before execution.

As shown in Table 17, SWIFT exceeds Direct-
Reuse and Explicit-Adapt by 6.05 and 3.48 percent-
age points in macro-average accuracy, respectively.
Explicit adaptation improves the macro average
over direct reuse but is not uniformly beneficial:
it improves GSM8K, MATH, and MBPP, while
reducing HumanEval accuracy. Direct-Reuse re-
mains competitive on HumanEval, and Explicit-
Adapt matches SWIFT on MBPP. Thus, simple
nearest-workflow reuse or one-call adaptation does
not fully account for the aggregate gains of SWIFT,
but the benefit of synthesis remains task-dependent.

J Workflow Examples

Below we show the codes of the workflow exam-
ples. Boilerplate (imports, __init__) is omitted
for clarity.

GSM8K. Three independent reasoning paths are
generated and aggregated via SCENSEMBLE (self-
consistency voting), followed by a dedicated ex-
traction step.

MATH. Same multi-path + ensemble structure
as GSM8K, with a LATEX \boxed{} extraction
step tailored to the MATH answer format

HumanEval. A test-driven retry loop: generate
code, run unit tests, and if the tests fail, analyze the
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Table 14: Accuracy (%) under different generator–executor configurations. GPT denotes GPT-4o-mini, and Qwen
denotes Qwen3-8B. Arrows indicate workflow generator→ execution model. Macro averages are computed over
the four benchmarks shown.

Benchmark GPT→GPT GPT→Qwen Qwen→GPT

GSM8K 94.31 92.51 92.61
MATH 55.14 66.46 45.19
HumanEval 95.42 88.55 93.89
MBPP 83.28 72.73 82.70

Macro average 82.04 80.06 78.60

Table 15: Accuracy (%) across three independent meta-generation attempts. Mean ± SD summarizes performance
across attempts. “Distinct” reports the number of structurally distinct executable workflows among the three
attempts.

Target Domain Attempt 1 Attempt 2 Attempt 3 Mean ± SD Distinct

AQuA Math 79.90 83.33 75.98 79.74± 3.68 3/3
BigCodeBench Code 34.32 33.88 34.32 34.17± 0.25 3/3

Table 16: Original and environment-normalized Big-
CodeBench accuracy (%). The normalized score sup-
plements, rather than replaces, the original benchmark
result.

Method Original
Environment-

normalized

SWIFT 34.32 55.04

error and regenerate, up to two repair attempts.

MultiArith. A simple two-step workflow: de-
tailed step-by-step reasoning followed by numer-
ical extraction. Despite having no MultiArith
demonstrations, SWIFT synthesizes a clean “solve
then extract” pattern transferred from the math-
reasoning source demos.

AIME. A hybrid workflow combining PRO-
GRAMMER (code-assisted computation) with multi-
path reasoning and ensemble. This is the most
complex OOD workflow, reflecting the difficulty
of competition-level math.

BigCodeBench. Three candidate implementa-
tions voted via SCENSEMBLE, validated by unit
tests, with a single retry on failure. The test-driven
pattern is transferred from the HumanEval and
MBPP source demos.

K Use of LLM Disclosure

Large language models were used in this work
for (1) evaluation of the proposed methods (as de-
scribed in the experimental setup) and (2) improv-
ing the clarity of the writing.

43666



Table 17: Accuracy (%) of SWIFT and matched workflow-reuse baselines under task-level leave-one-out evaluation.
Direct-Reuse executes the retrieved source workflow unchanged; Explicit-Adapt uses one target-conditioned LLM
call to adapt it before execution.

Dataset SWIFT Direct-Reuse Explicit-Adapt

GSM8K 94.31 85.12 89.76
MATH 55.14 41.77 49.59
HumanEval 95.42 94.66 91.60
MBPP 83.28 82.40 83.28

Macro average 82.04 75.99 78.56

Listing 1: GSM8K workflow.

1 class Workflow:
2 def __init__(self, name, llm_config, dataset):
3 self.name = name
4 self.dataset = dataset
5 self.llm = create_llm_instance(llm_config)
6

7 # Operators
8 self.custom = Custom(self.llm)
9 self.sc_ensemble = ScEnsemble(self.llm)

10

11 async def __call__(self, problem: str):
12 # Step 1: Generate 3 independent reasoning paths
13 solutions = []
14 for _ in range(3):
15 reasoning = await self.custom(
16 input=problem,
17 instruction=(
18 "Break down the problem step by step, "
19 "extract the necessary numbers, perform "
20 "the calculations, and provide only the "
21 "final answer as a single number."
22 )
23 )
24 solutions.append(reasoning[’response’])
25

26 # Step 2: Self-consistency ensemble voting
27 ensemble_result = await self.sc_ensemble(
28 solutions=solutions,
29 problem=problem
30 )
31

32 # Step 3: Extract clean numerical answer
33 final = await self.custom(
34 input=(
35 f"Final answer based on reasoning: "
36 f"{ensemble_result[’response’]}"
37 ),
38 instruction=(
39 "Extract ONLY the final numerical answer. "
40 "No units, no explanation."
41 )
42 )
43

44 return final[’response’], self.llm.cost_manager.total_cost
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Listing 2: MATH workflow.

1 class Workflow:
2 def __init__(self, name, llm_config, dataset):
3 self.name = name
4 self.dataset = dataset
5 self.llm = create_llm_instance(llm_config)
6

7 # Operators
8 self.custom = Custom(self.llm)
9 self.sc_ensemble = ScEnsemble(self.llm)

10

11 async def __call__(self, problem: str):
12 # Step 1: Generate 3 independent solutions
13 solutions = []
14 for _ in range(3):
15 solution = await self.custom(
16 input=problem,
17 instruction=(
18 "Solve the problem step by step "
19 "and show all calculations."
20 )
21 )
22 solutions.append(solution[’response’])
23

24 # Step 2: Self-consistency ensemble voting
25 final_solution = await self.sc_ensemble(
26 solutions=solutions,
27 problem=problem
28 )
29

30 # Step 3: Extract answer in LaTeX \boxed{} format
31 formatted_answer = await self.custom(
32 input=(
33 f"Final answer: "
34 f"{final_solution[’response’]}"
35 ),
36 instruction=(
37 "Extract ONLY the final answer "
38 "in \\boxed{} format."
39 )
40 )
41

42 return (
43 formatted_answer[’response’],
44 self.llm.cost_manager.total_cost
45 )
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Listing 3: HumanEval workflow (Part 1: Attempt 1 and 2).

1 class Workflow:
2 def __init__(self, name, llm_config, dataset):
3 self.name = name
4 self.dataset = dataset
5 self.llm = create_llm_instance(llm_config)
6 # Operators
7 self.custom = Custom(self.llm)
8 self.custom_code_generate = CustomCodeGenerate(self.llm)
9 self.test = Test(self.llm, dataset=self.dataset)

10 async def __call__(self, problem: str, entry_point: str):
11 # ---- Attempt 1: initial generation ----
12 initial_solution = await self.custom_code_generate(
13 problem=problem,
14 entry_point=entry_point,
15 instruction=(
16 "Generate a Python function that meets "
17 "the specifications in the docstring."
18 )
19 )
20 test_result = await self.test(
21 problem=problem,
22 solution=initial_solution[’response’],
23 entry_point=entry_point
24 )
25 if test_result[’result’]:
26 return (
27 initial_solution[’response’],
28 self.llm.cost_manager.total_cost
29 )
30

31 # ---- Attempt 2: analyze failure and fix ----
32 analysis = await self.custom(
33 input=(
34 f"Problem: {problem}\n"
35 f"Failed code: "
36 f"{initial_solution[’response’]}\n"
37 f"Error: {test_result[’solution’]}"
38 ),
39 instruction=(
40 "Analyze why this code failed "
41 "and how to fix it"
42 )
43 )
44

45 improved = await self.custom_code_generate(
46 problem=problem,
47 entry_point=entry_point,
48 instruction=(
49 f"Fix the code based on: "
50 f"{analysis[’response’]}"
51 )
52 )
53

54 test_result2 = await self.test(
55 problem=problem,
56 solution=improved[’response’],
57 entry_point=entry_point
58 )
59

60 if test_result2[’result’]:
61 return (
62 improved[’response’],
63 self.llm.cost_manager.total_cost
64 )
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Listing 4: HumanEval workflow (continued; Part 2: Attempt 3).

65 # ---- Attempt 3: regenerate from scratch ----
66 final = await self.custom_code_generate(
67 problem=problem,
68 entry_point=entry_point,
69 instruction=(
70 f"Previous attempts failed. "
71 f"Error: {test_result2[’solution’]}. "
72 f"Generate a correct solution."
73 )
74 )
75

76 return (
77 final[’response’],
78 self.llm.cost_manager.total_cost
79 )
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Listing 5: MultiArith workflow.

1 class Workflow:
2 def __init__(self, name, llm_config, dataset):
3 self.name = name
4 self.dataset = dataset
5 self.llm = create_llm_instance(llm_config)
6

7 # Operators
8 self.custom = Custom(self.llm)
9

10 async def __call__(self, problem: str):
11 # Step 1: Detailed step-by-step reasoning
12 detailed_response = await self.custom(
13 input=problem,
14 instruction=(
15 "You are a skilled mathematician. Please "
16 "solve the following arithmetic word "
17 "problem step-by-step:\n"
18 "1. Read and extract all relevant "
19 "numerical information and operations.\n"
20 "2. Clearly state the mathematical "
21 "operations in a logical sequence.\n"
22 "3. Perform the calculations step-by-step, "
23 "showing your work clearly.\n"
24 "4. Provide a concise final answer as a "
25 "single numerical value without any "
26 "additional text or units."
27 )
28 )
29

30 # Step 2: Extract clean numerical answer
31 final_answer = await self.custom(
32 input=detailed_response[’response’],
33 instruction=(
34 "Given the detailed calculations and the "
35 "answer derived from the arithmetic "
36 "problem above, please provide ONLY the "
37 "numerical answer without any additional "
38 "text or units."
39 )
40 )
41

42 return (
43 final_answer[’response’],
44 self.llm.cost_manager.total_cost
45 )
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Listing 6: AIME workflow.

1 class Workflow:
2 def __init__(self, name, llm_config, dataset):
3 self.name = name
4 self.dataset = dataset
5 self.llm = create_llm_instance(llm_config)
6 # Operators
7 self.custom = Custom(self.llm)
8 self.programmer = Programmer(self.llm)
9 self.sc_ensemble = ScEnsemble(self.llm)

10 async def __call__(self, problem: str):
11 # Step 1: Code-assisted computation
12 code_solution = await self.programmer(
13 problem=problem
14 )
15 # Step 2: Integrate code output with reasoning
16 formatted_solution = await self.custom(
17 input=(
18 problem + f"\nCode output: "
19 f"{code_solution[’output’]}"
20 ),
21 instruction=(
22 "Given the problem and code output, "
23 "provide a detailed solution with LaTeX. "
24 "Show step-by-step calculations. "
25 "Present the final answer in "
26 "\\boxed{} notation."
27 )
28 )
29 # Step 3: Generate 3 additional reasoning paths
30 solutions = [formatted_solution[’response’]]
31 for _ in range(3):
32 alternative = await self.custom(
33 input=problem,
34 instruction=(
35 "Solve step by step with LaTeX. "
36 "Outline the approach and relevant "
37 "formulas. Provide detailed "
38 "calculations. Present the final "
39 "answer in \\boxed{} notation."
40 )
41 )
42 solutions.append(alternative[’response’])
43

44 # Step 4: Self-consistency ensemble voting
45 final_solution = await self.sc_ensemble(
46 solutions=solutions,
47 problem=problem
48 )
49

50 # Step 5: Extract final answer in \boxed{} format
51 refined = await self.custom(
52 input=final_solution[’response’],
53 instruction=(
54 "Extract only the final answer. "
55 "Respond strictly in the format "
56 "\\boxed{answer}, without any "
57 "additional text or explanation."
58 )
59 )
60

61 return (
62 refined[’response’],
63 self.llm.cost_manager.total_cost
64 )
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Listing 7: BigCodeBench workflow.

1 class Workflow:
2 def __init__(self, name, llm_config, dataset):
3 self.name = name
4 self.dataset = dataset
5 self.llm = create_llm_instance(llm_config)
6

7 # Operators
8 self.custom_code_generate = CustomCodeGenerate(
9 self.llm

10 )
11 self.sc_ensemble = ScEnsemble(self.llm)
12 self.test = Test(self.llm, dataset=self.dataset)
13

14 async def __call__(self, problem: str, entry_point: str):
15 # Step 1: Generate 3 candidate implementations
16 solutions = []
17 for _ in range(3):
18 solution = await self.custom_code_generate(
19 problem=problem,
20 entry_point=entry_point,
21 instruction=""
22 )
23 solutions.append(solution[’response’])
24

25 # Step 2: Ensemble voting to select best candidate
26 best_solution = await self.sc_ensemble(
27 solutions=solutions,
28 problem=problem
29 )
30

31 # Step 3: Validate with unit tests
32 test_result = await self.test(
33 problem=problem,
34 solution=best_solution[’response’],
35 entry_point=entry_point
36 )
37

38 if test_result[’result’]:
39 return (
40 test_result[’solution’],
41 self.llm.cost_manager.total_cost
42 )
43

44 # Step 4: Single retry with error context
45 improved = await self.custom_code_generate(
46 problem=problem,
47 entry_point=entry_point,
48 instruction=(
49 "The previous solution did not pass "
50 "the test cases. Analyze requirements "
51 "carefully and generate a new correct "
52 "solution."
53 )
54 )
55

56 return (
57 improved[’response’],
58 self.llm.cost_manager.total_cost
59 )
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