Fusion is the New Mutation: Bandit-Guided Evolution on Workflow Graphs
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Abstract

Agentic workflows, which orchestrate multiple
large language model (LLM) calls, tools, and con-
trol flow, have become a powerful paradigm for
complex reasoning tasks. Recent work formu-
lates automated workflow discovery as a search
problem in code space, but most existing methods
rely on tree-based search with single-parent muta-
tion, leading to structural isolation and inefficient
exploration in highly discrete and compositional
spaces. We propose DAGO (Directed Acyclic
Graph Optimization), a principled framework that
models workflow search as evolution over a di-
rected acyclic graph with multi-parent fusion.
DAGO maintains a shared DAG memory that
enables lineage merging across search branches,
and formulates parent selection as a contextual
linear bandit problem. Using pretrained code em-
beddings and a Linear UCB policy, DAGO effi-
ciently navigates the combinatorial fusion space.
An LLM is then employed as a semantic fusion
operator to synthesize new workflows by integrat-
ing complementary strengths from multiple par-
ents. We evaluate DAGO on six benchmarks cov-
ering mathematical reasoning, code generation,
and question answering. DAGO achieves state-
of-the-art average performance while reducing
token consumption. Ablation studies further con-
firm that multi-parent fusion and bandit-guided
selection are key to its effectiveness.
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1. Introduction

The rapid advancement of large language models (LLMs)
has fundamentally reshaped the paradigm for solving com-
plex reasoning tasks. From early techniques such as Chain-
of-Thought (CoT) prompting (Wei et al., 2022) to more so-
phisticated frameworks including ReAct (Yao et al., 2023)
and Reflexion (Shinn et al., 2023), the research focus has
gradually shifted from single-shot prompt engineering to-
ward the design of agentic workflows (Wang et al., 2024a;
Hu et al., 2025; Zhang et al., 2025b; Niu et al., 2025; Zhang
et al., 2025d). By orchestrating multiple LLM invocations,
tool usages, and control-flow logic, agentic workflows en-
able structured problem solving for tasks such as mathemati-
cal reasoning and code generation, substantially outperform-
ing single-pass inference approaches.

Despite their promise, designing effective agentic workflows
remains highly challenging. Most existing approaches rely
on expert-crafted workflows (Wu et al., 2024; Hong et al.,
2024), which are labor-intensive and difficult to generalize
across domains. To enable automation, recent methods such
as ADAS (Hu et al., 2025) and AFlow (Zhang et al., 2025d)
formulate workflow construction as a search problem in
code space. In particular, AFlow significantly improves
search efficiency by introducing Monte Carlo Tree Search
(MCTS). However, these tree-based methods fundamentally
inherit the paradigm of single-parent mutation: each new
workflow node is derived from a single parent via local mod-
ifications, such as prompt edits or the insertion of additional
steps.

We argue that this unilineal mutation paradigm is funda-
mentally inefficient for optimizing LLM-based workflows.
Unlike continuous parameter spaces, the code space of work-
flows is highly discrete and combinatorial. High-performing
workflows often integrate heterogeneous strengths; for ex-
ample, one workflow may excel at problem decomposition,
while another is particularly effective at code verification.
Under a tree-structured search, such complementary struc-
tures discovered in different branches remain isolated and
cannot be recombined through single-parent mutation. As a
result, the search process is prone to local optima or requires
prohibitively large sampling budgets to rediscover useful
structures via random perturbations.
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Motivated by these limitations, we propose a paradigm shift:
in the evolution of agentic workflows, fusion should replace
mutation as the primary driving force. Inspired by genetic
recombination in evolutionary algorithms (Mitchell, 1998)
and code merging practices in software engineering (Mens,
2002), we advocate multi-parent fusion as a systematic
mechanism for synthesizing stronger workflows.

However, introducing fusion poses a new combinatorial
challenge. Selecting J parents from a candidate pool of
size N yields (1}7 ) possible combinations, causing an expo-
nential explosion of the search space. Randomly choosing
parents is highly inefficient, while exhaustively enumer-
ating all combinations is computationally infeasible. To
address this core challenge, we propose Directed Acyclic
Graph Optimization (DAGO), a contextual bandit—guided
framework for graph-based workflow evolution. DAGO
introduces three key innovations.

1. DAG-based memory. We restructure the search his-

tory from a tree into a directed acyclic graph (DAG),
allowing each workflow node to have multiple parents
and explicitly tracking the lineage of structural im-

Figure 1. Overview of the DAGO framework. DAGO follows a four-stage iterative loop: (1) initialization with a DAG-structured
workflow memory; (2) temperature-annealed sampling of candidate arms; (3) Linear-UCB-guided selection and LLM-based multi-parent
fusion; and (4) evaluation and bandit update.

provements, thereby maximizing the reuse of historical
exploration.

. LinUCB-guided structured selection. We formulate

parent selection as a contextual linear bandit problem.
Using pretrained code embeddings as state represen-
tations, we adopt the Linear UCB algorithm (Li et al.,
2010; Chu et al., 2011; Abbasi-yadkori et al., 2011)
to balance exploration and exploitation, enabling the
prediction of which parent combinations are likely to
yield high-performing offspring in a vast combinatorial
space.

LLM-driven semantic fusion. Instead of traditional
token-level crossover, we leverage the semantic under-
standing capabilities of LLMs as fusion operators. By
conditioning on parent workflows and their summa-
rized advantages, the LLM resolves logical conflicts
and synthesizes a new workflow that integrates com-
plementary strengths.

We evaluate DAGO on six benchmarks spanning math-
ematical reasoning (MATH, GSMS8K), code generation
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Figure 2. Overall performance across benchmarks and average ranking. (a) Test performance on six benchmarks (3-run average;
reported as Accuracy / Pass@1 / F1 depending on the task). Brackets annotate the absolute improvement of DAGO over AFlow on each
benchmark. (b) Macro-average performance across all tasks, summarizing each method’s overall ranking.

(HumanEval, MBPP), and question answering (HotpotQA,
DROP). Experimental results demonstrate that DAGO con-
sistently achieves state-of-the-art performance across all
tasks, attaining an average accuracy of 81.7%, surpassing
the previous best method AFlow by 1.4 percentage points
while significantly reducing token consumption. Ablation
studies further confirm that multi-parent fusion and bandit-
guided selection are critical to these gains, validating the
effectiveness of the principle that fusion is the new mutation
for automated workflow design.

2. Related Work

Automated Search and Optimization of Agentic Work-
flows. Early agentic systems relied on expert-crafted or-
chestration, which is difficult to scale. Recent automa-
tion work broadly follows two lines. Node- and instance-
level optimization improves prompts or orchestration per
query: DSPy (Khattab et al., 2024), TextGrad (Yuksek-
gonul et al., 2025), and MIPRO (Opsahl-Ong et al., 2024)
optimize prompting under fixed topologies, while AutoA-
gents (Chen et al., 2024), JudgeFlow (Ma et al., 2026), and
RobustFlow (Xu et al., 2025) generate workflows on the
fly; ScoreFlow (Wang et al., 2025) and FlowReasoner (Gao
et al., 2025) directly emit workflow code via preference
optimization. A concurrent anonymous submission (in the
supplementary material) studies query-level orchestration
via contextual-bandit selection from an evolved workflow
pool. Despite their flexibility, query-time orchestration/one-
pass generation incurs nontrivial inference cost and makes
it hard to accumulate reusable, task-level structural knowl-
edge. Task-level structure search, most related to our
work, aims to discover reusable topologies for a task:
GPTSwarm (Zhuge et al., 2024) and G-Designer (Zhang
et al., 2025¢) optimize multi-agent graphs, while ADAS (Hu
et al., 2025), AFlow (Zhang et al., 2025d), EvoFlow (Zhang
et al., 2025a), and MermaidFlow (Zheng et al., 2025) search

executable code workflows. However, these methods largely
follow single-parent mutation in tree-structured search, caus-
ing structural isolation that prevents recombining comple-
mentary structures across lineages.

Bandit Algorithms for Search and Structured Explo-
ration in LLMs. Bandits provide a principled mechanism
for exploration—exploitation in large action spaces and are
increasingly used in LLM optimization (Xie et al., 2026).
Non-contextual bandits and MCTS. MCTS is widely used
for reasoning and planning (Zhou et al., 2023); in work-
flow search, AFlow adopts UCT to guide expansion (Zhang
et al., 2025d). Yet UCT is effectively context-free, rely-
ing on counts and empirical rewards while ignoring work-
flow semantics, so estimates transfer poorly across similar
workflows and exploration is sample-inefficient in vast code
spaces. Contextual bandits in LLM optimization. Con-
textual bandits such as LinUCB are well-studied in recom-
mendation (Li et al., 2010; Chu et al., 2011) and have been
applied to prompt strategy selection (OPTS (Ashizawa et al.,
2025), TRIPLE (Shi et al., 2024)), RAG module configu-
ration (MBA-RAG (Tang et al., 2025)), and model routing
(PILOT (Panda et al., 2025)). Most of these works select a
single discrete action (one prompt/model). In contrast, our
setting requires combinatorial selection of multiple parent
workflows for fusion. We formulate this as a contextual
linear bandit and apply Linear UCB over pretrained code
embeddings to predict the fusion potential of parent combi-
nations under sparse rewards.

3. Preliminary

Workflow Representation. We conceptualize an agentic
workflow as a programmatic orchestration of LLM invoca-
tions, control logic, and data processing units. Formally,
a workflow w € W is defined as an executable Python
class implementing an asynchronous __call__ method.
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This method maps a problem instance x € X to a solution
string y € ) through a sequence of intermediate states.
Following Zhang et al. (2025d), this code-based representa-
tion transcends static prompt templates, offering the Turing-
complete expressiveness necessary for complex reasoning
tasks while maintaining modularity and reproducibility.

Workflow Graph. The evolutionary trajectory of work-
flows is maintained in a DAG, denoted as G = (V,€).
Each node v; € V represents a specific workflow instance,
uniquely identified by the tuple v; = (C;, P;), where C;
denotes the structural code and P; signifies the internal
prompt set. Each node is associated with a performance
metric s; € [0, 1] and a semantic embedding vector e; € R?
generated by a pre-trained encoder. An edge (v;,v;) € €
represents a lineage relationship, indicating that v; served as
one of the parental configurations in the fusion process that
generated v;. Unlike traditional tree-based search structures
(e.g., MCTS), our DAG formulation explicitly accounts for
multi-parent inheritance, enabling the recombination of di-
verse structural advantages.

Linear UCB. We formulate the selection of optimal par-
ent nodes for fusion as a contextual multi-armed bandit
problem. Let an arm a = (v1,...,v;) € A be an ordered
subset of J nodes from V. The contextual feature of arm a
is constructed via a concatenation of parental embeddings:
X, = [e1;eq;...;e5] € R74. To efficiently navigate the
exploration-exploitation trade-off in this high-dimensional
space, we employ Linear UCB. The algorithm maintains
a weight vector & € R’ estimated via ridge regression.
At each iteration, we select the arm a* that maximizes the
upper confidence bound:

UCB(x,) =%, 0 +v\/x] A-1x,, (D

where A = Y xx " + Al is the covariance matrix capturing
historical observations, )\ is a regularization parameter, and
v modulates the exploration intensity. This mechanism
ensures that the search prioritizes both empirically high-
performing combinations and regions with high epistemic
uncertainty.

4. Methodology

Building on the workflow/code representation and contex-
tual bandit preliminaries in Section 3, we introduce DAGO
(Directed Acyclic Graph Optimization), an online evolution-
ary framework that optimizes agentic workflows via multi-
parent fusion guided by principled exploration—exploitation
control. DAGO maintains a persistent workflow memory
as a DAG and iteratively expands it by (i) proposing multi-
parent candidate arms, (ii) selecting one arm with Linear
UCSB, (iii) fusing the chosen parents into a child workflow

using LLMs, and (iv) updating the bandit from the child’s
validation reward.

Workflow DAG Memory. DAGO stores all discovered
workflows in a DAG G = (V, £) (Section 3). Each node
v; €V is an executable workflow with validation score s;
and a fixed semantic embedding e; € R? obtained by en-
coding its source code and internal prompts. Directed edges
record lineage; unlike tree memories, the DAG supports
multi-parent derivations, enabling improvements discov-
ered in different branches to be recombined into a single
descendant rather than remaining structurally isolated.

Candidate Arm Proposal via Annealed Score Sam-
pling. At iteration ¢, DAGO forms a candidate set A4,
of M arms, where each arm is an ordered tuple of J par-
ent nodes. To bias proposals toward high-performing re-
gions while preserving diversity, nodes are sampled from

a temperature-controlled, score-based distribution. Specif-
(t)

ically, we compute w,; ’ = exp(i—i) and normalize it as
p(-t) = o
! Xrev “’1(:)

every node, we apply a floor py,;, > 0 and renormalize

~(t) maX(PEt) s pmin)
b, =

To ensure non-zero probability for

- Here 74 > 0 is the sampling
2 key max( Py, Pmin

temperature, which we anneal linearly over the total budget
T as 7 = Tinit + (Thnal — Tinit)%. Using p®), we sam-
ple M candidate arms A; = {a1,...,a}, where each
am = (Umy, ..., Um, ) is formed by independently drawing
J parents and then ordering them by descending valida-
tion score (to induce consistent positional semantics in later
concatenation).

Linear UCB Arm Selection with Diagonal Uncertainty.
Each arm a,, is mapped to a contextual feature by con-
catenating the embeddings of its ordered parents, x,, =
[€m,;€my;---;€m,] € R’ We assume a linear reward
model for the (unknown) expected improvement of an arm,
E[ry, | Xm] = x,) 6, with @ € R7? learned online. Given
the candidate set A;, DAGO selects the arm by the UCB
criterion

a* = arg Jnax (Xjn@ + VW) )

where v > 0 controls exploration and A = AI +
> (xr)eB xx ' is the (regularized) empirical covariance
from past selected arms stored in buffer 5, with A > 0.
To keep per-iteration computation linear in Jd, we approxi-
mate A as diagonal, yielding

m,k ] (3)
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Figure 3. One DAGO iteration (zoom-in of Stage 3). LinUCB
selects an ordered set of parent workflows; a summarization LLM
distills each parent’s core advantage; a fusion LLM synthesizes a
child workflow conditioned on parents and summaries, typically
inheriting complementary modules and improving the validation
score.

LLM Multi-parent Fusion and Online Bandit Update.
Given the selected arm a* = (v],...,v%), DAGO sum-
marizes each parent workflow (code C;, prompts P;,
score s;) using a dedicated summarization LLM, s; =
SUMMARIZE(C;, P;, s;). A fusion LLM then generates
a child workflow conditioned on the parent set and sum-
maries: (Cpews Prew) = F({s1,...,875}). We evaluate the
synthesized workflow on held-out validation data to obtain
a scalar reward r = & (Cpew, Phew) With 7 € [0, 1], insert the
new node vyey into G with incoming edges from all parents
in a*, and update the diagonal LinUCB statistics using x*
(the feature of a*):

Agk + Apr+(75)?, by, « bp+ray,

for k = 1,...,Jd. Finally, we append (x*,r) into B to
support occasional refits under the non-stationarity induced
by an evolving workflow population. Figure 3 illustrates one
optimization iteration: after LinUCB selects a parent tuple,
DAGO summarizes each parent’s key advantage and then
fuses the parents and summaries into a new child workflow,
making module inheritance explicit.

Complete Procedure. Algorithm 1 summarizes DAGO.
The algorithm runs for at most 7" iterations (or early-stops
after Cpagience NON-improving rounds) and returns the best-

Algorithm 1 DAGO: Directed Acyclic Graph Optimization

Require: Task 7 iterations 7'; arm size J; candidates M ;
init size N; patience Chagience
Ensure: Best workflow v*
1: Initialize workflow DAG G = (V, &)
2: Generate N initial workflows, evaluate to get s(v), com-
pute embeddings e, insert into V
3: Initialize LinUCB: A <+ AI, b < 0, 8 < 0; buffer
B+ 0
v* — argmax,cy $(v); s + s(v*); ¢+ 0
fort =1to T do
Compute 7;; sample M arms A, using p(*)
Build x,,, for all a,,, € A;; select a* via LinUCB
Summarize parents in a*; fuse to obtain (Cyew, Prew)
and node Vpew
9:  Evaluate vy to obtain reward r and embedding €;ey
10:  Insert vyey into G with edges from all parents in a*
11:  Update (A, b, 8) with (x*,r); add (x*,7) to B
12:  ifr > s* then

R DR

13: S* 410 ¢ Vpews ¢ 0
14:  else

15: c+—c+1

16:  end if

17:  if ¢ > Chaence then

18: break

19:  end if

20: end for

21: return v*

scoring workflow found in the DAG. Prompt templates
and shared constraints are provided in Appendix D, and
implementation-level algorithm details (sampling, diagonal
LinUCB, and LLM interaction protocol) are in Appendix E.

Theoretical Justification. DAGO’s multi-parent fusion in-
troduces a combinatorial parent-selection problem: at each
iteration, the optimizer must choose an ordered J-tuple of
parent nodes (an “arm’) from an evolving workflow DAG.
We view this decision as an idealized linear contextual ban-
dit over arm features, where each arm « is represented by
the concatenated embedding x, = [e;...;e;] € R79
and yields a bounded reward r;, € [0, 1] after LLM fusion
and evaluation. DAGO follows a two-stage process: it
first proposes a candidate set .A; via annealed score-based
sampling (ensuring non-zero coverage), and then applies
a LinUCB-style rule to select a; € A;. Under standard
linear-bandit conditions (bounded features and conditionally
sub-Gaussian noise), LinUCB enjoys sublinear selection re-
gret within the proposed candidates (see Appendix A). In
DAGO, we additionally adopt scalable approximations—
most notably a diagonalized covariance and a linear surro-
gate over pretrained embeddings. These deviations can be
summarized by a regret-style decomposition that makes the
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Table 1. Main results on six benchmarks. Test performance (%) averaged over three independent runs. Datasets are grouped by task
category (QA / Code / Math), and the macro average across all benchmarks is reported. Best results are shown in bold.

QA Code Math
Method HotpotQA DROP HumanEval MBPP GSM8K MATH ‘ Avg.
10 68.1 68.3 87.0 71.8 92.7 48.6 72.8
CoT (Wei et al., 2022) 67.9 78.5 88.6 71.8 924 48.8 74.7
CoT-SC (Wang et al., 2023) 68.9 78.8 91.6 73.6 92.7 50.4 76.0
MedPrompt (Nori et al., 2023) 68.3 78.0 91.6 73.6 90.0 50.0 75.3
MultiPersona (Wang et al., 2024b) 69.2 74.4 89.3 73.6 92.8 50.8 75.1
Self-Refine (Madaan et al., 2023) 60.8 70.2 87.8 69.8 89.6 46.1 70.7
ADAS (Hu et al., 2025) 64.5 76.6 82.4 534 90.8 354 67.2
AFlow (Zhang et al., 2025d) 73.5 80.6 94.7 83.4 93.5 56.2 80.3
DAGO 75.9 82.7 94.7 85.0 93.7 581 | 817
trade-offs explicit: Baselines. We compare DAGO with three families: (i)

T
Rf' S O(JALVT) + 3 ™ + T (5)
t=1

Here RSS! = ZZ;I (14(%ay) — p(xa,)) denotes the regret
to the best arm a} within A, the first term is the canonical
LinUCB rate in dimension Jd, and etdiag and €' capture,
respectively, the error induced by diagonal uncertainty es-
timation and by linear-model misspecification along the
optimization trajectory. We emphasize that this analysis
serves as a principled rationale for bandit-guided multi-
parent selection, rather than a tight guarantee for the full
non-stationary LLM-driven pipeline; full notation and as-
sumptions are provided in Appendix A.

lin

In other words, as DAGO collects fusion feedback, its se-
lection policy becomes increasingly competitive with the
best parent-node combination available in .4; at each round,
rather than relying on uninformed random exploration. Con-
cretely, the regret-style guarantee in Equation (5) implies
that the average selection suboptimality decreases over time,
so the chosen parent set moves progressively closer to the
(candidate-set) optimal combination, up to the approxi-
mation terms.

5. Experiments

5.1. Experimental Setup

Benchmarks. Following AFlow (Zhang et al., 2025d), we
evaluate on six public benchmarks across three categories:
Math (GSMS8K (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021)), Code (HumanEval (Chen et al., 2021),
MBPP (Austin et al., 2021)), and QA (HotpotQA (Yang
et al., 2018), DROP (Dua et al., 2019)). We use the same
dataset splits and evaluation protocols as AFlow; for MATH
we evaluate level-5 problems.

prompting methods: 10, CoT (Wei et al., 2022), CoT-
SC (Wang et al., 2023), MedPrompt (Nori et al., 2023),
MultiPersona (Wang et al., 2024b); (ii) iterative refinement:
Self-Refine (Madaan et al., 2023), ADAS (Hu et al., 2025);
and (iii) automated workflow search: AFlow (Zhang et al.,
2025d).

Metrics. We report Solve Rate (%) on GSMS8K and
MATHIv5*, pass@1 on HumanEval/MBPP (Chen et al.,
2021), and F1 on HotpotQA/DROP.

Implementation Details. For all methods, we follow
AFlow’s implementation and use the same optimization/ex-
ecution models for controlled comparison. DAGO uses
Claude 3.5 Sonnet (Anthropic, 2024) for workflow gener-
ation/summarization/fusion and GPT-40-mini-0718 (Ope-
nAl, 2024) for execution. Each workflow is embedded
by Qwen3-Embedding (Zhang et al., 2025¢) (d=2560) for
bandit-based arm selection. Unless noted otherwise, we
set N=10, T'=30, M =200, J=5, v=0.1, and anneal the
softmax temperature from 7ip;=2.0 to T =0.5. Full hy-
perparameters and dataset/reward details are in Appendix B
and C.

5.2. Overall Performance and Analysis

Overall Performance. Table 1 and Figure 2 summarize
test-set results across all baselines. DAGO achieves the
best macro average (81.7%), outperforming AFlow by 1.4
points. As shown in Figure 2(a), the gains are consistent
across task categories, including multi-hop QA (+2.4 on
HotpotQA), discrete reasoning (+2.1 on DROP), code gen-
eration (+1.6 on MBPP), and competition-level mathemat-
ics (+1.9 on MATH). On HumanEval, DAGO matches the
strongest baseline, indicating that multi-parent fusion pre-
serves high-quality in-domain solutions while improving
robustness on the remaining tasks. This overall advantage is
also reflected by the method ranking in Figure 2(b), where
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Running best validation performance over 7'=30 iterations on
HotpotQA, MATH, and MBPP.

Table 2. Cross-task transfer on the test set (3-run average).
For each transfer pair s — ¢, we denote by Opt,(m) the in-
domain best test score achieved by method m when optimizing
directly on task ¢ under the same budget, and by Transs_,+(m)
the test score obtained by transferring the source-optimized best
workflow to ¢ without re-optimization. We report transfer regret
Rs_+(m) = Opt,(m) — Transs—+(m) and its normalized ver-

sion Rs—¢(m) = Rs—+(m)/Opt,(m) (lower is better). All num-
bers are averaged over three independent runs.
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Figure 5. Cross-task transfer trajectories. For each transfer pair
(source — target), we take the best workflow found on the source
task and evaluate it as-is on the target task (no re-optimization).
Each subplot visualizes: (i) the in-domain performance on the
source task, (ii) the transferred performance on the target task,
and (iii) the target-task in-domain optimum achieved by the same
method under the same optimization budget.

Method Opt, 1 Transs—¢ T Rs—t | ésﬁt I
MATH — GSMSK
AFlow 93.5 93.1 0.4 0.0043
DAGO 93.7 93.6 0.1 0.0011
MBPP — HumanEval
AFlow 94.7 86.3 8.4 0.0887
DAGO 94.7 87.8 6.9 0.0729
HotpotQA — DROP
AFlow 80.6 79.1 1.5 0.0186
DAGO 82.7 81.3 14 0.0169
Avg. (AFlow) — — 343  0.0372
Avg. (DAGO) — — 2.80 0.0303

Table 3. Overall performance vs. total inference cost (test set).
Results for the best workflows from AFlow and DAGO under dif-
ferent execution models. Overall denotes the macro average over
MATH/MBPP/HotpotQA, and Total Cost denotes total inference
cost (USD). All numbers are averaged over three independent runs.

Execution Model ~Method Overallt Total Cost|

DAGQO attains the highest macro-average score.

Optimization Trajectory. Figure 4 reports the valida-

GPT-40-mini AFlow 71.0 2.7278
(OpenAl, 2024) DAGO 73.0 2.4344
DeepSeek-V3.2 AFlow 83.7 4.0197
(Liu et al., 2025) DAGO 84.8 3.7368
Gemini-3-Flash AFlow 86.2 14.5263
(Google, 2025) DAGO 87.1 10.5712

tion best-so-far performance during optimization. Across
all three tasks, DAGO exhibits a monotonic improvement
trend in the running best solution and typically plateaus by
the end of the budget. This pattern indicates that bandit-
guided multi-parent fusion steadily discovers and retains
higher-quality workflow structures, rather than relying on
occasional gains from unguided perturbations.

Zero-Shot Cross-Task Transfer. Figure 5 and Table 2
evaluate whether the best workflows discovered on a
source task generalize to a related target task without re-
optimization. Across all three transfer pairs, DAGO yields
consistently lower transfer regret (both absolute and nor-
malized), suggesting that multi-parent fusion tends to distill
reusable workflow components that are less tied to source-
task idiosyncrasies.

Robust Cost—Performance Trade-offs Across Execution
Models. Figure 6 and Table 3 extend the main compari-
son (which fixes GPT-40-mini-0718 as the execution model
for a controlled and fair evaluation) by assessing robust-

ness across alternative execution models. Across all execu-
tion models, DAGO consistently improves upon AFlow in
both performance and cost, indicating that the advantage
of bandit-guided fusion is not tied to a specific executor.
Moreover, stronger execution models can further raise the
achievable performance ceiling for both methods, while
DAGO maintains a favorable trade-off on the frontier.

5.3. Ablation Study

Effect of Bandit-Guided Arm Selection. Table 4 shows
that replacing UCB with random arm selection substantially
degrades performance (e.g., —2.9 on GSM8K and —3.1 on
HumanEval), indicating that how to select an arm is crucial
for effective workflow evolution. Moreover, both greedy
selection (¥v=0) and overly aggressive exploration (v=1)
underperform the balanced default (¢=0.1), supporting the
necessity of a principled exploration—exploitation trade-off
in navigating the workflow graph.
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Figure 6. Performance—cost trade-off under different execution
models. Each point corresponds to the best workflow found by
AFlow or DAGO under a given execution model; performance
is measured by the macro average over MATH/MBPP/HotpotQA
and cost by total inference cost (USD). The dashed line denotes
the Pareto frontier.

Table 4. Ablation on arm selection strategy (3-run test average).
Results on GSM8K, HumanEval, and DROP comparing random
arm sampling and UCB-based selection with different exploration
strengths v.

Method GSMS8K  HumanEval DROP
AFlow 93.5 94.7 80.6
DAGO (UCB, v=0.1) 93.7 94.7 82.7
DAGO (Random) 90.8 91.6 80.8
DAGO (UCB, v=0) 92.0 93.9 81.4
DAGO (UCB, v=1) 91.7 92.4 82.4

Effect of Arm Size. Figure 7 studies the impact of arm
size, i.e., the number of parent workflows contributing to
each fusion step. When J=1, DAGO degenerates to single-
parent evolution and performs worst, suggesting limited
structural diversity. Performance improves as J increases
and peaks around J=5, while a larger arm (J=10) leads
to degradation, consistent with a trade-off: increasing .J
can enrich complementary signals, but overly many parents
may introduce incompatible patterns and dilute the fusion
objective.

Robustness to Execution Model Choice. Table 5 indi-
cates that DAGO generally maintains its advantage across
execution models, improving on two out of three tasks even
when the executor is already strong. This supports the in-
terpretation that DAGO’s gains primarily stem from dis-
covering better workflow structures (e.g., decomposition,
verification, and coordination patterns), rather than relying
on idiosyncrasies of a specific base model.

6. Conclusion

This paper challenges the prevailing reliance on random mu-
tation for LLM-based workflow optimization and advocates

90 1
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Figure 7. Effect of arm size J (3-run test average). Results on
GSMS8K, HumanEval, and DROP with varying numbers of parents
per arm.

Table 5. Robustness across execution models (3-run test av-
erage). Best workflows from AFlow and DAGO evaluated on
MATH, MBPP, and HotpotQA under different execution models.

Execution Model Method MATH MBPP HotpotQA

N AFlow 562 834 735
GPT-40-mini DAGO 581  85.0 75.9
AFlow 858  87.1 78.1

DeepSeck-V32  phago 863 877 80.5
N AFlow 870 921 794
Gemini-3-Flash 1o g68 930 81.6

a principled shift toward fusion. DAGO operationalizes this
shift by unifying three key ideas: a DAG-structured mem-
ory that enables multi-parent lineage merging, contextual
bandit decision-making via Linear UCB for informed par-
ent selection, and LLM-driven fusion to explicitly combine
complementary workflow structures. Through extensive
experiments across diverse reasoning and coding bench-
marks, we show that fusion consistently dominates mutation,
bandit-guided selection improves search efficiency over ran-
dom exploration, and multi-parent derivation yields more ro-
bust and transferable workflows than single-parent updates.
Together, these components form a coherent optimization
framework that not only advances state-of-the-art perfor-
mance, but also offers a more general and sample-efficient
paradigm for automated workflow discovery.

Impact Statement

This paper presents work whose goal is to advance the field
of machine learning, specifically the automated discovery
and optimization of LLM-based agentic workflows. Our
method improves the efficiency and effectiveness of work-
flow search, which may benefit a wide range of applications
in reasoning, code generation, and question answering. We
do not anticipate significant negative societal consequences
arising directly from this work. As our approach builds
upon large language models, it may inherit limitations and
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biases present in the underlying models. We therefore en-
courage practitioners to carefully evaluate generated work-
flows and apply appropriate safeguards before deployment
in real-world or sensitive settings.
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A. Theoretical Perspective on Bandit-Guided Multi-Parent Fusion

This section provides an idealized analysis that clarifies what DAGO’s LinUCB component is optimizing and which
assumptions are sufficient for standard guarantees. The discussion is meant as a principled rationale aligned with Sections 3
and 4, rather than a claim of a tight regret guarantee for the full LLM-driven pipeline.

Setup and notation. At iteration ¢, DAGO maintains a workflow DAG G; = (V;, &;). A fusion arm is an ordered J-tuple
of parent nodes a = (v1,...,vy), represented by the concatenated embedding x, = [e1;...;es] € RP where p = Jd
(Section 4). DAGO constructs a candidate set .A; by annealed score sampling, then selects

a; € arg max x;—ét,l + v \/XIA{_llxa, 6)
t

where Kt_l is the (regularized) empirical covariance of previously selected arms; in DAGO we use its diagonal approxima-
tion for O(p) updates (Section 4). After LLM summarization and fusion, the synthesized child workflow is evaluated to
obtain a bounded reward r; € [0, 1] (Section 4).

A minimal set of assumptions. We state a standard linear contextual bandit model as a surrogate for predicting the fusion
reward from arm features.

Assumption A.1 (Bounded features and conditionally sub-Gaussian noise). For all ¢ and all @ € Ay, ||X,||2 < L. Rewards
are generated as r; = u(x,,) + 7 with u(x) € [0,1] and {7} forming a martingale difference sequence w.r.t. the filtration
{F:}: E[nt | Fi—1] = 0 and 7 is o-sub-Gaussian conditionally on F;_;.

Assumption A.2 (Realizable linear model (reference setting)). There exists 8* € R? with ||6* ||z < S such that u(x) =
x ' @* for all arm features encountered during optimization.

Assumption A.2 should be interpreted as an idealization that isolates the role of LinUCB in DAGO: the true mapping from
parent workflows to post-fusion performance is mediated by an LLM and can be highly non-linear. Nevertheless, this
surrogate model is useful because DAGO’s arm features are produced by a pretrained semantic encoder, and LinUCB only
needs to be predictive locally along the trajectory of encountered arms to guide exploration.

Candidate sets may vary across rounds. Unlike textbook contextual bandits with a fixed action set, DAGO constructs
A, by sampling from the current DAG (Section 4). Importantly, standard LinUCB analyses do not require a fixed action set;
they hold for any (possibly time-varying) sequence {.A;}7_, as long as features are bounded and measurable w.r.t. F;_1,
since the proof is driven by the self-normalized concentration of the realized feature sequence. We therefore define regret
within the proposed candidate sets.

Definition A.3 (Candidate-optimal arm and selection regret). Let a} € arg max,c 4, 1(X,) be the best arm in the candidate

set. The selection regret is
T

RE' =Y (1(xa:) = p(Xa,))- )

t=1

Proposition A.4 (Reference regret bound for LinUCB over proposed candidates). Under Assumptions A.1-A.2, if v in
Equation (6) is chosen as in standard LinUCB (e.g., the confidence radius derived from ridge regression), then with
probability at least 1 — 0,

R < (5(pLﬁ) - 6<JdL\/T), ®)
where (5() hides polylogarithmic factors in (T, 1/8, \).
This proposition is a direct specialization of standard linear contextual bandit regret bounds for LinUCB / OFUL-style
algorithms (e.g., Li et al. (2010); Chu et al. (2011); Abbasi-yadkori et al. (2011)) to the concatenated feature dimension
p=Jd.

Two-stage view: proposal vs. selection. DAGO is a two-stage decision process: (i) a proposal policy over the evolving
DAG produces A; (annealed score sampling with a nonzero floor pp,;), and (ii) LinUCB selects a; from .A;. To make this

14
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explicit, define an (ideal) full combinatorial action set A, C V,j’ that contains all ordered J-tuples of current nodes, and let
a; € argmax,¢ g, i(Xq). Then the total regret to the globally best fusion at each round decomposes as

T T

> (wlxa;) = p(xa,)) = > (wlxa;) —p(xa;)) +  RE . )

t=1 t=1 M

selection regret

proposal gap

The second term is controlled by LinUCB as in Equation (8). The first term captures the quality of the candidate-arm
proposal mechanism: annealed score sampling concentrates probability mass on promising parents while maintaining
coverage through p.,i, (Section 4). In particular, the nonzero floor implies that every node remains selectable as a parent
with nonzero probability at every round, which prevents the proposal distribution from collapsing to a strict subset of V;.

Accounting for approximation and misspecification (DAGO setting). DAGO uses two additional approximations
motivated by scalability:

(i) Diagonal uncertainty. Let A; denote the full covariance and D; = diag(A.) its diagonal. DAGO replaces \/xT A 1x
by /xTD; 'x to obtain O(p) time/space per update (Section 4). Define the per-round uncertainty approximation error

\/XTAflx — \/XTD;lx

where X; = {x, : a € A;} is the encountered feature set at round ¢. This quantity is problem-dependent and reflects the
strength of feature correlations that are ignored by the diagonal metric.

, (10)

diag __
€ - = sup

xXEX}

(i) Model misspecification. More generally, the expected fusion reward may not be exactly linear in the embeddings. A
standard way to express this is

p(x) =x'0* + A(x), with |A(x)| < €™ for all encountered x, (11)

lin

where €™ measures the deviation from the realizable linear surrogate along the optimization trajectory.

Combining Equations (10) and (11) with Equation (8) yields the following regret-style interpretation: the selection
performance can be viewed as the reference LinUCB term plus additive contributions that scale with the cumulative
approximation along the trajectory,

T
RS < (5(JdL \/T) + 3 elies e, (12)
t=1

We emphasize that Equation (12) is intended as a qualitative diagnostic: it makes explicit how (a) increasing arm size J
enlarges the feature dimension, and (b) diagonal uncertainty and linear surrogacy influence bandit guidance, while keeping
the algorithm computationally feasible in the high-dimensional concatenated embedding space.

Interpretation for finite-budget workflow optimization. In DAGO, each iteration requires an expensive LLM fusion
and workflow evaluation (Section 4), so the optimization budget T is small relative to classical bandit regimes. The analysis
above therefore serves to justify the algorithmic design choices that prioritize sample-efficient exploration (UCB guidance
within candidates) and controlled coverage (annealed proposal with a nonzero floor), rather than to optimize asymptotic
constants. Empirically, this combination is sufficient to consistently identify high-performing multi-parent fusions under
strict evaluation budgets across diverse benchmarks (see Section 5).

B. Hyperparameter Settings

This appendix summarizes the hyperparameter configuration of DAGO used in all experiments. Unless otherwise noted,
we use the default settings in Table 6 across benchmarks. For reproducibility, we organize hyperparameters by: (i) search
budget and early stopping, (ii) candidate-arm proposal, (iii) LinUCB guidance, (iv) representations and embeddings, (v)
LLM roles and decoding, and (vi) evaluation.

15



Fusion is the New Mutation: Bandit-Guided Evolution on Workflow Graphs

Table 6. DAGO hyperparameters (default unless otherwise specified).

Category Parameter Value Description / usage
Initial population size N 10 Number of diverse workflows generated at initialization
Budget (inserted into the DAG before bandit-guided fusion).
Max iterations 1’ 30 Maximum number of fusion iterations in Algorithm 1.
Early-stopping patience Cpatience 5 Stop if the best validation score does not improve for
Chatience cONsecutive iterations.
Minimum iterations 7min 20 Enable early stopping only after at least Trnin iterations.
Candidate arms M 200 Number of candidate parent tuples proposed per iteration.
Parents per arm J 5 Number of parent workflows fused to synthesize one child.
Arm proposal Temperature Tinic — Tfinal 2.0—-0.5 Linear temperature annealing for score-based softmax pro-
posal (Appendix E.1).
Minimum probability pmin 0.01 Probability floor to prevent proposal collapse and ensure
coverage over all nodes.
Within-arm duplicates No Parents are sampled without replacement; if |V| < J, we
set J < [V|.
Exploration coefficient v 0.1 Exploration weight in Eq. (1); v is kept constant by default.
LinUCB Regularization A 0.2 Ridge regularization in the bandit covariance (Eq. (1)).
Covariance approximation Diagonal Maintain only diag(A) to compute uncertainty in O(Jd)
(Appendix E.2).
Reward r [0,1] Child validation score, normalized to [0, 1], used as the
bandit reward.
Embedding dimension d 2560 Dimension of the semantic embedding vector e; for each
Embeddings workflow node.
Embedding model Qwen3 Pretrained code embedding model encoding code &
inner_prompts.
Arm feature x Concat X = [€my;---;€m,] € R/ (Appendix E.2).
Optimization LLM Claude-3.5-Sonnet Used for strategy discovery, initial workflow generation,
LLMs parent summarization, and fusion.
Execution LLM GPT-40-mini Used to execute and evaluate candidate workflows during
search and final reporting.
Generation temperature 0.0 Decoding temperature for workflow generation/fusion (sum-
marization typically uses a lower temperature for stability).
Validation samples 20-50 Number of validation instances used to estimate rewards
Evaluation during search (dataset-dependent; fixed across iterations).
Test samples Full set Full test split for final reporting.
Max concurrency 50 Maximum number of concurrent evaluations (API/hardware
dependent).
Evaluations per node 1/3 Root nodes are evaluated once; fused offspring are evaluated
3 times and averaged to reduce variance.
C. Dataset Details

This section provides additional dataset information beyond Section 5, with a focus on the online reward estimation protocol
used during search. To ensure a fair, apples-to-apples comparison, we strictly follow the AFlow evaluation protocol for
(i) dataset partitioning, (ii) answer extraction / code execution, and (iii) metric computation. Concretely, for each
benchmark we use the same “divided test set” setup as AFlow: a fixed held-out validation subset is used exclusively to
provide online reward feedback during optimization, while the final numbers are reported on a disjoint test subset. (Zhang

et al., 2025d)
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Table 7. Benchmark datasets and evaluation protocol used in our experiments (aligned with AFlow). Val Size is the fixed validation subset
used for reward estimation during search (held fixed across iterations), and Test Size is the disjoint evaluation subset used for reporting
final results.

Dataset Domain Val Size Test Size  Metric  Notes

GSMSK Math Reasoning 264 1,055 Accuracy  Grade-school word problems
MATH Math Reasoning 119 486 Accuracy Level 5 (hardest) problems only
HumanEval Code Generation 33 131 Pass@1  Python function synthesis

MBPP Code Generation 86 341 Pass@1  Mostly Basic Python Problems
HotpotQA  Question Answering 200 800 F1 Multi-hop reasoning required
DROP Question Answering 200 800 F1 Discrete reasoning over paragraphs

Evaluation Metrics (standard metrics; computed with the AFlow harness). We adopt the canonical metrics used by
these benchmarks, and compute them using the same evaluation pipeline as AFlow. (Zhang et al., 2025d) For mathematical
reasoning (GSM8K, MATH), we report exact-match accuracy (a.k.a. solve rate) after answer extraction. GSM8K is evaluated
by extracting a final numeric answer from the model output and matching it to the ground truth (with a small numeric
tolerance to handle formatting). (Cobbe et al., 2021) For MATH, the benchmark is designed to be scored by exact match
after normalization of the final answer, and we follow the standard practice of extracting the final boxed answer and checking
equivalence (including symbolic checking for algebraic expressions when needed). (Hendrycks et al., 2021)

For code generation (HumanEval, MBPP), we report Pass@ 1, the standard unit-test-based functional correctness metric:
a solution is counted as correct if the first generated program passes all provided tests in a sandboxed environment. This
is the established evaluation protocol for HumanEval and widely used for MBPP-style program synthesis benchmarks.
(Chen et al., 2021; Austin et al., 2021) We apply code sanitization to extract the target function and run tests with timeouts,
matching the AFlow setup. (Zhang et al., 2025d)

For question answering (HotpotQA, DROP), we compute token-level F1 after standard text normalization (lowercasing,
article removal, punctuation stripping, and whitespace normalization). HotpotQA and DROP are commonly reported with
both EM and F1 in their official evaluations; following AFlow, we use F1 as the primary metric in our main tables. (Yang
et al., 2018; Dua et al., 2019; Zhang et al., 2025d)

Sampling Strategy. Following AFlow, validation instances are randomly sampled once and then held fixed across all
iterations, so that online rewards are comparable over time and across methods. (Zhang et al., 2025d) For MATH, we restrict
to Level 5 (the hardest subset) to obtain a challenging optimization target. Final evaluation is performed on the full held-out
test subset in Table 7.

D. LLM Prompt Templates

This section summarizes the core LLM prompt templates used in DAGO. We employ role-specialized prompts for: (i)
strategy discovery, (i) initial population generation, (iii) parent advantage summarization, and (iv) multi-parent fusion. To
make the optimization process robust, all generation prompts enforce a strict XML response schema that is machine-parseable
into workflow_code and prompt fields (Appendix E).

Prompt formatting (reproducibility). For readability, we present prompts using a consistent boxed style with syntax
highlighting.
D.1. Shared Constraints and Output Schema

All optimizer-facing prompts append a shared constraint block that (a) defines the required workflow interface, (b) documents
the operator return conventions, (c) specifies evaluator interface requirements (output format and parsing conventions), and
(d) enforces the XML output schema.
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Shared Constraints and Interface Specificat

=== CONSTRAINTS ===
Workflow: “class Workflow(__init__ (1lm), async __call__ (problem, *xkwargs)->str)"
CRITICAL - All operators return dict, MUST extract value:

Custom/CustomCodeGenerate/ScEnsemble -> “result['response']™ (str)
Programmer —> “result['output']® (str)
Test —-> “result|['solution']™ (str), “result['result']™ (bool)

WRONG: “result.split (), “for x in result® # result is dict, not str!
RIGHT: “result['response'].split (), “for x in result['response'].split('\n'")"
Inner prompts: Plain strings, NO ~{problem}  placeholders - input is auto-appended.

=== EVALUATOR INTERFACE ===
{evaluator_interface} # output format spec: answer extraction pattern, code conventions

=== QUTPUT FORMAT ===

<workflow_code>

import asyncio

import inner_prompt as inner_prompts

from dago_operators import Custom # add other operators as needed

class Workflow:
def __init__ (self, execution_llm):
self.llm = execution_llm
self.prompts = inner_prompts
self.custom = Custom(execution_1l1lm)

async def _ _call__ (self, problem: str, xxkwargs) -> str:
# For code tasks (HumanEval/MBPP): MUST extract and use entry_point!
# entry_point = kwargs.get ('entry_ point', '')

# instruction must be f-string: instruction=f"...function named '{entry point}'..."
result = await self.custom(input=problem, instruction=self.prompts.SOLVE_PROMPT)
return result['response'] # MUST extract from dict!

</workflow_code>

<prompt>

SOLVE_PROMPT = """Analyze and solve step by step. Output ONLY the final answer."""
</prompt>

Prompt names in <prompt> must match those used in workflow code.

D.2. Strategy Discovery Prompt

The strategy discovery prompt generates diverse workflow strategies for a given task type:

Strategy Discovery plate

Generate x*{num_strategies}*x structurally distinct LLM workflow strategies
for the x+{task_display_name}** benchmark.

*xContext+x: You are designing LLM-based workflows to solve problems from
the {task_display_name} dataset. Each strategy should describe how to
orchestrate LLM calls to solve these problems effectively.

**Requirementsx:

1. x+Topological Diversitys**: Strategies must differ in *xcontrol flowxx
(One-Shot vs. Linear Chain vs. Recursive/Loop) .

2. xxMechanism Fit*x: Address specific failure modes of this benchmark
(e.g., Code —> Test-Driven; Math -> Step-Verification).

3. *xSimplicity Firstx*: Default to the simplest effective flow.

**Output JSONx**:

[
"name": "Strategy Name",
"control_flow_type": "One-Shot|Linear|Recursive|Tree",
"core_approach": "Brief execution steps",
"task_adaptation": "Specific failure mode addressed"
"complexity_ profile": "low|medium|high"
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D.3. Initial Population Generation Prompt

Given a sampled strategy, DAGO prompts the optimizer LLM to generate an executable workflow and its internal prompt

set:
Initial Workflow Generation Template

Design a workflow for xx{task_typel}** using strategy: *x{strategy_choice}*x.

Workflow Design:

- Target 1-5 LLM calls (max 8 if truly needed)

— Each call must serve a distinct, necessary purpose

— Simpler workflows often perform better than complex ones

Inner Prompt Design (EQUALLY IMPORTANT) :

— Inner prompts determine output quality - design them carefully

— The ENDING of each prompt is critical - it controls output format
— Follow the output format in EVALUATOR INTERFACE

{shared_constraints} # includes operator docs + evaluator interface + XML schema

D.4. Parent Advantage Summarization Prompt

Before fusion, DAGO analyzes each parent workflow to extract strengths and weaknesses:

Parent Advantage Summarization Template

Analyze this workflow for xx{task_type}** (score: {score}).

Workflow Code:

T T “python
{workflow_code}
Inner Prompts:
*T“python

{inner_ prompts_code}

*xThree-Dimensional Analysisxx:

1. *xSTRUCTURE«**: How many LLM calls? What does each do?

2. *xINNER PROMPTS#*x: Quote the exact ending instruction of each prompt.
3. **EVALUATOR ALIGNMENT+*x: Will the output format be correctly parsed?

**Output YAMLx*x:

structure:
1lm_calls: N
flow: "linear|conditional|iterative"
each_call purpose: ["call 1 does X", "call 2 does Y"]

prompt_analysis:
final_prompt_ending: "Quote the last 1-2 sentences"
format_instruction_clear: yes|no
potential_ format_issues: ["issue 1", "issue 2"]
evaluator_alignment:
output_will_parse_correctly: yes|no|uncertain

risks: ["specific parsing risk 1"]
strengths:
- "what works and why"
weaknesses:
- what: "specific problem"
fix: "concrete fix suggestion"
severity: "low|medium|high"
fusion_guidance:
must_preserve: ["exact behavior to keep"]
safe_to_modify: ["what can be adjusted"]
dangerous_to_modify: ["do not touch these"]

D.5. Multi-Parent Fusion Prompt

The fusion prompt synthesizes a new workflow by combining strengths from multiple parents:
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Multi-Parent Fusion Template

Create a workflow for xx{task_type}** by improving the BEST parent.

*xParent Workflowsx* (sorted by score, highest first):
{parent_workflows_info}

=== MANDATORY FUSION PROTOCOL ===

x+Step 1: COPY the highest-scoring parent as your BASELINE=*x
— Your default output should be IDENTICAL to the best parent
— Do not "rewrite" or "improve" unless you have concrete evidence

*xStep 2: Review each parent's FULL analysis summaryx*x

— Understand structure (llm calls, flow), prompt_analysis, and evaluator_alignment
- Pay attention to “weaknesses® and "~fusion_guidance-

— Identify at most 2-3 SMALL, TARGETED changes that address documented issues

*xStep 3: For EACH proposed change, answer:*x

— [ ] What specific failure does this fix? (cite from parent analysis

— [ ] Could this break something that currently works?

- [ ] Is this change truly necessary, or am I adding complexity for no reason?
- If ANY answer is uncertain -> DO NOT make this change

*xStep 4: Inner Prompt Changes (CRITICAL) xx*

- If changing a prompt ending, quote BOTH the original and your new version
- Explain why the new wording better matches evaluator behavior

- The last 1-2 sentences of each prompt are the most important

=== CHANGE BUDGET ===
— x*xModificationsx*: Maximum 2-3 targeted changes
— x*xLLM callsx*: Keep similar to best parent (<=8 total); adding calls requires Jjustification

Types of allowed changes:

1. Fix format instruction - make prompt ending match evaluator expectations
2. Remove unnecessary complexity - delete redundant LLM calls

3. Fix documented bug - address specific weakness from parent analysis

Types of FORBIDDEN changes:

— Adding new verification steps "just to be safe"

- Rewriting prompts that already work well

— Changing control flow without evidence of improvement
— Adding complexity because it "sounds better"

=== EVALUATOR INTERFACE FOR {task_type} ===
{evaluator_interface} # output format requirements

{shared_constraints}

**OUTPUT**: Think through your changes first, then provide the XML output.

E. Extended Algorithm Details

This appendix provides implementation-level details that complement Section 4. We reuse the notation defined in Section 3:
at iteration ¢, DAGO maintains a workflow DAG G; = (V;, &;). Each node v € V; corresponds to an executable workflow
with validation score s(v) € [0, 1] and a fixed semantic embedding e(v) € R?. An arm (candidate fusion configuration)
is an ordered J-tuple of parent nodes ¢ = (vi,...,vs), and its contextual feature is constructed by concatenation
x(a) = [e(v1);...;e(vy)] € RP with p = Jd (Sections 3 and 4).

E.1. Softmax Temperature Sampling

DAGO proposes a candidate arm set .4; by temperature-annealed softmax sampling over the current node pool. The goal is
to (i) allocate more probability mass to high-performing workflows, while (ii) guaranteeing nonzero coverage to prevent
premature collapse.

Score-to-probability mapping. Let V; be the current node set with n, = [V;| and scores {s(v)},ey,. Given a temperature
7y > 0, we define unnormalized weights

w(v) = exp() , v €V, (13)
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and the corresponding softmax distribution

_ wi(v)
pt(v) - Zuevt wt(u) (]4)

(In practice, for numerical stability one may compute w;(v) = exp(($(v) — Smax)/7¢) With Spmax = max,ecy, s(u); this
does not change p;.)

Exploration floor and renormalization. To ensure persistent exploration, we apply a probability floor pyi, > 0 and
renormalize:

) = ma v ; pi(v) = Lv)
pt(’l)) = X(pt( )7pm1n)7 pt( ) Zuevt ﬁt(u)

(15)
The floor guarantees p;(v) > % > (0 for all nodes, so every workflow remains selectable as a parent throughout the
run.

Temperature annealing. We anneal temperature linearly over the total budget 7":

t
T = Tinit‘f'f(Tﬁnal_Tinit)y t=1,...,T, (16)

where typically Tinie > Thinal to €ncourage broad exploration early and more exploitative sampling later.

Candidate-arm construction. To build a candidate arm set A; of size M, we repeatedly sample J distinct parents without
replacement from V; according to p; and form an arm @ = (Vpny, - - - , U, ). If V| < J, we set J < |V for that round. To
impose consistent positional semantics for concatenation, we order the sampled parents by descending validation score (ties
may be broken deterministically, e.g., by node id). Optionally, we de-duplicate candidate arms by treating arms as sets for
duplicate checking (i.e., ignoring within-arm order only for uniqueness tests), which increases diversity in A;.

Algorithm 2 Candidate-arm proposal by annealed score sampling

Require: Workflow nodes V; with scores s(+); candidates M ; parents per arm .J; probability floor pyi,; temperatures
(Tinit, Thnal); total budget T
Ensure: Candidate arm set A;
1: 7¢ 4= Tinie + (Thnal — Tinit) * %

J < min(J, [Vy])

we(v) = exp(s(v)/7e), Pe(v) = we(v)/ 2, ep, we(u)

ﬁt('U) <~ max(pt(v)vpmm) ( ) (U)/ u€Vy pt( )

Ay 0

while |A;| < M do
Sample J distinct parents {v1,...,v;} ~ P without replacement
Order by score: a < (v(1), ..., v)) St s(veyy) > -+ > s(ve)
If a is new (optional de-duplication), add a to A;

end while

return A,

H
s N B AP AR A i

—

E.2. Linear UCB with Diagonal Approximation

DAGO formulates arm selection as a contextual linear bandit over the concatenated feature space. Let p = Jd and assume
the (surrogate) linear reward model

E[r | x;] = x/ 6, 0 c RP, (17)

where 7; € [0, 1] is the observed reward at iteration ¢ (the child workflow’s validation score; Section 4). Standard LinUCB
maintains a regularized covariance A € RP*? and b € RP, producing & = A~!b and selecting the arm that maximizes an
upper confidence bound. Since p = Jd is large in our setting, DAGO uses a diagonal approximation.
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Diagonal state. We store only the diagonal of the regularized covariance:
Ap = M, — ag = Al,, by = 0, (18)
where a; = diag(A¢) € RP and X\ > 0 is ridge regularization. The diagonal ridge estimate is computed element-wise:
0, = b, 0 ay, (19)

where @ denotes element-wise division.

UCB scoring under diagonal uncertainty. Given a candidate arm feature x € R?, we compute

) = xT00, o(x) = v/xTAx ~ v 0)
and select
a; € arg max (u(x(a)) + o(x(a)))7 (21)

where v > 0 controls exploration strength.
Online update. After executing summarization and fusion on the selected arm a; to obtain a child workflow, we evaluate
it on the validation split to get reward 7, € [0, 1], and update the diagonal statistics:

ap — a1+ X O Xy, bt < b1+ 1%y, (22)

where © is element-wise multiplication and x; = x(ay).

Algorithm 3 Diagonal Linear UCB (LinUCB) for arm selection and update

Require: Embedding dimension d; arm size J; feature dim p = Jd; exploration v; regularization A
1: Initialize: a < X-1,, b+ 0,
2: for each iteration ¢ do
3:  Construct candidate set A; (Appendix E.1)
0—boa {Diagonal ridge estimate}
for each arm a € A; with feature x = x(a) € R? do
p(a) <~ x76
ola) < vy/d h_ 22 /ak
UCB(a) + u(a) + o(a)
9:  end for
10:  Select a; « arg maxqe.4, UCB(a) and obtain reward r; € [0, 1] after fusion+evaluation
11 x¢ < x(at)
12: a < a+ x; ®x; {Update diag covariance}
13: b < b+ - x4 {Update reward-weighted features}
14: end for

A A

Complexity. The diagonal approximation reduces covariance storage from O(p?) to O(p) and avoids matrix inversion.
Per-iteration scoring over M candidates costs O(Mp) (dominated by dot products and diagonal uncertainty), and the online
update costs O(p). This makes LinUCB guidance practical under high-dimensional concatenated embeddings (p = Jd) and
small evaluation budgets.

E.3. Embedding and Arm Feature Construction

Node embedding. Each workflow node v; is associated with structural code C; and an internal prompt set P;. We obtain a
fixed embedding by encoding their textual concatenation:

e; = Enc(C; @ P;) € RY, (23)

where @ denotes string concatenation and Enc(-) is a pretrained embedding model. Since (C;, P;) is immutable once
inserted into the DAG, embeddings are computed once, cached, and reused across all subsequent iterations.
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Arm feature (concatenation). Given a candidate arm a,,, = (Up,, - . ., Um, ) Whose parents are ordered by descending
score (Appendix E.1), we form the LinUCB feature

Xm = [€my;-- ;€m,] € R7Y, (24)

This design preserves positional information: the first slot typically corresponds to the strongest parent, allowing the linear
model to learn asymmetric contributions across parent roles (e.g., a “base” parent vs. auxiliary parents). (Alternative
commutative aggregations, such as summation, remove such positional semantics but were not adopted in DAGO.)

E.4. LLM Interaction Protocol (Initial / Summarize / Fuse)

The LLM component is structured to minimize format errors and uncontrolled drift, while still enabling semantic recombi-
nation.

(i) Strategy discovery and initialization. DAGO first performs task-specific strategy discovery to obtain diverse high-
level workflow blueprints. It then generates an initial population of [V workflows consistent with the discovered strategies,
evaluates them to obtain s(v), computes embeddings, and inserts them into Gy.

(ii) Parent advantage summarization. Before fusion at iteration ¢, DAGO applies a dedicated summarization model to
each selected parent v; = (C;, P;) to extract concise, evaluator-aware guidance:

z; = Summarize(C;, Pj, s(v;)), (25)

where z; is a structured summary (e.g., key strengths, failure modes, and alignment risks) used as auxiliary evidence for
fusion.

(iii) Multi-parent fusion with constrained edits. Given the ordered parent set a; = (v1, . .., vy) and summaries {z; } 3]:1,

a fusion model generates a child workflow by starting from the best parent and applying a small number of justified, targeted
modifications:

(CnSW7PnCW) == FuSG({(Cj,Pj,S(Uj),Zj)}jzl) . (26)

The synthesized child is evaluated on the held-out validation split to produce r; = $(vnew) € [0, 1], which is then used to
update the bandit statistics (Appendix E.2). All optimizer-facing prompts follow a strict, machine-parseable output schema
so that Cpey and Py can be extracted deterministically; the concrete templates are listed in Appendix D.

E.5. End-to-end DAGO Optimization Loop

Algorithm 4 summarizes the complete DAGO optimization loop. Starting from an initial population, we maintain a
workflow DAG G, = (V;, &) where each node stores executable workflow code/prompts (C(v), P(v)), its validation score
s(v) € [0,1], and a cached embedding e(v) = Enc(C(v) @ P(v)). At each iteration ¢, DAGO (i) proposes M candidate
parent tuples (arms) by annealed softmax sampling over {s(v)} with a probability floor p,in, (ii) scores each arm using
diagonal LinUCB on the concatenated feature x(a) = [e(v1); .. .;e(vy,)] and selects the maximizer, (iii) summarizes each
selected parent via SummarizeLLM and fuses them into a child workflow via FuseLLM, and (iv) evaluates the child to
obtain reward 7, = Eval(Cyew, Prew ). inserts it into the DAG with edges from all parents, and updates the bandit statistics
with (x¢,7¢). This design couples score-guided exploration with uncertainty-aware arm selection, enabling systematic
multi-parent fusion while preserving acyclicity by always linking existing nodes to newly created descendants.
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Algorithm 4 DAGO: Bandit-guided multi-parent fusion over a workflow DAG (end-to-end)

Require: Dataset D (validation split) and evaluator Eval(:) € [0,1]; encoder Enc(-) — R% LLMs
{StrategyLLM, InitLLM, SummarizeLLM, FuseLLM}; budgets N, T, M, J; sampling pmin, (Tinit, Tna1); LINUCB
A V.

Ensure: Best node v* and G = (Vr, Er).

1: // (0) Strategy discovery
2: § « StrategyLLM(D)
3: // (1) Initialization: generate/evaluate initial population
4: Vo < 0, & < 0; cache H + 0
5. fork=1to N do
6: (Cr, Py) < InitLLM(D, S)
7: sg < Eval(Cy, Pr); t,  Ci @ Py
8: if tr g ‘H then H[tk] — Enc(tk)
9:  Add vy £ (Cy, P, sk, H[tx]) to Vo
10: end for
11: v* «— arg maxyey, $(v)
12: // (2) Initialize diagonal LinUCB in feature dim p = Jd
13: p<Jd;a<Al,;b <0,
14: // (3) Main optimization loop
15: fort =1to T do
160 Jy < min(J, [Vi—1]); 7 < Tinit + (Thinal — Tinit) =
17:  //(3.1) Candidate arms via annealed softmax sampling
18:  Compute P (-) from scores {s(v)}yey,_, using 74 and floor pmin (App. E.1)
19:  Propose Ay of size M by sampling J; distinct parents from p; and ordering each arm by descending score
20:  // (3.2) Diagonal LinUCB scoring and selection
2. @+ boa
22 foreach ay = (Vmy, .-+ VUm,, ) € Ar do
23: Xm < [€(Vm,); - - - 5€(vm,, )]
24: UCBm(*X;é+Z/1/ZkI72n,k/ak
25:  end for
26:  m* < argmax,, UCB,,; at < am+; X¢ ¢ Xpp*
27: [/ (3.3) Parent summarization
28:  for each v; € a; do
29: z; < SummarizeLLM(C(v;), P(v;), s(v;))
30:  end for
31: /[ (3.4) Multi-parent fusion
32: (Chews Prew) FuseLLM({(C(vj), P(v;), s(vj), zj)},uj@t)
33:  // (3.5) Evaluate, embed, and insert child
34: T < EV&I(CneW, Pnew); tnew — Cnew 5] Pnew
35:  if tpew ¢ H then H[tney] < Enc(tpey)
36:  Create Vnew = (Cnew, Prews Tt> H[tnew]); add vpey to Vs
37:  Add edges (vj — Unew) for all v; € a; to & if 1y > s(v*) then v* = Upey
38:  //(3.6) Diagonal LinUCB update
39: a <+ a+ x¢ O Xy; b(—b—f—?“tXt
40: end for

41: returnv*, Gr = (Vr,&7)
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F. Comprehensive Analysis of Discovered Workflows

This section presents a detailed case study of the optimal workflows discovered by DAGO across all six benchmark datasets,
with comparative analysis against AFlow where applicable. We analyze workflow structures, multi-parent fusion lineages,
emergent design patterns, and provide insights into why DAGO’s DAG-based optimization discovers more effective solutions.
Unless otherwise specified, all scores reported in this appendix correspond to the validation reward used during optimization
(averaged over three independent executions), rather than the final test-set results in Table 1.

F.1. Cross-Dataset Optimization Statistics
Table 8 summarizes the optimization trajectories across all benchmarks, revealing several important patterns about DAGO’s

search dynamics.

Table 8. Detailed DAGO optimization statistics per benchmark, including convergence analysis and multi-parent fusion characteristics.
Scores are validation rewards used during optimization (averaged over three independent executions).

Metric GSMS8K MATH HumanEval MBPP HotpotQA DROP
Total Iterations 28 27 25 25 30 30
Early Stopped Yes Yes Yes Yes No No
Total DAG Nodes 38 37 35 35 40 40
Total DAG Edges 140 135 125 125 150 150
Best Initial Score 95.8%  50.4% 87.9% 83.7% 77.2% 84.9%
Best Fusion Score 95.8%  55.7% 88.9% 86.0% 79.3% 84.0%
Relative Improvement +0.0% +10.5% +1.1% +2.7% +2.7% -1.1%
Best Fusion Node ID 11 15 12 23 29 25
Iteration Found 11 15 12 23 29 25
Parents of Best 5 5 5 5 5 5
Mean Fusion Reward 93.9%  49.6% 86.0% 78.4% 70.8% 77.5%
Fusion Reward Std Dev 1.0% 2.7% 2.3% 16.3% 12.0% 6.0%

Key Observations from Optimization Dynamics. Several important patterns emerge from Table §:

(1) Task-Dependent Convergence Behavior. Mathematical reasoning (GSM8K, MATH) and code generation (HumanEval,
MBPP) tasks triggered early stopping, indicating convergence to stable local optima within 25-28 iterations. In contrast,
question answering tasks (HotpotQA, DROP) ran the full 30 iterations without early stopping, suggesting a more complex
optimization landscape with continued exploration opportunities. This aligns with the higher fusion-reward variance
observed in these tasks (12.0% and 6.0% respectively).

(2) Consistent Multi-Parent Fusion. All best fusion workflows are produced by 5-parent fusion operations (J=5),
demonstrating that DAGO’s multi-parent mechanism is essential for combining complementary strengths from multiple
workflows. This contrasts sharply with AFlow’s single-parent mutation, which cannot systematically recombine modules
from multiple lineages.

(3) Fusion Timing Patterns. Best workflows were discovered at diverse iteration points (11-29), indicating that premature
convergence is not a concern. The bandit-guided exploration successfully balances exploitation of promising regions with
exploration of novel combinations.

F.2. Mathematical Reasoning: MATH Dataset

Best MATH Workflow (Node 15, Validation Score: 55.7%). The optimal MATH workflow emerged from 5-parent
fusion at iteration 15, combining nodes {1, 9, 2, 3,4} with scores {44.5%, 42.9%, 46.2%, 50.4%, 38.7%}. Notably, this
fusion surpassed all parents by a substantial margin (+5.3% over the best parent), demonstrating DAGO’s ability to synthesize
complementary problem-solving strategies.
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DAGO-discovered MATH workflow (node_15)

class Workflow:
async def _ call (self, problem: str, xxkwargs) > str:
# Step 1: Generate initial solution with detailed steps
initial = await self.custom(input=problem,
instruction=self.prompts.SOLVE_PROMPT)

# Step 2: Verify using Programmer operator
verify = await self.programmer (
problem=f"Verify: {initial['response']}",
analysis="Extract and verify numerical calculations")
# Step 3: Generate 2 alternative solutions
alts = []
for _ in range(2):
alt = await self.custom(input=problem,
instruction=self.prompts.ALT_SOLVE_PROMPT)
alts.append(alt['response'])

# Step 4: Ensemble for consistency

final = await self.sc_ensemble (
solutions=[initial['response']] + alts, problem=problem)

return final['response']

Associated Prompts. The workflow employs two carefully designed prompts that emerged through multi-parent fusion:

MATH workflow prompts (node_15)

SOLVE_PROMPT = """Solve this math problem step by step:

1. Break down the problem into clear steps

2. Show all work and calculations

3. Simplify expressions fully - ALWAYS use fractions (\frac{a}{b})
instead of decimals

4. Use proper mathematical notation (\sqgrt{}, \pi, etc.)

5. Keep integers as integers

6. Put final answer in \boxed{}, simplified. Use ONE \boxed{}."""

ALT_SOLVE_PROMPT = """Solve this math problem using a different

approach if possible:

1. Try an alternative solution method

2. Show complete work

3. Verify calculations

4. Simplify completely - ALWAYS use fractions (\frac{a}{b})
instead of decimals

5. Keep integers as integers

6. Put final answer in \boxed{}, simplified. Use ONE \boxed{}."""

Prompt Design Insights: The prompts explicitly enforce fraction notation over decimals, addressing a common failure
mode where LLMs output decimal approximations that fail exact-match evaluation. The dual-prompt strategy (primary
solve + alternative approach) encourages methodological diversity while maintaining consistent output formatting.

Multi-Parent Fusion Analysis. Examining the parent workflows reveals how fusion synthesized complementary strategies:

Node 1 (44.5%): Decomposition-based approach with problem breakdown and computational verification.
Node 9 (42.9%): Expert-style solving with programmatic verification and format post-processing.

Node 2 (46.2%): Multi-approach generation with iterative solution exploration.

Node 3 (50.4%): Solve-verify-ensemble with alternative solution generation (highest-scoring parent).
Node 4 (38.7%): Direct computational approach via Programmer operator.

The optimal workflow inherited the ensemble mechanism from Node 3, the computational verification from Nodes 1
and 9, and the multi-solution diversity strategy from Node 2. This combination enables robust error detection through
cross-validation while maintaining solution diversity.

Comparison with AFlow MATH Workflow. AFlow’s published MATH workflow employs a different strategy:
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AFlow MATH workflow (from published results)

# AFlow MATH: Programmer + 4x Custom refinement + ScEnsemble

prog = await Programmer (problem=problem)

customl = await Custom(input=problem, instruction=REFINE_PROMPT)
custom2 = await Custom(input=problem, instruction=DETAILED_PROMPT)
custom3 = await Custom(input=problem, instruction=ALT_PROMPT_ 1)
custom4 = await Custom(input=problem, instruction=ALT_PROMPT_2)
final = await ScEnsemble ([prog, customl, custom2, custom3, custom4])

Key Structural Differences:

—_

. Verification Integration: DAGO explicitly verifies the initial solution before generating alternatives, creating a feedback
loop. AFlow generates all solutions independently without cross-verification.

Solution Coupling: DAGO’s alternatives are generated after seeing the initial solution and verification result, enabling
informed diversity. AFlow’s solutions are generated in parallel without information sharing.

Computational Efficiency: DAGO uses 5 LLM calls (1 solve + 1 verify + 2 alternatives + 1 ensemble) vs. AFlow’s 6
calls (1 programmer + 4 custom + 1 ensemble), achieving better performance with fewer calls.

N

w

F.3. Mathematical Reasoning: GSM8K Dataset

Best GSMS8K Fusion Workflow (Node 11, Validation Score: 95.8%). GSMSK represents a case where the initial
population already achieved near-optimal performance (95.8%), and fusion successfully maintained this performance
through intelligent recombination. Node 11 emerged from parents {4, 1,0, 7,6} at iteration 11.

DAGO-discovered GSMSK workflow (node_11)

class Workflow:

async def _ call (self, problem: str, xxkwargs) —-> str:
# Multi-strategy parallel generation
direct = await self.custom(input=problem,

instruction=self.prompts.DIRECT_SOLVE) # Reasoning-based
math = await self.custom(input=problem,
instruction=self.prompts.MATH_SOLVE) # Mathematical approach
code = await self.programmer (problem=problem) # Programmatic

# Self-consistency ensemble
solutions = [direct['response'], math['response'],
code.get ('output', '')]
final = await self.sc_ensemble (solutions=solutions, problem=problem)
return final['response']

Associated Prompts. The workflow employs two complementary prompts targeting different reasoning styles:

GSMS8K workflow prompts (node_11)

DIRECT_SOLVE = """Solve this math word problem using clear logical
reasoning:

1. Read the problem carefully

2. Break down the key information

3. Solve step by step using plain language

4

5

. Double check your calculations
State ONLY the final numerical answer. No units, no words,
no punctuation. Just the number."""

MATH_SOLVE = """Solve this math word problem using mathematical

equations:

1. Identify the variables and unknowns

2. Write and solve equations

3. Show your work clearly

4. Verify your solution

5. State ONLY the final numerical answer. No units, no words,
no punctuation. Just the number."""
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Prompt Design Insights: The dual-prompt strategy exploits complementary reasoning modes: DIRECT_SOLVE encourages
intuitive step-by-step reasoning, while MATH_SOLVE promotes formal algebraic manipulation. Combined with the
Programmer operator’s computational verification, this creates a three-way ensemble that captures diverse solution paths.
The strict output format (“Just the number”) addresses GSM8K’s exact-match evaluation requirements.

Convergence Analysis. The tied scores between nodes 11 and 19 (both 95.8%) reveal an important pattern: multiple
structurally different workflows can achieve equivalent performance on well-structured mathematical reasoning tasks. This
suggests that GSM8K problems have clear solution paths that multiple reasonable strategies can exploit. The key insight
is that DAGO’s exploration discovered this equivalence class while maintaining diversity, whereas single-parent methods
might converge to a single solution path.

F.4. Code Generation: HumanEval Dataset

Best HumanEval Fusion Workflow (Node 12, Validation Score: 88.9%). The optimal HumanEval workflow emerged
from 5-parent fusion at iteration 12, combining nodes {9, 0, 7,8, 11}. This workflow introduces a sophisticated conditional
retry mechanism that distinguishes it from simpler approaches.

DAGO-discovered HumanEval workflow (node_12)

class Workflow:
async def _ call
entry_point

___(self, problem: str, *xkwargs) —> str:
= kwargs.get ('entry_point', '')
# 1. Fast path: try simple solution first
result = await self.code_gen (problem=problem,
entry_point=entry_point,
instruction=f"Function MUST be named '{entry_point}'. "
f"{self.prompts.INITIAL_SOLVE}")
test_result = await self.test (problem, result['response'], entry_point)

if test_result.get ('result', ''):

return test_result.get('solution', ''") # Early exit on success
# 2. Slow path: analyze failure and retry with diversity
analysis = await self.custom(

input=problem + "\n\nError in previous solution.",
instruction=self.prompts.ANALYZE_PROBLEM)

# 3. Generate multiple informed sc
solutions = []
for _ in range(3):
result = await self.code_gen (
problem=problem + "\n\nAnalysis: " + analysis['response'],
entry_point=entry_point,
instruction=f"Function MUST be named '{entry_point}'. "
f"{self.prompts.CAREFUL_SOLVE}")
solutions.append(result['response'])

# 4. Ensemble and final test

final = await self.ensemble (solutions=solutions, problem=problem)
test_result = await self.test (problem, final['response'], entry point)
return test_result.get ('solution', ''")

Associated Prompts. The workflow employs three prompts for different stages of the adaptive solving process:

HumanEval workflow prompts (node_12)

INITIAL _SOLVE = """Write a Python function that solves the given problem.
Key requirements:
— Return type MUST match docstring specification EXACTLY
(e.g. "Yes"/"No" vs True/False)
— Preserve original docstring exactly as given
— Handle all edge cases (empty input, negative numbers, =zeros)
- Include helper functions inside main function if needed
— Pre-loaded modules (no import needed): math, re, hashlib,
List, Dict, Tuple, Optional, Any

Output ONLY raw Python code starting with 'def'.
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Do NOT use code blocks. No markdown, no explanations."""
ANALYZE_PROBLEM = """Analyze the problem requirements and potential
edge cases:

1. What exact return type is required by the docstring?

2. What are the key input edge cases to handle?

3. What are potential algorithmic challenges?

Output ONLY the analysis points in clear, concise bullet points."""

CAREFUL_SOLVE = """Write a careful implementation considering the
analysis provided.
Requirements:
— Return type MUST match docstring specification EXACTLY
— Preserve original docstring exactly as given
- Handle ALL identified edge cases
— Pre-loaded modules (no import needed): math, re, hashlib,
List, Dict, Tuple, Optional, Any
— Optimize for correctness over cleverness
— Test your logic step by step

Output ONLY raw Python code starting with 'def'."""

Prompt Design Insights: The three-stage prompt design reflects the adaptive complexity pattern: INITIAL_SOLVE
attempts a direct solution, ANALYZE_PROBLEM performs failure diagnosis, and CAREFUL_SOLVE generates informed
retry attempts. The explicit emphasis on return type matching (“MUST match docstring specification EXACTLY ) addresses
a critical HumanEval failure mode where semantically correct solutions fail due to type mismatches (e.g., returning True
instead of "Yes™").

Emergent Design Pattern: Conditional Complexity. This workflow exhibits an emergent adaptive complexity pattern:
simple problems take the fast path (2 LLM calls), while complex problems trigger the full analysis-retry mechanism (7 LLM
calls). This pattern was not explicitly designed but emerged through multi-parent fusion—Node 9 contributed the early-exit
mechanism, while Node 11 contributed the analysis-based retry logic.

F.5. Code Generation: MBPP Dataset

Best MBPP Workflow (Node 23, Validation Score: 86.0%). The optimal MBPP workflow emerged from parents
{8,6,16, 13,11} at iteration 23, achieving 86.0% Pass@1.

DAGO-discovered MBPP workflow (node_23)

class Workflow:
async def _ call
entry_point

__ (self, problem: str, xxkwargs) —> str:
= kwargs.get ('entry point', ''")
# 1. Analyze problem into subtasks
analysis = await self.custom(
input=problem, instruction=self.prompts.ANALYZE_PROMPT)

# 2. Generate candidate implementations (guided by analysis)

solutions = []
for _ in range(3):
result = await self.code_gen/(

problem=analysis|['response'],
entry_point=entry_point,
instruction=f"Function name MUST be '{entry_point}"'.
"Output ONLY raw Python code starting with 'def'.")
solutions.append(result['response'])

ct a well-f

best = await self.ensemble (
solutions=solutions,
problem=f"Select the best solution that starts with 'def {entry_point}'. "

"Output raw Python code only.")

med best car

# 4. Test and refine up to 2 attempts

solution = best['response']

for _ in range(2):
test_result = await self.test (problem, solution, entry_point)
if test_result.get ('result', ''):
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return test_result.get('solution', ''")
solution = test_result.get ('solution', solution)
return solution

Associated Prompts. The MBPP workflow uses a structured analysis prompt that guides problem decomposition:

MBPP workflow prompt (node_23)

ANALYZE_PROMPT = """Break down this MBPP programming problem into clear subtasks:
1. First identify the input parameters and return type requirements

2. List the key algorithmic steps needed

3. Note any edge cases to handle

4. Identify any helper functions needed

Focus on Python implementation details and test case handling.
Provide your analysis as clear text that will guide implementation.
Do not include any code in this analysis step."""

Prompt Design Insights: The analysis prompt enforces an explicit decomposition (I/O requirements, algorithmic steps,
edge cases) before code synthesis. This shared analysis provides structured guidance for all candidate solutions, improving
robustness without eliminating implementation diversity.

Comparison with AFlow MBPP Workflow. AFlow’s published MBPP workflow uses a simpler generate-test-fix pattern:

AFlow MBPP workflow (from published results)

# AFlow MBPP: 3x CustomCodeGenerate + ScEnsemble + Test (+ Custom fix)
solutions = []
for _ in range(3):
sol = await CustomCodeGenerate (problem=problem, entry_point=entry_point,
instruction=CODE_GENERATE_PROMPT)
solutions.append(sol['response'])
best = await ScEnsemble (solutions=solutions, problem=problem)
test_result = await Test (problem=problem, solution=best|['response'l],
entry_point=entry_point)
if not test_result['result']:
fixed = await Custom(input=f"Problem: {problem}\nFailed solution: {best['response']}\nError:
s {test_result['solution']}",
instruction=FIX_ CODE_PROMPT)
return fixed['response']
return test_result['solution']

Key Differences:

* Problem Analysis: DAGO explicitly analyzes problems before code generation, providing semantic guidance. AFlow
generates code directly without structured analysis.

* Information Flow: DAGO shares a single analysis across all candidates by feeding it into each code-generation call,
enabling informed diversity.

* Repair Loop: DAGO performs up to two test-refine iterations using the Test operator feedback, whereas AFlow uses a
single test followed by a prompt-based fix when needed.

F.6. Question Answering: HotpotQA Dataset

Best HotpotQA Workflow (Node 29, Validation Score: 79.3%). HotpotQA presents unique challenges due to multi-hop
reasoning requirements. The optimal workflow emerged from parents {19, 16, 5,14, 27} at iteration 29.

DAGO-discovered HotpotQA workflow (node_29)

class Workflow:
async def _ call_(self, problem: str, =xxkwargs) —-> str:
# 1. Extract structured facts with multi-hop awareness
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facts = await self.custom(input=problem,
instruction=self.prompts.EXTRACT_FACTS)

# 2. Generate answer candidates using extracted facts
candidates = []
for _ in range(3):
answer = await self.custom(
input=f"{problem}\nExtracted Facts: {facts['response']}l",
instruction=self.prompts.GENERATE_ANSWER)
candidates.append (answer['response'])

# 3. Format-aware ensemble

final = await self.custom(input="\n".join(candidates),
instruction=self.prompts.ENSEMBLE_FORMAT)

return final['response']

Associated Prompts. The HotpotQA workflow employs three sophisticated prompts that address multi-hop reasoning and
format-sensitive evaluation:

HotpotQA workflow prompts (node_29)

EXTRACT_FACTS = """Extract only the most relevant facts from all
contexts that directly relate to answering the question.
CRITICAL: This is a multi-hop question requiring connecting facts
across passages.

Rules for extraction:

1. Copy EXACT words and phrases from the passages - do not
paraphrase or use synonyms

2. For numbers: Copy the exact format (word vs digit) as written
in the passage

3. Include facts needed for BOTH hops of reasoning

4. For yes/no questions: Include the exact facts that confirm/deny

Format: List key facts in bullet points, showing connections:
— First hop facts: [Facts needed for first reasoning step]

— Second hop facts: [Facts needed for second reasoning step]
— Connection: [How the facts link together]

Output ONLY the relevant facts and connections, no explanations."""

GENERATE_ANSWER = """Based on the extracted facts, determine the
precise answer.

CRITICAL RULES:

1. Use ONLY exact words copied from the passage - never use synonyms
2. Match number format exactly as written:

- If passage says "six", output "six" (not "6")

- If passage says "6", output "6" (not "six"

For yes/no questions: output only lowercase "yes" or "no"
Remove articles (a/an/the) unless part of proper name

Keep it brief - use only essential words (1-5 words maximum)
Never output full sentences or explanations

o U1 s W

Output ONLY the exact answer phrase from the passage (1-5 words)."""

ENSEMBLE_FORMAT = """Select the best answer from the candidates that
strictly follows these format rules:

1. Uses EXACT words from passage (no synonyms)

2. Matches number format from passage exactly

3. For yes/no: only lowercase "yes" or "no"

4. No articles (a/an/the) unless part of proper name

5. 1-5 words maximum, no sentences

CRITICAL: Score each candidate (0-10):

— Subtract 10 if number format doesn't match passage exactly
— Subtract 10 if it uses synonyms instead of exact words

- Subtract 10 if yes/no answer isn't lowercase

— Subtract 5 if it contains unnecessary articles

- Subtract 2 points per word beyond 5 words

Select the candidate with highest score.
Output ONLY the exact answer phrase (1-5 words)."""

Prompt Design Insights: This prompt suite represents the most sophisticated format-aware design discovered by DAGO.
The EXTRACT_FACTS prompt explicitly structures multi-hop reasoning with “First hop / Second hop / Connection” format.
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The GENERATE_ANSWER prompt includes concrete examples of number format matching (“six” vs “6”), addressing a
critical HotpotQA evaluation quirk. The ENSEMBLE_FORMAT prompt introduces a novel scoring rubric that guides the
LLM to evaluate candidates against format criteria, effectively implementing learned evaluation heuristics within the prompt
itself.

Comparison with AFlow HotpotQA Workflow. AFlow’s published HotpotQA workflow:

AFlow HotpotQA workflow (from published results)

# AFlow HotpotQA: 3x AnswerGenerate + ScEnsemble + Custom format
ansl = await AnswerGenerate (problem=problem)

ans2 = await AnswerGenerate (problem=problem)

ans3 = await AnswerGenerate (problem=problem)

best = await ScEnsemble ([ansl, ans2, ans3], problem=problem)

final = await Custom(input=best, instruction=FORMAT_PROMPT)

Key Insight: DAGO’s workflow introduces an explicit fact extraction step that addresses HotpotQA’s multi-hop nature.
This structural difference enables the model to reason about fact connections before answer generation, whereas AFlow’s
parallel generation lacks this grounded reasoning step.

F.7. Question Answering: DROP Dataset

Best DROP Fusion Workflow (Node 25, Validation Score: 84.0%). DROP requires discrete reasoning over paragraphs.
The optimal workflow emerged from parents {23, 14, 8,9, 17} at iteration 25.

DAGO-discovered DROP workflow (node_25)

class Workflow:

async def _ call_(self, problem: str, xxkwargs) -> str:
# 1. Identify question type (counting, comparison, arithmetic, etc.)
type_result = await self.custom(input=problem,

instruction=self.prompts.TYPE_PROMPT)
question_type = type_result|['response']

# 2. Type-aware solving

answer await self.custom(
input=f"{problem}\nQuestion Type: {question_typel}",
instruction=self.prompts.SOLVE_PROMPT)

# 3. Format answer according to DROP requirements

final = await self.custom(input=answer['response'],
instruction=self.prompts.FORMAT_PROMPT)

return final['response']

Associated Prompts. The DROP workflow employs three prompts implementing a type-aware solving pipeline:

DROP workflow prompts (node_25)

TYPE_PROMPT = """Identify the question type from the following
categories:

1. Numerical calculation (how many more/less, difference between)
2. Direct number extraction (how many, what number)

3. Text span extraction (who, what, where)

4. Date/time calculation

5. Counting entities

Output ONLY the category number (1-5)."""

SOLVE_PROMPT = """Answer the question based on the provided context
and question type.

Follow these rules:

1. For calculations: Show work, then give final number

2. For text spans: Extract exact words from passage

3. For counting: Count carefully and verify

4. For dates: Calculate precisely




Fusion is the New Mutation: Bandit-Guided Evolution on Workflow Graphs

5. If multiple valid answers exist, separate them with |

Output format: First show your work, then "ANSWER:" followed by
the answer."""

FORMAT_PROMPT = """Format the answer following these rules:

1. For numerical answers:
— Use only Arabic numerals (1, 2, 3)
— Remove all units and words
— For differences/comparisons, output only the final number
— If multiple valid numbers exist, separate with |

2. For text answers:
— Extract the exact span from passage
— Remove articles (the, a, an) unless part of proper name
- Remove trailing punctuation
- If multiple valid spans exist, separate with |

Examples of CORRECT format:
- Numbers: "3", "74.6", "12", "3|4"
— Text: "Timberwolves", "the Federales", "red car", "dog|cat"

Examples of INCORRECT format:
— Numbers: "Three", "74.6%", "3 years", "about 12"
— Text: "The Timberwolves", "Timberwolves.", "they won the game"

Output ONLY the answer. For numbers: Arabic numerals only.

For text: exact span from passage. No sentences, no units."""

Prompt Design Insights: The DROP prompts demonstrate the most explicit type-aware design pattern. The
TYPE_PROMPT creates a 5-way classification that routes to specialized solving strategies. The FORMAT_PROMPT
includes both positive and negative examples—a prompt engineering technique that emerged through fusion and signifi-
cantly improves format compliance. The explicit handling of multiple valid answers (“separate with |”’) addresses DROP’s
multi-answer evaluation protocol.

Emergent Question Typing. A notable discovery is the explicit question type classification step. The TYPE_PROMPT
categorizes questions into: counting, arithmetic, comparison, span extraction, and date/time reasoning. This type-aware
approach enables specialized solving strategies per question category, improving accuracy on DROP’s diverse question

types.

Interesting Observation: Initial vs. Fusion Performance. DROP is unique in that the best initial node (Node 9, 84.9%)
slightly outperforms the best fusion node (Node 25, 84.0%). This suggests that for some tasks, the initial diverse population
may already contain near-optimal solutions, and fusion primarily serves to maintain robust performance rather than discover
strictly superior workflows. Importantly, DAGO does not degrade performance through fusion—the optimization process
identifies and preserves high-performing patterns.

F.8. Cross-Task Pattern Analysis

Analyzing the six optimal workflows reveals several emergent design patterns that DAGO consistently discovered through
multi-parent fusion:

Table 9. Emergent workflow patterns discovered by DAGO across task types. v indicates pattern presence.

Pattern GSMS8K MATH HumanEval MBPP HotpotQA DROP
Multi-Solution Ensemble v v v v v -
Computational Verification v v v v - -
Conditional Retry - - v v - -
Explicit Problem Analysis - v v v v
Type-Aware Processing - - - N - v
Format-Aware Generation - v v v v v
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Pattern 1: Task-Appropriate Ensemble Sizes. Mathematical tasks (GSM8K, MATH) and code generation (HumanEval,
MBPP) benefit from 3-way ensembles, while question answering tasks show mixed results. This suggests that ensemble
diversity has diminishing returns when answer formats are highly constrained (as in DROP).

Pattern 2: Verification Operator Usage. The Programmer operator appears exclusively in mathematical reasoning
workflows, providing computational verification. Code generation tasks use the Test operator instead. Question answering
tasks eschew computational verification entirely, relying on prompt-based consistency checks.

Pattern 3: Conditional Complexity. Code generation tasks (HumanEval, MBPP) developed conditional retry mechanisms
that adapt workflow complexity to problem difficulty. This pattern did not emerge in other task types, suggesting it is specific
to tasks where quick feedback (test results) is available.

F.9. Multi-Parent Fusion Depth Analysis

To understand how multi-parent fusion contributes to workflow quality, we analyze the ancestral depth of optimal workflows:

Table 10. Ancestral analysis of best fusion workflows. Unique ancestors counts distinct nodes in the ancestral DAG.

Dataset Best Node Direct Parents Unique Ancestors Max Depth
GSMSK 11 5 5 1
MATH 15 5 5 1
HumanEval 12 5 7 2
MBPP 23 5 13 3
HotpotQA 29 5 21 7
DROP 25 5 18 7

Key Insight: Fusion Depth Reflects the Hierarchical Complexity of Optimal Workflow Structures. We observe
substantial variation in the structural depth of optimal workflows across tasks. For GSM8K, MATH, and HumanEval,
although the underlying tasks can be highly challenging (particularly MATH), their optimal workflows exhibit relatively
flat structures, primarily composed of parallel reasoning, verification, and ensemble components. As a result, their best
workflows have shallow ancestries (max depth < 2), and a small number of fusion generations is sufficient to recombine
key functional modules. In contrast, MBPP, HotpotQA, and DROP require workflows with pronounced hierarchical and
multi-stage structures, where intermediate abstractions—such as explicit problem analysis, fact extraction, or question type
identification—must be constructed before conditional solving and result aggregation. Such hierarchical compositions are
difficult to synthesize via a single fusion step, and instead benefit from multi-generation fusion, where intermediate modules
are progressively refined and recombined across successive evolutionary stages. These findings suggest that the primary role
of multi-parent fusion is not merely to accelerate search, but to enable the hierarchical evolution of workflow structures,
allowing complex reasoning programs to emerge through modular reuse and cross-generational composition.

G. Full Experimental Results

This section provides comprehensive experimental data supporting the main results presented in Section 5. We report
detailed iteration-by-iteration performance, optimization dynamics, and statistical analyses across all six benchmarks.

G.1. Optimization Summary

We summarize the key optimization outcomes across all six benchmarks. Four out of six datasets triggered early stopping
due to convergence, while HotpotQA and DROP required the full 30 iterations.

G.2. Detailed Optimization Statistics

Table 11 provides comprehensive statistics capturing the optimization dynamics for each benchmark.
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Table 11. DAGO optimization statistics per benchmark. Reward statistics computed over fusion nodes only.

Statistic GSMS8K MATH HumanEval MBPP HotpotQA DROP
Optimization Configuration

Total Iterations 28 27 25 25 30 30
Early Stopped Yes Yes Yes Yes No No
Stopping Trigger Patience Patience  Patience Patience Max Iter Max Iter
DAG Statistics

Total Nodes 38 37 35 35 40 40
Initial Nodes 10 10 10 10 10 10
Fusion Nodes 28 27 25 25 30 30
Total Edges 140 135 125 125 150 150
Leaf Nodes 11 9 6 11 11 7

Performance Statistics

Best Init Score 95.8%  50.4% 87.9% 83.7% 77.2% 84.9%
Best Fusion Score  95.8%  55.7% 88.9% 86.0% 79.3% 84.0%
Best Overall 95.8%  55.7% 88.9% 86.0% 79.3% 84.9%
A (Fusion - Init)  +0.0% +5.3% +1.0% +2.3% +2.1% —0.9%

Fusion Reward Distribution

Mean Reward 93.9%  49.6% 86.0% 78.4% 70.8% 77.5%
Std Dev 1.0% 2.7% 2.3% 16.3% 12.0% 6.0%
Min Reward 92.2%  43.4% 78.8% 0.0% 21.0% 59.0%
Max Reward 95.8%  55.7% 88.9% 86.0% 79.3% 84.0%

Early Stopping Effectiveness. Four of six benchmarks triggered early stopping (patience=5, min_delta=0.0001), demon-
strating that the optimization process efficiently identifies convergence. The earliest stops occur on HumanEval and MBPP
(iteration 25), followed by MATH (27) and GSMS8K (28). In contrast, HotpotQA and DROP required the full 30 iterations
(max-iteration budget), suggesting these tasks benefit from extended exploration due to their more complex reasoning and

format constraints.

Failure Mode Analysis. MBPP exhibits the highest variance (¢ = 16.3%) and contains one complete failure (Node
20, score=0.0%), driven by an over-aggressive output “sanitization” step that prepends def to non-de f outputs, often
producing invalid Python code for unit-test evaluation. HotpotQA also contains a 0.0-scoring initial workflow (Node 2) that
fails at runtime due to a missing prompt import. These outliers highlight the need for robust runtime and format checks in
LLM-based optimization. Importantly, the DAG structure isolates such failures, and their low rewards make them unlikely
to be selected as parents in later fusions.

G.3. Score Distribution Analysis

Table 12 presents detailed percentile analysis of workflow scores across all nodes.

Table 12. Score distribution percentiles across all nodes (initial + fusion).

Percentile GSMS8K MATH HumanEval MBPP HotpotQA DROP

Min (PO) 29.5%  38.7% 66.7% 0.0% 0.0% 34.6%
P25 92.8%  46.2% 84.8% 77.9% 69.2% 74.4%
Median (P50) 93.8%  48.7% 86.9% 81.0% 74.3% 79.0%
P75 94.3%  51.0% 87.9% 83.3% 75.3% 80.9%

Max (P100) 95.8%  55.7% 88.9% 86.0% 79.3% 84.9%
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Distribution Characteristics. GSMS8K shows a highly concentrated distribution (IQR=1.4%) with most workflows
performing near optimally, reflecting the task’s relatively straightforward nature. In contrast, MBPP and HotpotQA exhibit
heavy tails with rare near-zero outliers. For MBPP, this arises from a failed fusion workflow (Node 20), while for HotpotQA
it stems from an invalid initial workflow (Node 2); both amplify the lower tail while the bulk of nodes remain clustered in
the high-performance regime.

G .4. Best Workflow Ancestry Analysis

Table 13 provides detailed lineage information for each optimal workflow, tracing the contribution paths through the DAG.

Table 13. Ancestry analysis of best-performing workflows per benchmark.

Dataset Best Node  Parent IDs Parent Scores Unique Ancestors Max Depth
GSMSK 11 {4,1,0,7,6}  {95.8,83.3,94.7,94.3,94.3}% 5 1
MATH 15 {19,234}  {44.5,42.9,46.2,50.4,38.7}% 5 1
HumanEval 12 {9,0,7,8,11}  {87.9,87.9,87.9,87.9,86.9} % 7 2
MBPP 23 {8,6,16,13,11} {77.9,76.7,81.0,81.0,80.2} % 13 3
HotpotQA 29 {19,16,5,14,27} {75.1,75.3,74.5,73.3,74.9}% 21 7
DROP 25 {23,14,8,9,17} {79.3,78.5,34.6,84.9,75.6}% 18 7

Direct-Parent Workflow and Prompt Contributions. To make the lineage in Table 13 more actionable, we inspect the
direct parents of each best node and summarize the reusable modules and prompt constraints that are preserved in the child.

* GSMSK (Node 11 from {4,1,0,7,6}). The highest-scoring parent (Node 4) already implements a three-branch ensemble
(direct reasoning, equation-based reasoning, and a programmatic Programmer branch), followed by ScEnsemble.
The remaining parents contribute complementary “interface discipline”: explicit examples and strict “output-only-a-
number” constraints (Node 0/7), plus a verification-style prompt that forces a binary correctness judgment (Node 6). The
fused child retains the tri-branch ensemble structure while strengthening format constraints on the programmatic branch
and final selection prompt, reducing exact-match failures driven by stray units or punctuation.

* MATH (Node 15 from {1,9,2,3,4}). Parent workflows specialize along different dimensions: a solve—verify—multi-
solution-ensemble backbone (Node 3), multi-approach generation (Node 2), problem-type routing with strict fraction/] - |
formatting rules (Node 4), decomposition plus computational cross-checking (Node 1), and an explicit final answer
extractor that outputs only a single boxed expression (Node 9). The child workflow keeps the backbone from Node 3, but
imports the exactness constraints emphasized across Nodes 2/4/9 (e.g., enforcing fractions over decimals and a single [ - ),
and propagates these constraints into both the verification instruction and the prompts used for alternative solutions.

* HumanEval (Node 12 from {9,0,7,8,11}). The parent set decomposes into three recurring patterns: (i) a baseline
generate—test loop (Node 0), (ii) multi-solution generation with ScEnsemble before testing (Node 7), and (iii) test-
driven conditional retry with an explicit analysis step followed by three re-generations (Nodes 9 and 11). Node 8 adds an
explicit requirement-parsing step that distills edge cases and I/O constraints. The fused workflow adopts the conditional
retry structure (fast path with early exit; slow path with analysis-driven re-generation) while tightening prompt constraints
that are repeatedly highlighted by its parents, including strict ent ry_point naming and return-type/docstring fidelity
(“MUST match docstring specification EXACTLY”).

* MBPP (Node 23 from {8,6,16,13,11}). The parents span diverse code-synthesis heuristics: example retrieval as in-context

priming (Node 6), generate—test—select among candidates (Node 8), augmentation via synthesized unit tests (Node

11), iterative fix loops with early stopping and ensemble fallback (Node 13), and an analysis-first design where the

analysis itself is requested as executable code and then fed into generation (Node 16). The child retains the analysis-first

“shared guidance” idea and the multi-candidate strategy (Node 16/8), but relaxes the over-constrained ““analysis-as-code”

requirement into a plain-text decomposition while strengthening the code interface (raw Python starting with de f) and

adding a lightweight test-refine loop (two iterations), improving robustness without collapsing diversity.

HotpotQA (Node 29 from {19,16,5,14,27}). The parents represent increasingly format-aware QA pipelines: fact

extraction followed by three candidate answers and ensembling (Nodes 5/16), a learned scoring rubric for candidate

selection (Node 19 via ENSEMBLE_FORMAT), multi-stage refinement that explicitly corrects wording and formatting
after an initial answer (Node 14), and deterministic post-processing heuristics (Node 27; lowercasing yes/no and article
removal unless part of a proper name). The child workflow integrates these components by using an explicit multi-hop fact-
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extraction template (first hop/second hop/connection) and a rubric-based selector to penalize synonym/format violations,
effectively combining grounding with stringent evaluation-aligned formatting.

DROP (Node 25 from {23,14,8,9,17}). Node 9 contributes the core type-aware pipeline (question-type classification
— type-conditioned solving — formatting). Nodes 14/17/23 contribute progressively stricter formatting prompts with
positive/negative examples; Node 17 additionally introduces the | separator for multiple valid answers. Despite its
low score, Node 8 supplies a normalization-oriented prompt that explicitly strips units/punctuation and enforces Arabic
numerals, which is complementary to otherwise strong reasoning components. The fused child retains Node 9’s routing

structure but absorbs the strongest format-compliance constraints from Nodes 17 and 8, yielding a more robust formatting
stage that better matches DROP’s evaluation protocol.
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