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Abstract

Large Language Model-based Multi-Agent Systems (LLM-based MAS) have
shown remarkable success in solving complex tasks by coordinating specialized
agents through multi-step workflows. To overcome the high cost and specificity of
manually designed workflows, recent research has shifted toward learning them
automatically. However, a key limitation remains: while agent calls introduce
significant latency due to model inference time and service congestion, most auto-
mated methods optimize solely for downstream performance, ignoring execution
time (makespan). This issue is amplified when workflows are reused across re-
curring queries, making latency accumulate over time. This limits deployment in
recurrent applications such as Al customer support and Al cloud troubleshooting,
where users expect fast responses. To bridge this gap, we introduce a new problem,
termed latency-aware workflow generation, where the objective is to minimize
workflow makespan while aiming to retain downstream performance. We propose
LAWA (Latency-Aware Workflow OptimizAtion), a novel framework that reduces
makespan via theoretically grounded graph edits targeting critical-path bottlenecks.
By unifying a graph generator with this graph-editing procedure, LAWA supports
both de novo workflow generation and refinement of existing ones. Empirical
results across seven benchmarks demonstrate that LAWA significantly reduces
makespan while achieving competitive task performance, supporting efficient reuse
of multi-agent workflows for recurrent queries.

1 Introduction

Large Language Model-based Multi-Agent Systems (LLM-based MAS) have shown strong capa-
bilities in complex tasks such as code generation and reasoning by coordinating specialized agents
through structured, multi-step workflows [31, 12]. Meanwhile, manually designing such workflows
requires substantial effort and domain expertise, motivating recent research on automated workflow
generation [40, 16], which allows MAS to automatically customize its workflow for different tasks.

However, most prior workflow generation methods still optimize workflows primarily for down-
stream task performance, while largely overlooking execution time. This limitation is increasingly
problematic in LLM-based MAS, where each agent call can incur considerable latency due to model
inference and service congestion [5], and the overall execution time (makespan) of the workflow can
grow rapidly with increasing workflow depth [37]. For workflows repeatedly invoked for recurrent
queries, small per-query delays can accumulate into substantial latency costs. Such workloads arise
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in Al customer support, automated software engineering, and cloud troubleshooting [26, 12, 7],
where similar requests recur and users expect fast responses. Therefore, focusing solely on task
performance may lead to workflows that are impractical for real-world deployment. To bridge this
gap, we formally propose a new problem: latency-aware workflow generation, where the objective is
to minimize makespan while preserving task performance.

To solve this problem, we propose LAWA (Latency-Aware Workflow OptimizAtion), a theoretically
grounded framework for latency-aware workflow optimization, designed to reduce makespan with
monotonicity guarantees while preserving downstream task performance. LAWA is built on three
core components: First, we devise a workflow optimization engine that performs makespan-guided
beam search over graph edits with theoretical guarantees of monotonic makespan reduction. Second,
we train a Graph Evaluator that estimates downstream performance of candidate workflows and
guides edit selection toward edits that maintain downstream task performance. Third, we train a
Graph Generator that constructs initial chain workflows when no initial workflow is given, enabling
LAWA to generate new workflows from scratch. Empirical results across seven benchmarks confirm
that LAWA significantly reduces makespan while maintaining competitive task performance.

Our contributions are summarized as follows:

* New Problem: We define latency-aware workflow generation, where makespan is treated as a
primary optimization objective alongside task performance in time-sensitive multi-agent systems.

* New Theoretically Grounded Framework: We propose LAWA, a framework that applies theoret-
ically grounded graph editing operations, providing formal guarantees on makespan reduction.

» Empirical Validation: We conduct comprehensive experiments across seven benchmarks, demon-
strating that LAWA achieves significant makespan reduction compared to state-of-the-art baselines
while maintaining competitive task accuracy.

2 Problem Formulation

In this section, we formalize the problem of latency-aware workflow optimization. We first introduce
the notation for multi-agent workflows and the definition of workflow makespan, and then present
our optimization objective.

Notations. We model a multi-agent workflow as a directed acyclic graph (DAG), G = (V, A, t),
where V is the node set, A is the adjacency matrix, and t is the vector of node latencies. Each node
v € V represents a single agent call with execution time ¢; > 0. Different nodes may represent
repeated calls to the same agent at different steps. The binary adjacency matrix A € {0, 1}|V| <V
encodes directed information dependencies among agent calls: A;; = 1 indicates that the output of
node v; is provided as an input context to node v;. We also introduce two special nodes, v; and v,
denoting workflow entry and exit. The entry node v; has no incoming edges, the exit node v has no
outgoing edges, and every other node lies on at least one path from vy to vp.

Makespan Definition. Under full parallelism, each node starts immediately after all its predecessors
have completed, and the makespan T'(G) (i.e., end-to-end runtime of the workflow) is determined by
the critical path (i.e., the path from v; to vo with the maximum cumulative latency). Formally,

T(G)= max
PePg(vi,vo)
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where Pg(vr,vo) denotes the set of all paths from the entry node v; to the exit node vo in G. In the
main text, we only consider the above definition; an additional experiment with a limited number of
executors is reported in Appendix F.4.

Optimization Goal. We define the optimization objective for latency-aware workflows as:
mén T(G), st S(G) > S(Go), )

where S(G) denotes the downstream task performance of workflow G, and Gy is the initial graph
before modifications. The objective in Equation (2) minimizes the makespan 7'(G), while the
constraint enforces that the performance of the optimized workflow is no worse than that of the initial
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Figure 1: Overview of LAWA. Three main components of LAWA: (left) graph editing operations
including node permutation, parallel rewiring, and node removal; (middle) a structural optimization
engine that initializes a workflow, generates and ranks candidate graphs by makespan, and iteratively
selects valid modifications; and (right) the training pipelines for the graph generator and graph
evaluator based on empirical downstream task performance.

graph. In practice, the initial graph can be an existing workflow that meets performance requirements
but is latency-inefficient, or a generated initial workflow.

3 Method

3.1 Overview

In this section, we introduce LAWA, as shown in Figure 1, a latency-aware workflow generation
framework that constructs and optimizes multi-agent workflows through iterative graph modifica-
tions. At its core, LAWA defines a set of theoretically grounded graph modification operations
that characterize admissible structural changes for reducing makespan under workflow execution
constraints. Building on this formulation, LAWA consists of a structural optimization engine and
two learnable modules. The structural optimization engine performs a makespan-guided search by
iteratively applying valid graph modification operations to reduce workflow makespan. When no
initial graph is provided, LAWA includes a Graph Generator, which constructs initial workflows and
enables LAWA to operate in a de novo generation setting. To maintain downstream task performance
during structural optimization, LAWA trains a Graph Evaluator, which estimates downstream task
performance of candidate workflows and guides operation selection. In the following, we first intro-
duce the graph editing operations and their theoretical properties, then present the detailed iterative
structural optimization procedure, followed by the graph generator for workflow initialization and the
graph evaluator used in the structural optimization.

3.2 Basic Graph Editing Operations
We first define a set of graph editing operations that increase parallelism, remove redundant agents,
and reorder agent execution, respectively.

Definition 3.1 (Parallel Rewiring). Given two nodes ¢ and j with A;; > 0, the parallel rewiring
operation removes the dependency from 7 to j and merges their outgoing and incoming edges to
increase potential parallelism. Formally, we define the operator ParallelRewire(G, i, j) as:

Ai; < 0; Ay« 1forallkthat A;y =1; Ay; < 1forallkthat Ay; =1 3)

Definition 3.2 (Node Removal). The node removal operation eliminates a non-terminal node k €
V \ {vr,v0} from the workflow while preserving connectivity by linking its predecessors and



successors. Formally, we define the operator RemoveNode(G, k) as:

A;; <1 forall (4,j)that Ajy = land Ay, =1 4)
A, < 0 forallithat A, =1 (@)
Apj <0 foralljthat Ay; =1. 6)

Definition 3.3 (Node Permutation). Let o : VV — V be a permutation over the node set. We define
the induced permutation operator II,, acting on adjacency matrix A as

(H<7<A))a(u),o(u) = A,, Yuve, @)
which reorders nodes in the workflow.

The proposed graph operations are designed to satisfy three requirements. First, the operations
preserve workflow connectivity. Second, the operations monotonically reduce workflow makespan.
Finally, under a suitable node ordering, the operator set is expressive enough to transform a chain
into any transitively reduced DAG considered in our formulation. The following theorems establish
these guarantees.

Theorem 3.4 (Reachability). Let u ~~g v denote that there exists a directed path from u to v in G.
Let G’ denote the graph obtained from G after applying one of the operations: (i) Node Removal.
Letk € V \ {vr,vo} be a removed node. Then,

Vu,v € V\{k}, u~guv <= u~g . (8)
(ii) Parallel Rewiring. Let (4, j) be the rewired edge. Then,

Yu,v € V\{i,j}, u~gv <= u~qg . 9)

Proof is presented in Appendix A.1.

Theorem 3.5 (Non-increasing Makespan). Let G = (V, A, t) be a workflow DAG. Let G’ denote the
graph obtained from G by applying either the Node Removal operation to a node k € V \ {vr,vo}
or the Parallel Rewiring operation to an existing edge (i, j). Then T(G") < T(G).

Proof is presented in Appendix A.2.

Theorem 3.6 (Completeness). Let Gepain be an arbitrary chain DAG over all nodes in V with
adjacency matrix A pqin. For any target DAG G* = (V, A*) that is transitively reduced, there exist a
node permutation o and a finite operation sequence O consisting only of Parallel Rewiring and Node
Removal such that O(I1, (Acain)) = A*.

Proof is presented in Appendix A.3.

Together, Theorems 3.4 and 3.5 motivate Parallel Rewiring and Node Removal as graph-modification
operators that preserve workflow connectivity and do not increase makespan. Theorem 3.6 further
indicates that the edit operators are expressive enough, in principle, to transform a chain into any
transitively reduced DAG under a suitable node ordering, and the Graph Generator (Section 3.4) is
designed to learn initial chain workflows with such suitable node orderings.

3.3 Latency-Aware Structural Optimization

Based on the graph editing operations defined above, we now describe the procedure for latency-aware
structural optimization in LAWA, which operates in two stages.

Workflow Initialization. LAWA initializes workflows in two ways: it either refines an existing
workflow graph, or constructs an initial graph using the Graph Generator when no prior structure
is available. The Graph Generator produces chain-structured graphs, motivated by the expressivity
result in Theorem 3.6. These two modes allow LAWA to function both as a plug-in optimizer for
existing workflows and as a de novo workflow generator.

Iterative Structural Optimization. In the second stage, LAWA refines workflow structure via a
guided beam search to reduce makespan (Algorithm 1). Before the search, we first estimate node
latencies t;, by calibration runs (e.g., each agent’s P95 response time on a calibration set). At each



Algorithm 1 Latency-Aware Structural Optimization

Input: Optional initial graph G, beam size B, max iterations K.
1: Initialize pretrained Graph Generator G, and pretrained Graph Evaluator Se
2: Set Go + Q¢() ifGo =9
3: Initialize candidate set C <— {Go}
4: for k =1to K do
5. forall G € Cdo
6: Construct candidates by Node Removal: C < C U {RemoveNode(G,u) | v € V(G) \ {vr,vo}}
7
8

Compute R™" by Equation (15)
for all edge (u, v) with R;,") >0 do

9: Construct candidates by Parallel rewiring: C <— C U {ParallelRewire(G, u, v)}
10: end for
11:  end for

12:  Performance-Based filtering: C <+ {G’ € C | So(G’) > Sp(Go)}
13:  Candidate update by runtime-first ranking: C <— Top-Br(.y(C)
14: end for
15: Select final solution: G* <— arg min (7(G))
Gec

Output: Optimized workflow G*.

beam-search iteration, LAWA follows a three-stage procedure. First, for each workflow G € C,
LAWA generates new candidates by applying one step of Node Removal or Parallel Rewiring. Node
Removal is applied to every non-terminal node in G excluding vy and vo. For Parallel Rewiring, to
reduce the number of candidates, we apply it only to edges (u, v) with R, > 0, where R}"] is the
approximate change in downstream task performance induced by rewiring (u, v). Parallel Rewiring
is disallowed for node pairs invoking the same agent, as such nodes cannot be executed in parallel in
reality. Second, LAWA evaluates each candidate workflow G’ € C using a Graph Evaluator Sy(-) and
retains only those satisfying the baseline performance constraint Sg(G’) > Sp(Gy). Finally, LAWA
keeps the Top-B retained workflows with the smallest makespan T'(G) as the candidate set C for the
next iteration. To avoid repeatedly executing candidate workflows, the Graph Evaluator is used to

predict downstream task performance; R;") is computed from its gradient information.

3.4 Graph Generator for Initialization

The Graph Generator provides an initial chain-structured workflow when no prior structure is available.
For each agent node u, we first construct an embedding e,, by encoding the agent role and system
prompt with a frozen Sentence-BERT encoder. We formulate workflow initialization as an auto-
regressive sequence generation problem, where each token corresponds to the agent embedding e,,,
and the model predicts the next token (agent) a; according to current sequence a¢, producing an
ordered agent sequence that defines a chain workflow.

Graph Generator Architecture. The Graph Generator adopts a transformer encoder R4 for
auto-regressive sequence generation. Given a partial agent sequence a;, the encoder produces a
contextual hidden representation h, = Ry(a<;) € R?. The model predicts the next agent a; by
computing a similarity-based distribution between h, and the agent embedding matrix E:

h,-ET
P¢(at | a<t) = Softmax T y (10)
During generation, the entry node is used as the initial token, and generation terminates when the exit
node is produced.

Graph Generator Training. We train R4 using a two-stage strategy consisting of supervised
pre-training and preference alignment. We use a graph dataset D = {(G, s(G))}, where s(G) is the
empirical performance of workflow G evaluated on the held-out training set for the corresponding
task. From D, we retain highest-scoring graphs Dygp, for supervised learning. For each G € Dyjg,

we sample sequences y = (a1, ..., ar) such that for any indices 1 < i < j < L, the corresponding
node of a; in G is not reachable from that of a;, and minimize the negative log-likelihood:
L
Lser() = —Eynpyy Y 10g Pylar | acy). (11)

t=1



To further align generation with workflow performance, we also apply DPO. Preference pairs (yu,, ¥1)
are constructed from graph G.,,, G; € D with s(G,,) > s(G)), and R, is trained using the DPO loss:

Loro(¢) = —E(y,, ) [1oga(ﬂ log m ~Plog g(bf((?jl))):l 7 (12)

where Py is the frozen SFT model and 3 controls deviation from the reference policy.

3.5 Graph Evaluator for Performance Prediction

The Graph Evaluator is a supervised model that maps a workflow graph G to a scalar score Sp(G) € R
to estimate the downstream task performance. As only the relative performance of the workflow
matters, we train it using preference ranking instead of regression.

Graph Evaluator Architecture. We implement the Graph Evaluator Sy as a graph neural network
(GNN) over the workflow DAG. Each node w € V is initialized with the agent embedding e,, defined
in Section 3.4. The node embeddings are propagated through GNN message-passing layers and then
pooled to obtain a graph-level representation, which is mapped to a scalar score by an MLP head:

Sp(G) = MLP (Pool (GNN(A, {e, }))) - (13)

Graph Evaluator Training. We train the Graph Evaluator using a preference-based objective.
Specifically, we reuse the graph dataset D defined in Section 3.4. From D, we construct preference
pairs (G, G;) such that s(G,,) > s(G;). We then train the Graph Evaluator Sy using a pairwise
preference objective inspired by Direct Preference Optimization (DPO) [23], which encourages
higher scores for preferred workflows:

Lpairwise = —log U(/B(ATI' - Aref)) ) (14)

where o(-) is the sigmoid function; 8 € R is a hyperparameter; A, = Sp(G.,,) — Sp(G)) denotes
the predicted score difference; and A is provided by a reference model (e.g., current best model on
the validation set).

Gradient-Based Approximation for Edge Editing. To filter out rewiring operations that are
unlikely to improve downstream task performance, we approximate the performance change of
Parallel Rewiring using first-order gradients of the Graph Evaluator with respect to the workflow
adjacency matrix A. Let I' = 0Sy/0A denote the gradient of the Graph Evaluator with respect to
A.. For each potential rewiring (3, j), the induced score change is approximated by the matrix inner
product (', AA), where A A represents the change of A after the rewiring. The score change of all
edges can be approximated by:

R"=-H + HAT + ATH, (15)

where H=T 0O A, H=To6 (1 = A), ® denotes the Hadamard product, and Rgf}’-" represents the
estimated score change of rewiring edge (¢, j). The derivations are provided in Appendix B.

We further provide a theoretical analysis of a perturbed Graph Evaluator in Appendix E, showing that
LAWA can still preserve performance with high probability under mild evaluator decision errors.

4 Experiments

In this section, we conduct extensive experiments to evaluate LAWA through four research questions.
(RQ1) How does LAWA, as a workflow generation framework, compare to prior methods in gener-
ating workflows? (RQ2) Can LAWA, when used as a plug-in module, reduce workflow makespan
while preserving performance? (RQ3) How robust is LAWA when Graph Evaluator decisions are
inaccurate or perturbed? (RQ4) How do the individual components of LAWA contribute to its latency
and performance? Additional experiments are provided in Appendix F.



Table 1: Real wall-clock makespan (Seconds/) per query on 7 benchmarks. All methods are evaluated
using agents powered by Qwen3-30B-A3B-Instruct-2507 with different roles. Each method is tested three
times and results are mean+q. The first and second best entries in each column are highlighted. LAWA
achieves the lowest makespan on six of seven benchmarks and the best average rank.

Method MBPP HumanEval AQuA GSMSK MATHS500 SVAMP MMLU | Avg. Rank
Rand. Graph 16.92l1_5;g 19.80;]_48 24.16L()‘42 17-13L1.24 26.33l1_41 17.24;1_12 18.47L“_4;; 8.86
Rand. Chain 22.67+1.50 22.2610.04 31.341965 27.9010.08 36.86+0.29 23541005 24.0640.22 10.57
3-Round Disc.  17.52:284  15.0810.71  17.0d1061  15.0640.10  21.0410.04  13.6010.76  13.9340.13 7.29
DyLAN 11.4Gi1_;;4 11.29 £0.08 13.65i1_10 8.09 40.19 16.631[]_23 9.381(“31 9.111[].26 3.14
G-Designer 25.274175  24.014108 155641026  9.741055  21.341946  23.471408 25324043 9.43
AgentDropout  13.925 54 14.24 13 73 13.854042 9.57+0.05 21541758 16.721050 17.311401 6.14
AgentPrune 201840051 18282101 14561015 9202005  1925:015 18752000 19.01-1 4 7.29
BiRouter 13541085 17401351 14191015  9.9541.12 18641120 8931054 12171167 5.57
AFlow 10.244079 14494086 15534107 9.51i057 18.5511.03  8.631081  11.00.;.29 4.43
LAMaS 882 . 11.87ii4 992, S878.. 1185, . 812, . 839, | 214
LAWA 884 ., 1126 ., 98 .. 730, 1180 ., 618 . 786 . ‘ 1.14

Table 2: Comparison of task performance (Accuracy?) on 7 Benchmarks. All methods are evaluated using
agents powered by Qwen3-30B-A3B-Instruct-2507 with different roles. Each method is tested three times
and results are mean+qq. The first and second best entries in each column are bolded with colors. LAWA
maintains comparable or superior accuracy to the baselines, achieving the best average rank.

Method MBPP HumanEval AQuA GSMSK MATHS500 SVAMP MMLU | Avg. Rank
Rand. Graph 63.94. (.49 92.07 45,99 80.584067  93.23.020  66.5310.41 93.6710.62 65.3344.04 7.36
Rand. Chain 64.070.75 91.6710.76 80.3140.64 9391115 66.47 10 57 93.3010.37  64.11:540 8.00
3-Round Disc.  64.33.1 12 92.89.1¢.76 72.57 1008 94.77 9.01 63.80102s 9427 . ,4  65.661029 6.64
DyLAN 64.7241 02 9329 ., 4, 80.Tlio.96 95804025  65.8710.41 93.671024  68.0310.09 4.79
G-Designer 63.8141.10 89.84.1( 76 76.77 1179 94162033  66.1311 09 94.20.0.29 67.7140.17 7.71
AgentDropout  64.59; o1 91.06.45 94 80.8411 30 93.58.0.83  66.4710.09 93.2710.65 65.9745.15 7.07
AgentPrune 64.46 10 66 90.4515 54 79.13 1336 94.0610.43 67.33 Lo.77 94.20L0.57 72124566 5.64
BiRouter 63.8140.54 92.48 1076 82.1541.94 95.05.008  66.73103s 93.9011.00  65.0940.64 5.93
AFlow 6524 ., 9370 .. 8320 ., 9606 .. 66801009 92.1310.83 76.04 . . 3.14
LAMaS 64.98. (. 39 91.67+0.95 79.5345.05 92124114 65.331167 92.701517  66.9911 71 7.93
LAWA 66.28 .. 92.8041 04 8346 .. 9603 . 6700 .. 9423 . 7777 . 1.79

4.1 Experimental Setup

Benchmarks. We conduct evaluations across seven benchmarks spanning three domains. The code
generation domain includes MBPP and HumanEval [3, 6]. The mathematical reasoning domain
includes GSM8K, MATHS500, SVAMP, and AQuA [8, 11, 21, 17]. The general knowledge domain is
evaluated using MMLU [10]. For each benchmark, we reserve a small subset of samples for training
the proposed method and baselines, and hold them out from evaluation (see Appendix C).

Baselines. We compare LAWA against state-of-the-art dynamic multi-agent frameworks, including
DyLAN [18], G-Designer [39], AgentDropout [27], AgentPrune [38], and BiRouter [32], as
well as the accuracy-oriented workflow generator AFlow [40], and the latency-aware framework
LAMasS [25]. In addition, we include three basic workflow topologies: (1) Random Chain, which
randomly permutes all available agents into a sequential structure; (2) Random Graph, which
constructs a directed acyclic graph (DAG) using all agents, where edges are sampled with probability
p = 0.5 while enforcing acyclicity; and (3) 3-Round Discussion, which simulates a round-table
discussion where all agents execute in parallel for three rounds, with the full context of the previous
round broadcast to all agents in the subsequent round.

Agent Backbones. For a fair comparison, all methods use the same pool of agents built on
Qwen3-30B-A3B-Instruct-2507 [30]. Each agent is configured with different roles and function-
alities. Across task domains, each method can access 8 candidate agents for coding, 10 for general
knowledge, and 11 for mathematical reasoning. Additional details are provided in Appendix C.

Wall-Clock Makespan Measurement. We report real end-to-end wall-clock makespan per query
under the same computational budget; detailed settings are provided in Appendix C. For LAWA, the
ti used during optimization is estimated as each agent’s P95 response time on training-set queries.
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Figure 2: Visualization of Workflow Topology and Execution Gantt Chart. We visualize the workflow of
three representative methods on one MBPP task. The top row shows the workflow graphs where red arrows denote
the critical path, with the wall-clock latency labeled on each node. The bottom row shows the corresponding
Gantt charts, with red-outlined blocks highlighting critical path tasks. LAWA generates the workflow with the
shortest critical path to achieve maximal parallel execution and the shortest makespan.

4.2 RQI1: LAWA as a Workflow Generator

We first evaluate the effectiveness of LAWA as a workflow generator by comparing it with prior
methods in terms of both execution efficiency and downstream task performance. In this setting,
LAWA uses the Graph Generator to initialize workflows. To mitigate randomness, we execute all
methods across 3 independent runs and report average results.

Makespan Analysis. Table 1 reports real wall-clock makespan of generated workflows across
seven benchmarks. LAWA is the fastest method on six of seven benchmarks and is only 0.02s slower
than LAMaS on MBPP, while outperforming LAMaS in task accuracy on all seven benchmarks
(Table 2). LAWA is also efficient to obtain: since the search operates on graph structures without
executing agents, its one-time search and evaluator-training cost is recovered within a few recurrent
executions, and even with graph-dataset construction included, the full pipeline remains substantially
faster than the on-policy AgentDropout (Appendix F.2).

To intuitively demonstrate why LAWA achieves lower makespan, Figure 2 visualizes three example
workflow topologies and corresponding Gantt charts produced by representative methods on the
MBPP benchmark. DyLAN adopts a layered, neural-network-like execution pattern that enables
high parallelism within each round but enforces strict inter-round synchronization. This causes each
round to wait for the slowest agent in the previous layer, leading to higher overall makespan. Another
baseline, AgentPrune, simplifies workflows by pruning nodes and edges but does not explicitly target
critical-path bottlenecks, often leaving a long critical path that dominates end-to-end makespan. In
contrast, LAWA produces workflows with shorter critical paths. We include a case study on how
LAWA reduces the critical path in Appendix D.

Performance Analysis. Table 2 summarizes task performance across all benchmarks. Despite
aggressively optimizing workflow topology for makespan reduction, LAWA consistently maintains
comparable or superior accuracy to the state-of-the-art baselines, achieving the best average rank
among all methods, including the strong accuracy-oriented AFlow. These results show that, as a
workflow generation method, LAWA can produce workflow graphs that achieve both low makespan
and strong downstream performance. We also report total token consumption in Appendix F.1, where
LAWA still remains token-efficient, and results with the frontier model Kimi-K2.6 in Appendix F.3.



Table 3: LAWA as a Plug-in Module. We apply LAWA to the workflow graphs generated by four baseline
methods and report the resulting changes in accuracy and makespan (mean.qq) relative to the original baseline
performance. LAWA consistently compresses the makespan of these diverse initial workflows with non-negative
mean accuracy changes in the reported runs, validating its role as a flexible plug-in module.

Dataset Random Graph Random Chain AgentPrune AgentDropout
Acc (%) Makespan (s) Acc (%) Makespan (s) Acc (%) Makespan (s) Acc (%) Makespan (s)

HumanEval  +1.63+5 53 -4.4040.97 +0.20+0.57 =7.61+0.04 +1.4241.88 -2.79+0.46 +0.81+2.35 -2.1941 56
MBPP +0.2610.49 -5.3941.49 +0.39+£0.84 -6.86+0.06 +0.9141.20 -2.4140.72 +0.13+1.63 -2.75.10.73
AQuA +0.5240.74 -4.9241.59 +0.5240.19 -8.050.11 +1.8415.17 -3.65+£0.06 +0.79+1.06 -3.2140.12
GSM8K +0.25.40.25 -6.1611 33 +0.08+1.07 -8.17+0.01 +0.08.40.75 -3.0640.43 +1.2641.06 -2.7840.24
MATH500  +0.47+157  -6.635057  +047T057  -8.66:016  +0.072000  -3.35042  +0.132050  -3.71-013
SVAMP +1.23+0.78 -5.5341.43 +0.0340.21 -8.17+0.01 +0.03+1.01 -3.7040.33 +0.63+0.69 -2.9240.73
MMLU +1.9445 88 -4.61 1033 +3.2613.57 -8.6240.20 +0.02+1.10 -3.1440.13 +0.1145.74 -3.4810.58

Table 4: RQ3: Robustness under evaluator perturbations. We flip the evaluator’s keep/reject decision with
probability «, and report the task accuracy (%) of the generated workflows as mean 4. Performance remains
close to the unperturbed setting for small flip rates (o < 0.2).

Dataset a=0.00 a=0.10 a=0.20

HumanEval 92.89l1 .04 92-481(].35 91.67l1 53
MBPP 66.28 037 66.281059 65.761067
AQuA 83.4610.85 83.3410.82 82.834i138

MATHS500  67.004085 66.731031 65.8740.23

Table 5: RQ4: Component ablations. Changes in accuracy (%) and makespan (s) relative to full LAWA.
Removing any component reduces accuracy on all three benchmarks.

AQuA SVAMP MMLU
Ablation AAcc. ATime AAce. ATime AAcc. ATime
w/o Node Removal —0.65 +1.96 —-4.71 +830 —-3.36 +15.92
w/o Parallel Rewiring —0.78 +1.64 —4.45 +497 —-2.25 +418.67
w/o SFT -2.75 —-196 —-0.68 +2.37 —1.66 +5.51
w/o DPO -3.41 +7.26 —-3.40 —-0.36 —6.81 +13.08

4.3 RQ2: LAWA as a Plug-in Module

We further evaluate LAWA as a plug-in structural optimizer by applying it to workflows generated by
different baseline methods, without modifying their original generation procedures. Specifically, we
extract the workflow graphs produced by each baseline and use each graph as the initialization for
LAWA. To mitigate randomness, each baseline is executed three times, and we report the average
changes in performance and makespan before and after applying LAWA.

As shown in Table 3, LAWA consistently reduces the makespan of workflows produced by all
baseline methods while showing no systematic degradation in mean task performance in the reported
settings. This suggests that the proposed graph modification operators can compress makespan with
limited impact on downstream accuracy. Notably, these gains are observed across diverse initial
topologies, including both chain-structured and general DAG workflows. This indicates that LAWA’s
optimization behavior does not rely on chain-structured initialization. Overall, the results demonstrate
that LAWA can serve as a flexible plug-in module for latency-aware workflow optimization.

4.4 RQ3: Robustness under Inaccurate or Perturbed Evaluator Decisions

To evaluate robustness under an imperfect evaluator, we flip the evaluator’s keep/reject decision
with probability « at the filtering step in Algorithm 1 (line 12) for each candidate graph during
optimization and report final task performance under small perturbation rates o € {0.0,0.1,0.2}. As
shown in Table 4, LAWA remains stable under mild evaluator perturbations, with performance close
to the unperturbed setting for o < 0.2. These results suggest that occasional evaluator mistakes have
limited impact on final performance under mild perturbations.



4.5 RQ4: Component Ablations

To isolate the sources of LAWA’s latency and performance gains, we ablate the two graph-editing
operations and the two training stages of the Graph Generator, and report the resulting changes
relative to full LAWA in Table 5. Removing either Node Removal or Parallel Rewiring restricts
the optimizer to a single type of edit; the resulting optimization terminates earlier and yields longer
makespans. Both ablations also reduce accuracy on all three benchmarks, as the available structures
are more limited. For Graph Generator training, removing either SFT or DPO reduces accuracy on all
three benchmarks, with consistently larger degradation without DPO. Both training stages therefore
contribute to performance, with DPO having the larger effect.

5 Related Works

Workflow Generation for LLM-MAS. Empowered by Large Language Models, LLM-based multi-
agent systems leverage multiple specialized agents and structured coordination to solve complex
tasks across domains [31, 15, 12]. Early systems often rely on manually specified protocols, static
interaction topologies, or SOP-style workflows [28, 22, 36]. To reduce manual design effort, recent
work explores automated workflow generation and orchestration, including LLM-generated or modu-
lar workflow synthesis [40, 29, 20], parallel or broadcast-style collaboration [18, 37], routing-based
agent selection [33, 32, 35], and graph-based topology learning or pruning [38, 27, 39, 16]. Despite
these advances, most methods primarily optimize task performance, communication efficiency, or
token cost, rather than explicitly minimizing workflow makespan.

Makespan Optimization for LLM-MAS. Latency is an increasingly important bottleneck for
LLM-MAS, since multi-step agent workflows introduce repeated LLM calls, synchronization barriers,
and service-side congestion [5, 37]. Existing latency-oriented studies mainly address the LLM serving
layer [5, 24, 9, 19, 2, 14], while optimization of the workflow topology itself remains relatively
underexplored. Recent topology learning methods such as LAMaS [25] and AgentBalance [4] begin
to incorporate latency into MAS topology design; however, LAMaS focuses on predefined layer-wise
parallel orchestration, while AgentBalance mainly treats latency as a budget constraint without
a theoretical analysis of topology-level makespan reduction. LAWA fills this gap by optimizing
arbitrary DAG-structured LLM-MAS workflows and providing theoretical characterizations of graph
edits in terms of reachability preservation, non-increasing makespan, and expressivity.

6 Conclusion

In this paper, we present LAWA, a latency-aware framework for optimizing Large Language Model-
based multi-agent workflows. LAWA uses makespan-guided graph editing to shorten critical paths,
while a learned evaluator guides the search toward workflows that preserve downstream task perfor-
mance. Across seven benchmarks, LAWA produces lower-latency execution graphs and can also
serve as a plug-in optimizer for existing workflows. We hope this work encourages further study of
workflow-level latency optimization in multi-agent systems. Additional discussion of limitations is
provided in Appendix G.
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A Proofs of Theoretical Properties

Here we provide formal proofs for the properties in the main text.

A.1 Proof of Theorem 3.4

Proof. We analyze the two operations separately:

1. Node Removal (of k): Letk € V \ {vr,vo} and V' =V \ {k}. We consider any u,v € V'.

( =) Forward Direction: Assume u ~~¢ v. Let P be a path from w to v in G.

» If k ¢ P, then P consists entirely of nodes in V' and edges unchanged by the operation. Thus, P
exists in G,

o If £ € P, the path contains a segment x+ — k£ — y. The removal operation explicitly adds
the shortcut edge + — y to G’ whenever z — k and k — y exist in G. We can replace every
occurrence of x — k — y with the single edge © — ¥, yielding a valid path in G'.

( <) Reverse Direction: Assume u ~+¢g+ v. Let P’ be a path in G’. Edges in G’ are either original
edges from G or newly created shortcut edges.

* Ifan edge (z,y) € P’ exists in G, it represents the direct connection x — y.

o If an edge (z,y) € P’ is a new shortcut not in G, it implies that = was a predecessor of k and y
was a successor of k in GG. Thus, this edge corresponds to the path segment x — k — y in G.

2. Parallel Rewiring (of edge i — j): We consider u,v € V \ {i,j}. Note that the operation
removes ¢ — j and updates connectivity such that j inherits ¢’s predecessors (incoming merge) and ¢
inherits j’s successors (outgoing merge).

( =) Forward Direction: Assume u ~~¢ v. Let P be a pathin G.

e If (i,7) ¢ P, the path from u to v remains intact in G’ since only edge ¢ — j is removed.

o If (i,j) € P, the path from u to v contains a segment © — i — j — y. In G’, the operation sets
A;j < 1 (since x — 7) and Agy + 1 (since 7 — y). We can bypass the removed edge by using

the new edge x — 7, creatingapath... >z — j — y — ...in G'.

( <= ) Reverse Direction: Assume u ~~¢+ v. Let P’ be a path in G’. Any edge in P’ is either an
original edge or a newly formed edge due to merging neighborhoods.

» A new edge of type x — j exists in G’ only if z — i existed in G. Thus, x — j in P’ corresponds
to the segment z — 7 — j in G.

* A new edge of type i — y exists in G’ only if j — y existed in G. Thus, ¢ — y in P’ corresponds
to the segment ¢ — j — y in G.

Since u, v # 1, j, the path must start and end outside the rewired edge. By expanding any new edges
back to their original segments involving ¢ — j, we recover a valid path in G.

A.2 Proof of Theorem 3.5

Proof. Let P (vr,vo) denote the set of all directed execution paths from the entry node v; to the
exit node vo in graph G. It suffices to show that for every path P’ € P/ (vr,vo) in the edited graph,
there exists a corresponding path P € P (vr, vo) in the original graph such that

Ztv < Zt

veEP’ veEP

(i) Node Removal. Suppose a non-terminal node k¥ € V \ {v;,vo} is removed. For any path
P e Pgl(vj,vo):
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o If P’ uses only original edges from G, then the same path exists in G, and the path duration is
identical.

o If P’ uses a shortcut edge (u, v) introduced by removing &, then G contains the segment u — k —
v. Replacing every such shortcut in P’ by its original two-edge segment yields a valid path P in G,

with
Dt <>

vEP! vEP
since t; > 0.

(i) Parallel Rewiring. Suppose the edge (i, j) is rewired. For any path P’ € P/ (vr,v0o):

* If P’ uses only original edges from G, then the same path exists in G.

* Otherwise, every edge newly introduced by the rewiring is either of the form = — j where z — ¢
existed in G, or of the form ¢ — y where j — y existed in G. We can replace each new edge x — j
by the segment x — ¢ — j, and each new edge ¢ — y by the segment ¢ — j — y. This recovers a
valid path P in GG and only inserts nodes with positive latency. Hence ZUE prty < ZU cp b

Thus, every execution path in G’ is no longer than a corresponding path in G. Taking the maximum
over paths in G’ yields

T(G) = max Z ty max Z t, =T(G

P'EPG/ 1)17’00 vep’ PEPG ’UI,’UO

A.3 Proof of Theorem 3.6

Proof. The transformation from an arbitrary chain to the target graph G* is achieved via a three-stage
procedure. We prove the validity of each stage sequentially.

Stage 1: Topological Alignment (via Permutation).

Let 0 : V — V be a permutation such that applying the operator II, to the initial chain yields a
sequence where, for every directed edge (u, v) in G*, node u precedes v. This condition ensures that
the linear ordering defined by the permuted chain is consistent with the topological sort of G* [13].

Stage 2: Node Alignment (via Removal).

If the initial chain contains nodes not required by G*, we apply Node Removal to eliminate all
extraneous nodes. By reachability preservation, removing nodes does not alter the relative reachability
among the remaining nodes. After this stage, the graph is a chain defined exactly on the target node
set ), with an ordering consistent with G*. Therefore, the permuted chain after the node permutation
is the topological sort of G*. Without loss of generality, we assign node indices according to this
ordered chain, starting from v; to vy,.

Stage 3: Exact Edge Reconstruction (via Rewiring)
With the nodes correctly aligned and ordered, we employ a Reverse Sweeping strategy to recover the
exact edge structure. We first define the construction, then prove its correctness.

I. The Construction. We execute the following iterative procedure to refine the graph structure:

For each node v; iterating from v,,_; down to v; (reverse from end to start):

» Let V7, (v;) denote the current set of immediate successors of v;.

* While there exists a neighbor v, € N?,,;(v;) such that (v;, vx) not in G*:
— Do: Apply Parallel Rewiring to the edge (v;, vy ), which updates:

Nout(vl) A ( out< ) \{vk}) UNout(vk)

* End While (All remaining immediate successors are now valid target neighbors).

End For
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IL. Correctness Verification. We prove that this process yields G’ = G* using structural induction
on the node index ¢ (descending from n to 1).

Inductive Hypothesis: Assume that for all nodes v; in the downstream of v; (j > 4), the outgoing
edges are already identical to the target graph: N/, (v;) = N, (v,). (Base case v, is trivial).

Inductive Step: Consider node v;. We verify the final state of N, ,(v;) when the rewiring loop for
v; terminates.

1. No False Positives: The loop condition explicitly mandates the removal of any edge (v;, vy ) that

does not exist in G*. Thus, N, (v;) C N, (vi).

2. No False Negatives: Consider any valid target neighbor v,, € N} ,(v;). For the sake of

contradiction, suppose that v,,, is absent from the current immediate successor set M7 . (v;).

* Since no Parallel Rewiring operation has been applied to (v;, v, ), the reachability is strictly
preserved (Theorem 3.4), the absence of a direct link implies that v,, must be reachable via
some intermediate neighbor vy, € N7, (v;).

Because the loop has terminated, vy, is confirmed to be a valid target neighbor (i.e., (v;, vy)

exists in G*).

* Furthermore, since & > ¢, the inductive hypothesis guarantees that the path segment v, —
oo = Uy, exists in G*.

» Consequently, G* contains both the direct edge (v;, v,,) and the indirect path v; — v —
- -+ — v,,. This structure violates the transitive reduction property of G*.

* Thus, the assumption is false. No such blocking node v, can exist, and v,,, must be present in

cgut (Ul)

Thus, M. (v;) = N, (v;). By induction, after the loop terminates at v1, the graph G’ is exactly

out

isomorphic to G*. O

B Derivation of the Parallel Rewiring Score

Let A € {0,1}"*" denote the adjacency matrix of the workflow graph, and let T = % € Rrxn
be the gradient of the Graph Evaluator score Sy with respect to A. For a graph edit that induces a
perturbation A A, a first—order Taylor expansion yields

AS ~ (T',AA) = ZFM AA .. (16)
Rewiring an edge (7, j) removes the original edge i — j and merges the outgoing neighbors of j into
1, as well as the incoming neighbors of 7 into j. Accordingly, the perturbation AA consists of three
parts:
* Removal of the edge (i, ), giving AA;; = —A,;;
* Addition of edges (¢, k) for all k such that Aj; = 1 and A, = 0;
* Addition of edges (k, j) for all k£ such that Ay; =1 and Aj; = 0.

Substituting these changes into (16) gives
AS(i,j) ~ —TijAy

+ Z Tir Ajr(1 — Ag)
%

+Zrkj Ai(1— Aygj), (17)
%

which is the stated first—order estimate of the score change induced by rewiring (i, 5).

For compactness, define H =T ® A and H = T' ® (1 — A). The three terms in (17) can then be
written in matrix form, yielding the parallel-rewiring score matrix

R™ = —H + HAT + ATH, (18)
where each entry R;"" equals AS (,7) and provides the first-order estimated score change for
rewiring edge (4, j).
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C Details in Experiment Settings

Agent Settings. We define specific agent pools for each domain to support specialized reasoning.

For the Code Generation domain (MBPP, HumanEval), the available agents include: AlgoPlanner,
CodeGenerator, CodeAuditor, ConceptualAlgorithmist, LegacyPythonCoder,
ComplianceChecker, Generalists and STEM_Expert. For the Mathematical Reasoning
domain (GSMS8K, MATH500, SVAMP, AQuA), the candidate agents are: MathReasoner,
Calculator, STEM_Expert, ProblemSimplifier, HeuristicMathSolver, Generalists,
ConsensusBuilder, ExecutiveArbitrator, ContrarianThinker, Verifier, and
LateralThinkingAnalyst. For the General Knowledge domain (MMLU), the agent
pool consists of: LateralThinkingAnalyst, SocialScientist, Generalists, STEM_Expert,
MathReasoner, TheoreticalScientist, CriticalTheorist, HeuristicMathSolver,
ContrarianThinker, and ConsensusBuilder.

Serving Environment. For wall-clock makespan measurements, each run uses a freshly launched and
warmed-up SGLang server on an NVIDIA RTX PRO 6000 Blackwell Max-Q Workstation Edition
GPU (96GB memory), with exclusive GPU allocation during measurement.

Graph Dataset Construction. To train the Graph Evaluator and the Graph Generator for each task,
we construct benchmark-specific graph datasets. For each benchmark, we generate a fixed pool of
N = 2048 random graphs using the agent candidates from the corresponding task domain. To obtain
the ground-truth performance labels (scores) for each graph G, we evaluate GG on a subset of task
samples from that benchmark’s training set. Specifically, we use k = 50 samples for mathematical
reasoning datasets (GSM8K, MATH500, SVAMP, AQuA) and k& = 30 samples for code generation
(HumanEval, MBPP) and general knowledge (MMLU) datasets. Since HumanEval and MATH500
do not provide official training splits, we use equivalent training proxies: for HumanEval, we build
HumanEval-compatible training samples from the MBPP train split; for MATH500, we sample from
the MATH train split (levels 4-5) while excluding instances that overlap with the MATHS00 test set.
The average accuracy across these k samples serves as the target label for training. We also use the
same samples for the training-based baselines.

LAWA Parameters. For the optimization phases, we use fixed beam size of B = 32. The maximum
number of optimization steps (iterations) is set to K = 11 for the generation experiments and K = 4
for the plugin-experiments due to reduced workflow depth.

Our implementation and scripts for reproducing the experiments are available at https://github.
com/GraphmindDartmouth/LAWA.

D Case Study: Optimization Trajectory on MBPP.

To illustrate the step-by-step optimization behavior of LAWA, we start from a chain-structured
workflow on MBPP and apply LAWA with beam size B = 1, so that it will only modify the single
best candidate graph of the last iteration. Figure 3 illustrates the optimization trajectory. The original
workflow achieves an accuracy of 63.9% and exhibits a fully sequential dependency pattern, resulting
in a long critical path.

In the first step, LAWA applies parallel rewiring between Generalists and AlgoPlanner, exposing
latent parallelism without altering the agent set. This change shortens the critical path and yields a
slight accuracy improvement to 64.1%.

In the second step, LAWA removes the second ComplianceChecker node. This node contributes
redundant computation along the critical path, and its removal further reduces the makespan while
increasing accuracy to 65.6%.

In the third step, LAWA performs parallel rewiring between ComplianceChecker and CodeAuditor.
While this modification slightly reduces accuracy to 65.2%, it eliminates a remaining sequential
dependency and reduces the runtime contribution of ComplianceChecker.

Among these steps, LAWA incrementally compresses the critical path while maintaining stable task
performance.
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Figure 3: Example of iterative workflow optimization on MBPP. We visualize the original chain-
structured workflow (top-left) and the resulting workflows after 1, 2, and 3 optimization steps
(top-right, bottom-left, bottom-right, respectively). For each panel, the upper plot shows the workflow
graph, where red arrows denote the critical path, and the lower plot shows the corresponding execution
Gantt chart with critical-path agent executions highlighted (both using estimated ¢;). As LAWA
applies successive structural modifications, the workflow topology departs from the initial chain,
progressively shortening the critical path and reducing makespan.

E Probabilistic Robustness Analysis under Evaluator Perturbations

We provide a probabilistic justification for the robustness behavior observed in RQ3 under evaluator
perturbations. Let M denote the set of valid candidate graphs generated during optimization, where
each G € M satisfies the true constraint S(G) > S(Gp), and let U denote the set of invalid
candidates with S(G) < S(Gy). Define the top-tier valid set as

M ={v e M|T(v) <minT(u)},

which contains valid candidates whose makespan is smaller than any invalid candidate. The optimiza-
tion procedure outputs

G* = arg pesiis) T(G),

where

W ={GeMUU|SsG) > Ss(Go)}

is the retained set under the Graph Evaluator. Assume an otherwise accurate evaluator whose
keep/reject decision at Algorithm 1 (line 12) is independently perturbed (flipped) with probability
«. Then two events must simultaneously happen for an invalid final output: (i) at least one invalid
candidate is falsely kept, and (ii) all top-tier valid candidates are falsely rejected. Conditioned on
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Table 6: Behavior of LAWA under limited executors. Here m is the number of available executors; runtime
improvement is the relative reduction versus the initial workflow; operation counts are total rewiring/node-
removal edits aggregated over all generated instances (7 benchmarks X 3 runs).

m  Runtime Improvement (%) Operation Counts (rewire/remove)

1 43.67 19/64
2 65.38 83/61
3 67.74 91/59
4 67.89 92/59

Table 7: Accuracy robustness under rewiring-score approximation on three benchmarks. We compare
LAWA with and without first-order approximation when filtering rewiring edits. Values are accuracy (%,
mean.+qq) over 3 runs. Results show that the approximation does not introduce a noticeable drop in accuracy.

Setting MATH500 HumanEval AQuA
w/o approximation  67.00+0.71  93.2940.00  83.86+0.56
w/ approximation 67.000.56 92.8911.04 83.460 35

(U, M*), we have
Pr(G* e |U,M") <Pr(Fuecld,uecW) -Pr(Yv e M*, v¢W)
- (1 . a)lul)aw*\
(1_(1_a)N)alM*‘, (19)

where N is an upper bound on the number of candidates.

IN

Let pg = Pr(|M*| = 0). Marginalizing over candidate sets yields

Pr(G* eU) = > Pr(G" €U |U M")Pr(Ud, M")
Uu, M=

<(1-0-)Y) eI erm)
—
— (1 —(1- a)N) (Z Pr(|M*| = k)ak>
k=0
< (1= =a)™) (po+ (1= po)a). (20)

Therefore, the probability of an invalid final output is explicitly determined by . As a@ — 0, the
upper bound also approaches 0, consistent with RQ3, where performance remains stable under mild
perturbations.

F More Experiment Results

F.1 Token Consumption

To examine whether parallel rewiring increases context-broadcasting overhead, we report total token
consumption (input + output) of the generated workflows for all methods under the same final
setting. As shown in Table 8, LAWA consistently remains token-efficient. The token consumption
is substantially lower than heavily parallel baselines such as DyLAN. This is because total token
usage is largely determined by the number of agent invocations, and LAWA removes redundant nodes
during optimization.

F.2 Optimization Runtime

To better characterize computational overhead of LAWA, we report both (i) wall-clock time to generate
one workflow and (ii) Graph Evaluator training time. Unless otherwise stated, runtime measurements
in this section are conducted on a machine with an AMD EPYC 9655 96-Core Processor CPU. As
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Table 8: Total token consumption per query (Tokens|) on seven benchmarks. We report total token
consumption (input + output) for all methods. Values are mean.;yq over three runs, and the best value in each
benchmark is bolded.
Method MBPP HumanEval AQuA GSMSK MATHS500 SVAMP MMLU
Rand. Graph 2276811940 3440314326 6448319350 40409 138635 5725215018 4082511684 480506204
Rand. Chain 402894 4999 49315 3638 9906411753 833171 446 103547 5505 71156+ 1235 73758 1501
3-Round Disc. 219103l7.‘51() 243745LSI}ZU 595536l127bg 500286;2419 646475;21025 445061i7755 470002LI 510

DyLAN 5538813021 7201545500 8539619330 41915120638 9849513777 6207812553 8127611301
G-Designer 371289550 44954 1157 883714124 8071913347 99698 1 4556 70241 15089 6734042960
AgentDropout 1987019307 27288410278 546165328 2966817334 4629217956 4165414011 46553110920
AgentPrune  34834.57ss  A6360i000  88365i43:5 7553511070 998481s00s 5940645050 627901550
BiRouter 1133819789 1615013586 14843 3639 9344929 1510043514 84481907 14763 3666
AFlow 11865i;5();57 16532i;5325 35135i4172 23594i‘2120 35469i4523 22166i2(;7,3 24833i4;73
LAMaS 78981150 117052040 14047 13976 15841 16533 1784919544 1376612070 150124103

LAWA 65163 11401 14099 107964121 10461415862 12207 13152 76155304 15077 12807

Table 9: Wall-clock time to generate a single workflow (Seconds.).

Benchmark Time (s)

MBPP 2.2736-+0.2287
HumanEval  1.15631¢ 4062
AQuA 1.69171.0.7676
GSM8K 2.247140.1613
MATHS500 1.7981 40,1430
SVAMP 2.2039+0.2768
MMLU 2.1496 1832

shown in Table 9, workflow generation typically takes only around 1-2.3 seconds because the search
operates only on graph structure without executing real agent calls. Compared with high-latency
baseline workflows in Table 1, this search overhead is small relative to recurrent execution costs.

As shown in Table 10, Graph Evaluator training takes 21-95 seconds per benchmark and is performed
once per benchmark as an offline preprocessing step. Therefore, when LAWA is used repeatedly to
replace high-latency workflows, this one-time overhead can be easily amortized over subsequent
executions. For example, using Random Chain as a representative high-latency initial workflow, the
one-time evaluator-training and search cost is offset after roughly 2—7 recurrent executions across
benchmarks.

Cost of graph-dataset construction. On MATHS500, constructing the full graph dataset (evaluating
2048 randomly generated workflows on 50 training samples) takes 38.7 minutes of wall-clock
time on 8 NVIDIA RTX PRO 6000 GPUs. This is a one-time, fully parallelizable offline stage:
unlike on-policy baselines, whose data collection is sequential and repeated during optimization,
LAWA'’s workflow evaluations have no sequential dependency. On the same server, the complete
LAWA pipeline (dataset generation, training, and workflow generation) takes 41.2 minutes, whereas
AgentDropout requires 129.6 minutes under the same 2048-rollout budget (64 iterations x batch
size 32). The gap arises because evaluating 2048 workflows in one pass fully utilizes the inference
server: it costs only about 20 the time of evaluating 32 workflows, despite processing 64 x as many
workflows. Thus, even after including graph-dataset construction, LAWA takes about one third of the
wall-clock time of this on-policy baseline.

F.3 Frontier Backbone Model

We additionally evaluate the officially hosted frontier model Kimi-K2.6 on MBPP, MATH500, and
MMLU, comparing LAWA with DyLAN and AgentDropout. For LAWA, we reuse the original
Graph Evaluator, Graph Generator, and estimated ¢;, values, without retraining the learned modules
or recalibrating the latency estimates. As shown in Table 11, LAWA’s performance advantage is
preserved with the stronger backbone: it remains best on MBPP and MMLU, and is on par with
DyLAN on MATHS500. A stronger backbone makes each individual agent more capable, so a
compact workflow can attain high accuracy with fewer agents, which favors LAWA’s ability to
remove redundant agents. LAWA also remains the fastest method on all three benchmarks.
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Table 10: Wall-clock time to train the Graph Evaluator (Seconds.).

Benchmark Train Time (s)

MBPP 44.45
HumanEval 21.32
AQuA 63.34
GSMSK 34.65
MATHS500 46.47
SVAMP 23.32
MMLU 95.08

Table 11: Accuracy (%17) and real wall-clock makespan (s)) with Kimi-K2.6. Values are meanyq over
three workflow graphs.

MBPP MATHS500 MMLU
Method Acc. Time Acc. Time Acc. Time
DyLAN 73411090 40.271502 81.204195 32.01i953 80.73:1180 33.07+1.03
AgentDropout 72241059 43.661937 79271559 43.341198 79.821361 52.6611315
LAWA 7380051 1419 15, 81.27. 190 1843, 599 8174 177 1975519

F.4 Finite-Resource Scheduling

We study how LAWA'’s editing policy changes when the available parallel resources are constrained.
During graph editing, we replace the default critical-path estimator (Equation (1)) with an HLFET
list-scheduling runtime estimator [1] and vary the number of executors m € {1,2,3,4}. Runtime
improvement is measured as the relative reduction against the initial workflow, and operation counts
are aggregated over all generated instances (7 benchmarks x 3 runs). As reported in Table 6, the
optimization behavior shows a clear transition: under single-executor constraints, LAWA mainly
shortens the critical chain through node removal, while with more executors it increasingly prefers
rewiring to unlock parallel branches; correspondingly, runtime gains improve quickly at first and
then gradually plateau as available parallelism approaches saturation. This indicates that, even under
limited executors, LAWA can adapt its editing strategy to the available resources.

F.5 Robustness under First-Order Approximation

We examine whether the first-order gradient approximation used to filter rewiring operations harms
final optimization quality. We compare default LAWA (with approximation) against a variant that
disables approximation and computes rewiring-score changes exactly during candidate generation,
then evaluate final accuracy on MATH500, HumanEval, and AQuA. As shown in Table 7, the
performance differences are minor across benchmarks, indicating that the approximation does not
introduce a noticeable drop in final accuracy while helping reduce the number of candidate graphs.

F.6 Effectiveness of the Graph Evaluator

We conduct an ablation study to examine whether the Graph Evaluator stabilizes LAWA's iterative
graph editing process. Starting from the same randomly initialized chain workflows, we compare
the default LAWA against a variant without evaluator-based filtering, which keeps candidates only
according to makespan. Table 12 reports the downstream-performance change across optimization
steps on two representative benchmarks. With the Graph Evaluator, LAWA yields positive mean
performance changes across optimization steps, whereas removing the evaluator leads to less stable
performance and can result in degradation. These results suggest that the Graph Evaluator helps
retain downstream task quality while the structural optimizer reduces latency.

F.7 Graph Evaluator Architecture Sensitivity

We evaluate how sensitive the Graph Evaluator is to GNN architecture choices and justify the
default backbone used in LAWA. On HumanEval, we run a full ablation over GNN type (gcn, gat,
transformer), depth (14 layers), and hidden size (256/512), while keeping all other training
settings fixed and reporting train/test accuracy over 3 seeds. Table 13 indicates that GCN performs
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Table 12: Performance change across optimization steps with and without the Graph Evaluator. Values are
downstream-performance changes (%, mean i q) relative to the initial workflow, computed over eight different
random initial graphs.

Dataset Method Step 1 Step 2 Step 3 Step 4 Step 5

HumanEval LAWA (W/ Evaluator) +1.68i1_5)5) +2'21:t2.97 +2'29:t3.22 +2.44:3_37 +1'75i2.54
HumanEval w/o Evaluator —0.304914 —0.154982 —0.0742096 —0.5342012 —2.744179
MATHS500 LAWA (w/ Evaluator) +0'95i().6[] +1.65i1_[]g) +1'25:t1.17 +1.65:1_14 +1'35i1.23
MATHS500 w/o Evaluator _020;0.63 _043511 .19 _0-45L1.19 —O.Ggl] 34 _1~72Ll.51

most consistently across configurations, while the performance of GAT and Transformer varies more
with depth and hidden size. The 3-layer Transformer with hidden dimension 512 achieves both
train and test accuracy above 95%, and Graph Transformers are generally more suited to capture
the long-range interactions that may arise from multi-hop dependencies in workflow graphs [34].
Therefore, we use a 3-layer Transformer with hidden dimension 512 as the default Graph Evaluator.

G Limitations and Future Works

This work considers a static agent pool and a fixed set of downstream tasks, a standard setting that is
widely adopted in prior work. In practice, agent availability and task distributions may evolve over
time. Extending the framework to more dynamic scenarios is a promising direction for future work.

In dynamic environments, the set of available agents may change over time, leading to changes in
the feasible workflows and the associated makespan. Extending the framework to accommodate
a dynamic agent pool would require the workflow to adapt to such changes while maintaining
efficiency. Similarly, downstream tasks may evolve over time, potentially altering the desirable
workflow patterns. Developing mechanisms that allow the evaluator and workflow to adapt to such
shifts in a data-efficient and incremental manner, rather than being rebuilt from scratch, is another
important direction for future work.
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Table 13: GNN architecture ablation on HumanEval for Graph Evaluator. We vary GNN type (gcn, gat,
transformer), number of layers ({1,2,3,4}), and hidden dimension ({256,512}), while keeping other training
settings fixed. Values are train/test accuracy (%, mean+qq) over 3 seeds. Rows where both train and test mean
exceed 95 are bolded.

Hidden Dim GNN Type #Layers Train Acc (%) Test Acc (%)

256 gen 1 94.68.0.65 94.7943 35
256 gcn 2 94.63i0,49 95~17i4.28
256 gcn 3 95.050.44 95145 55
256 gcn 4 94.93+0.20 95.7743.30
256 gat 1 94.9710.73 94.47 13 27
256 gat 2 95.3811.27 94.0013.74
256 gat 3 94.224 1 g3 93.5743.74
256 gat 4 95.0040.77 92.44 13 g7
256 transformer 1 94.18;“]'53 93~47i4.36
256 transformer 2 95.3541.47 94.43 .14 35
256 transformer 3 94.7541 70 94.0344.14
256 transformer 4 93.60+1 58 94.00-+2.90
512 gcn 1 94~92il,39 95-11i:2.8()
512 gcen 2 95-43:&()‘68 95-45i2”‘)4
512 gcn 3 95~07i(].8() 94. 17i/1.()3
512 gcn 4 94.85i0,55 95.28i1_95
512 gat 1 95~00il.54 94~90i2.‘21
512 gat 2 95~13i1,16 9340i433
512 gat 3 95.13:(:1'()9 93.82:(:2.16
512 gat 4 95.7040.82 93.25..3 89
512 transformer 1 93.1241 45 91.6719.64
512 transformer 2 93.2310.35 89.93 656
512 transformer 3 95.973:1‘25) 95.11i43g)
512 transformer 4 95.28 13 68 94.6814.06
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