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Abstract—In-network aggregation (INA) accelerates gradient
aggregation in distributed machine learning (DML) by alleviating
communication bottlenecks, but its effectiveness crucially depends
on two location decisions: where to deploy INA functions and where
to aggregate gradient flows. Most existing methods optimize INA
placement and gradient flow routing independently, missing the
advantages of joint optimization. This paper presents LLMINA,
which leverages Large Language Models (LLMs) to automate the
heuristic design for joint INA placement and gradient aggregation,
aiming to minimize makespan (i.e., the total time required for
all DML jobs to complete gradient aggregation). Directly using
LLMs to generate end-to-end solutions is infeasible due to problem
complexity and LLM limitations. Instead, LLMINA uses LLMs
to generate heuristics for INA placement through an evolutionary
process, and then applies an optimization-based heuristic for gra-
dient routing that takes into account DML workload characteris-
tics. Experiments across diverse network topologies and workloads
show that LLMINA can significantly reduce makespan compared
to state-of-the-art baselines. These results underscore that location
matters for both INA deployment and aggregation, and highlight
the potential of LLM-guided heuristic design for complex network
resource optimization.

Index Terms—In-network aggregation, distributed machine
learning, large language model (LLM), joint optimization,
heuristic.

I. INTRODUCTION

MACHINE learning, particularly with deep neural net-
works (DNNs), has become the cornerstone of advances

in natural language processing, computer vision, and a broad
spectrum of AI-driven applications and fields [1], [2]. As both
model complexity and dataset sizes continue to grow expo-
nentially, distributed machine learning (DML) has become in-
dispensable for meeting computational demands by leveraging
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multiple GPUs and nodes [3], [4], [5], [6], [7], [8]. However,
this distributed paradigm imposes a persistent communication
bottleneck: workers must frequently synchronize massive gradi-
ent tensors, saturating network bandwidth and restricting system
efficiency [9], [10], [11], [12], [13], [14], [15], [16].

In-network aggregation (INA) has emerged as a promising
solution to alleviate this communication overhead. By allowing
programmable switches or smart NICs to aggregate gradient
data directly within the network [9], [12], [17], [18], [19],
[20], INA ensures that only the aggregated result is forwarded,
rather than transmitting multiple individual gradient updates
from each worker. This approach significantly reduces network
traffic and latency, thereby accelerating the completion of DML
jobs. Despite its promise, fully implementing the benefits of
INA is fundamentally constrained by the scarcity and complexity
of the orchestration of network resources [21], [22]. Typically,
only a handful of switches or smart NICs are available for
INA within a cluster, each with limited on-chip memory and
computation bandwidth (e.g., tens of MB per switch [23]), which
is significantly less than the hundreds of MB often demanded by
state-of-the-art DNNs. This resource scarcity leads to a crucial
infrastructure-level challenge: where to place INA functions to
maximize coverage and accessibility for various DML jobs.
Beyond physical placement, these scarce INA resources must
also be efficiently shared by multiple coexisting DML jobs
with heterogeneous communication demands. At the operational
level, it is critical to decide where each worker’s gradient flow
should be aggregated, that is, to determine which subset of work-
ers should have their gradients aggregated at each INA node.
Placement and routing decisions are fundamentally intertwined:
suboptimal placement may cause network hotspots or overload
certain aggregators, while poor routing can lead to imbalanced
utilization and reduced throughput.

Recent research has significantly advanced the field of opti-
mizing INA resource utilization wihtin DML systems [9], [24],
[25], [26], [27]. A substantial body of work has concentrated on
granular aspects of INA optimization. For instance, specific ef-
forts (e.g., GRID [24]) have focused on optimizing gradient flow
routing strategies to proactively mitigate aggregator hotspots,
thereby ensuring balanced load distribution. Concurrently, other
research avenues have explored the strategic placement of INA
functionalities within the network fabric. The primary objective
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here is to minimize overall network traffic, as demonstrated by
solutions such as TAPINA [27]), which aim to reduce communi-
cation overhead by processing gradients closer to their sources.
Despite these advancements, a critical limitation pervades the
existing literature: most proposed solutions address either the
placement of INA functionalities or the routing of gradient flows
in isolation. This segregated approach often operates under sim-
plified assumptions, such as single-job scenarios where network
contention is minimal. Crucially, these methods tend to overlook
the profound and intricate coupling that exists between the INA
location, the gradient flow routing policies, and the resulting
resource contention. This interdependency is particularly pro-
nounced and prevalent in real-world multi-job DML clusters,
where multiple concurrent jobs compete for limited network
and switch in-network computing resources. Consequently, a
significant research gap persists: the absence of a holistic and
integrated framework capable of jointly optimizing both INA
placement and routing decisions. Such a framework could be
indispensable for effectively managing complex resource con-
straints and achieving truly efficient and scalable DML deploy-
ments in multi-job environments.

To address this challenge, we propose LLMINA, a joint INA
function placement and gradient flow routing method designed
for multi-job DML clusters with limited in-network computing
resources. Our central optimization objective is to minimize
the makespan, the total time required to complete all gradient
aggregations for coexisting DML jobs, thereby accelerating job
completion and improving overall cluster efficiency. We first
develop a mixed-integer linear programming (MILP) model
that captures the coupling between placement and routing de-
cisions under realistic INA and bandwidth constraints. This
joint optimization problem is combinatorially complex and
makes exact solutions intractable for practical-scale clusters.
To tackle this, we introduce a principled divide-and-conquer
framework that decomposes the challenging joint problem into
two tractable subproblems, each of which is quickly solved
with a well-designed heuristic. First, we leverage large language
models (LLMs) to automatically generate and iteratively im-
prove heuristic algorithms for INA placement via evolutionary
search. This overcomes the limitations of manual heuristic de-
sign and adapts effectively to varying cluster topologies and
workloads. Then, given INA placements, we design an efficient
optimization-based heuristic for gradient flow routing, which
balances aggregator utilization and minimizes the communica-
tion makespan. This modeling-driven, LLM-guided approach
bridges the gap between theoretical optimality and practical
deployment, fully realizing the potential of INA acceleration
in multi-job DML clusters. In summary, the main contributions
of this work are as follows:
� We present the first mathematical formulation for jointly

optimizing INA function placement and gradient flow
routing under realistic resource constraints for multiple
coexisting DML jobs.

� We develop an LLM-guided heuristic algorithm for INA
placement and a specialized optimization-based heuristic
for gradient flow routing, together effectively balancing
aggregator loads and minimizing the overall gradient ag-
gregation makespan for DML workloads.

� We demonstrate through extensive simulations that
LLMINA reduces gradient aggregation makespan signifi-
cantly compared to state-of-the-art baselines across a wide
range workload scenarios.

The remainder of this paper is structured as follows. Sec-
tion III motivates our approach by demonstrating, via an il-
lustrative example, the critical need for jointly optimizing INA
placement and gradient flow routing. Subsequently, Section IV
provides a detailed mathematical formulation of the problem.
Section V introduces our proposed algorithm framework and
elaborates on its detailed design for addressing the formulated
optimization problem. In Section VI, we present and analyze
comprehensive experimental results, and Section VII summa-
rizes our contributions.

II. RELATED WORK

A. In-Network Aggregation for DML

In Distributed Machine Learning (DML) system, efficient gra-
dient communication among participating workers frequently
poses a critical bottleneck. To address this, in-network aggre-
gation (INA) techniques, utilizing programmable network ele-
ments like switches, have emerged as a promising paradigm [11],
[12], [49], [50], [51], [52]. Early INA systems, exemplified by
SwitchML and ATP, demonstrated the feasibility of performing
gradient aggregation directly within the network fabric. How-
ever, these pioneering efforts often relied on fixed INA function
placements and rigid routing policies, which inherently limited
their adaptability and resource utilization efficiency in complex
multi-job workload environments. Subsequent research aimed
to overcome these limitations by enhancing the flexibility and
scope of INA. Several works explored augmenting aggrega-
tion capabilities through memory sharing mechanisms or by
expanding deployment points to additional network nodes [32],
[33], thereby broadening the physical locations for aggregation.
Currently, significant attention has been paid to optimizing the
gradient data flow. Flexible gradient routing strategies [19], [24],
[25], [26], [45], [46] and INA placement optimization method-
ologies [27], [43], [44] have been proposed to improve aggrega-
tion efficiency. Nevertheless, a common characteristic of these
studies is their tendency to address INA placement and gradient
routing as largely decoupled problems, often optimizing one
given the other, and frequently focusing on single-job workloads.

Some recent works also have studied integrative platforms
and protocols to tackle the practical complexities of deploying
INA in production-scale environments. These efforts address
critical aspects such as dynamic resource sharing across con-
current DML jobs, adaptation to hardware constraints (e.g.,
limited switch memory or processing power), and improving
overall system-level throughput. Notable contributions include
INAaaS [53], a generic framework for on-demand cloud INA
with a unified interface; NetPack [42], a job placement system
for INA-enabled clusters using novel resource estimation and
optimization algorithms; GISA [18], a generic INA service for
line-rate acceleration and traffic reduction; and an aggregator-
aware protocol [54] for multi-tenant DML featuring decoupled
congestion control and straggler-aware allocation. Additionally,
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TABLE I
COMPARISON OF OPTIMIZATION SCOPE AND CAPABILITIES OF RELATED WORK

related works like [19] offer aggregator-aware routing opti-
mization for Clos datacenter networks, addressing routing con-
straints and switch limitations to achieve substantial throughput
gains. Other research work further explores synergy with novel
network technologies. For instance, NetReduce [31] design a
transport-transparent INA primitive for for modern multi-rack
data centers. AQINA [38] proposes the joint utilization of INA
and quantized gradient communication. Concurrently, P4INC-
AOI [55] harnesses in-network computing and all-optical in-
terconnects (AOI) to jointly optimize resource allocation and
minimize AOI reconfigurations, specifically targeting DML ac-
celeration.

Gap in prior work: Despite these advancements, a critical gap
persists in the holistic, joint optimization of INA function place-
ment and gradient flow routing within complex, multi-job, and
resource-constrained cluster environments. While prior research
has individually addressed placement or routing, or focused on
simplified single-job scenarios as summarized in Table I, the
interplay between these decisions in heterogeneous, concurrent-
job settings, particularly under practical hardware limitations
and evolving network conditions, remains significantly under-
explored. This work aims to bridge this gap by presenting a
unified framework that jointly optimizes both INA placement
and gradient routing for enhanced system-wide performance.

B. Automated Algorithm Design Leveraging LLMs

Recent advancements in generative AI have introduced pow-
erful tools for network optimization [56], [57], [58]. While
some studies [59], [60] employ graph diffusion models to gen-
erate numerical solutions for MEC or general network chal-
lenges, LLMINA follows a distinct paradigm. By leveraging
the symbolic reasoning of Large Language Models (LLMs),
our approach evolves interpretable heuristics that ensure de-
terministic execution and seamless alignment with complex
protocol logic. This methodology fundamentally departs from
traditional learning-based optimization, which primrily utilizes
neural-based models—such as Reinforcement Learning (RL)
or Graph Neural Networks (GNNs), to optimize parameters
or decision policies in an opaque, black-box manner. Beyond

serving as direct optimizers, LLMs have sparked a paradigm
shift in networking by acting as automated optimizers [61], [62],
[63], [64], predictors [65], [66], [67], [68], extractors [69], [70],
[71], [72], and designers [73], [74], [75], [76]. Early efforts
primarily focused on modular algorithmic construction, such
as autonomously generating mutation operators for differential
evolution or synthesizing hybrid metaheuristics by integrating
diverse search paradigms [77], [78].

Subsequent advancements have pushed the boundaries from
component-level generation to more holistic program synthe-
sis. Notable examples include the FunSearch framework [75],
where LLMs are employed to discover novel algorithmic build-
ing blocks and assemble them into functional programs, and
FunBO [79], which utilizes LLMs for the automated genera-
tion of acquisition functions in Bayesian optimization. More
recently, significant progress has been made in the integration of
LLMs with evolutionary computation methodologies. Systems
such as EoH [73], [80] and ReEvo [81] showcase the power
of LLM-driven evolutionary algorithms. These approaches em-
power LLMs not only to generate initial heuristic designs but
also to iteratively evolve them in response to performance feed-
back, effectively automating the discovery and refinement of
high-performing heuristics for both single-objective and multi-
objective optimization problems, and even for guiding hyper-
heuristic design in a language-based manner.

Beyond the synthesis of individual components or evolution-
ary processes, LLMs are increasingly being utilized to gener-
ate complete metaheuristic frameworks. Several studies have
demonstrated the ability of LLMs to act as the core optimizer
or the primary code generator for entire optimization systems.
Exemplary work includes the Zoological Search Optimization
framework [82], which uses LLM to guide the search process,
and dedicated LLM-based systems such as LLaMEA [83] and
LLM-EA [84], where LLM plays a central role in the design
of the search strategy or in the generation of the underlying
optimization code.

Gap in prior work: While LLMs have demonstrated sig-
nificant progress in automating algorithm design for classical
combinatorial optimization problems (i.e., traveling salesman
problem (TSP) [63], [84], [85], bin packing variants (both static
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Fig. 1. Comparison of gradient aggregation strategies in a spine-leaf network with two concurrent training jobs (distinguished by color) and two INA-capable
switches. (a) Gradient routing only (i.e., GRID [24]) achieves an average aggregation rate of 3.5; (b) INA function placement focused (i.e., TAPINA [27])
achieves 4.64; (c) Joint optimizing placement and routing (this work) achieves 5.0. Arrow colors distinguish flows from different jobs; solid/dashed arrows depict
aggregated/unaggregated gradient flows; thickness and labels show flow volume, rate, and link utilization.

and online) [73], [75], [86], [87], [88], and flow-shop scheduling
[89], [90], [91], [92], [93]), their application to more complex
and specialized domains, particularly intricate network resource
allocation problems, remains largely unexplored. Our work aims
to bridge this gap by investigating the efficacy of LLMs in
generating effective algorithmic solutions for these challenging
and underexplored scenarios.

III. A MOTIVATING EXAMPLE

To illustrate the necessity of jointly optimizing INA placement
and gradient flow routing, we consider a representative spine-
leaf network (Fig. 1) with two concurrent training jobs and a
budget for INA deployment on only two switches. Each INA
switch has a processing capacity limit and all network links are
bandwidth constrained.

Consider the spine-leaf network depicted in Fig. 1, featur-
ing two spine switches (s1, s2) and three Top-of-Rack (ToR)
switches (s3, s4, s5). We assume a budget allowing INA func-
tionality deployment on at most two switches. Each potential
INA switch has a processing capacity constraint of 30 units
(e.g., aggregated gradient messages per time unit), and all links
have a uniform bandwidth capacity of 12 units. Two DT jobs
compete for resources in this multi-tenant environment using
the Parameter Server (PS) architecture: Job 1 with 7 workers
(w1–w7) and Job 2 with 6 workers (w1–w6). For simplicity,
we assume both jobs train models of equivalent size, implying
similar gradient volumes per worker. The optimization objective
is to maximize the average gradient sending rate across both jobs.
We compare the following three strategies.
� Routing-only optimization (GRID [24]): As shown in

Fig. 1(a), only distributing the gradient flows from the
workers of a single job to different INA switches for
aggregation, could result in link congestion. For instance,
the path from ToR s4 to the spine s2, which caps the
gradient sending rate at an average of 3.5 units. Even with
optimal routing, poor placement prevents full utilization of
available network and compute resources.

� Placement-centric optimization (TAPINA [27]): Fig. 1(b)
illustrates the impact of optimizing placement, where all

gradient flows for a given job are routed to a single
INA switch to maximize traffic reduction. This shifts the
bottleneck from network bandwidth to switch processing
capacity, boosting the average gradient sending rate to
4.64 units, a significant gain over GRID (a 32.6% gain
over GRID). Nevertheless, forcing all gradients to a single
aggregator is a rigid policy that may waste spare INA
capacity and hinder load balancing under varying traffic
conditions.

� Joint optimization (LLMINA, this work): Our method
(Fig. 1(c)) jointly determines both INA placement and
flexible gradient flow routing for the workers of each DML
job. For example, most workers from Job 1 can aggregate
at s3, while overflow is routed to s5; Job 2’s workers can
be split between two aggregation points or sent directly
to the PS as needed. This flexibility ensures both link and
compute capacities are efficiently utilized, leading to the
highest rate of 5.0 units (42.9% and 7.8% higher than GRID
and TAPINA, respectively).

This example highlights the shortcomings of optimizing
placement or routing in isolation: each leads to distinct bottle-
necks and leaves potential inferior performance. Only through
unified, joint optimization can we fully exploit the capac-
ity of INA-enabled networks, especially for multiple DML
job scenarios. This motivates the approach presented in this
work.

IV. MATHEMATICAL FORMULATION: JOINT OPTIMIZATION OF

INA FUNCTION PLACEMENT AND GRADIENT ROUTING

This section provides a formal definition of the joint optimiza-
tion problem of INA function placement and gradient routing
for multiple coexisting DML jobs. We begin by presenting the
system model, detailing the training architecture, gradient aggre-
gation workflow, and resource constraints. Next, we introduce
the mathematical formulation, explicitly specifying the objective
function and constraints that guide both INA placement and
gradient routing decisions. This rigorous formulation lays the
foundation for the algorithmic solutions proposed in subsequent
sections.
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A. System Model

Cluster network and training architecture. We model the
distributed training cluster as a graph comprising compute
nodes N , switches S, and network links E . Each DML job
j employs a standard PS architecture, with a set of workers
Wj = {w1

j , . . . , w
|Wj |
j } and a dedicated PS node dj . In each

iteration, workers compute gradients locally and transmit them
for aggregation prior to the global model update at the PS.

Gradient aggregation model. We leverage the in-network
aggregation (INA) capabilities of programmable switches, in-
corporating the following three key design strategies to en-
hance efficiency and flexibility. (1) Hierarchical aggregation:
INA-capable switches serve as intermediate aggregation points,
enabling partial gradient aggregation prior to final aggregation at
the parameter server (PS). This hierarchical structure alleviates
load on the PS and reduces overall network traffic. (2) Flexi-
ble intra-job routing: Workers within each job may distribute
their gradient flows across multiple INA switches or send them
directly to the PS, rather than being restricted to a single aggrega-
tor. This flexibility allows adaptive load balancing and improved
utilization of link resources. Furthermore, each INA switch can
aggregate gradients for multiple jobs concurrently, subject to
its processing capacity. (3) Single in-network aggregation hop:
Following prior work [24], [26], each gradient flow may be
aggregated by at most one INA switch before reaching the PS;
flows not aggregated in-network are sent directly to the PS. This
restriction simplifies flow management, avoids the complexity of
multi-hop aggregation, and maintains tractability while retaining
the key benefits of INA. Together, these design choices enable
efficient resource utilization, reduced communication overhead,
and manageable system complexity in the optimization of INA
for multi-job DML workloads.

B. Mathematical Formulation

We now formulate the joint optimization of INA function
placement and gradient flow routing. Key notations are sum-
marized in Table II.

Objective: Our objective is to minimize the makespan t,
i.e., the total time required for all jobs to complete gradient
aggregation. Let mj denote the total gradient data volume of
job j, and let γj denote the sending rate at which each worker of
job j transmits gradients to aggregation points. The completion
constraint for each job and makespan is:

mj

γj
≤ t, ∀j ∈ J (1)

To linearize the problem, we introduce a variable α = 1
t and

restate the objective as maximizing α, yielding the equivalent
formulation:

maxα (2)

γj
mj

≥ α, ∀j ∈ J (3)

Constraints: The optimization is subject to the following con-
straints.

1) INA placement budget: The number of network switches
within the network equipped with INA functionality is limited

TABLE II
KEY NOTATIONS USED IN PROBLEM FORMULATION

by budget K:
∑
s∈S

xs ≤ K (4)

where xs is a binary variable indicating INA deployment at
switch s.

2) Gradient flow routing: For each worker w in job j, its
gradient data must be routed entirely to a single aggregation
node v, either an INA-enabled switch or the PS, i.e., no partial
splitting:

yjws ≤ xs, ∀j ∈ J,w ∈ Wj , s ∈ S (5)
∑

v∈S∪{dj}
yjwv = 1, ∀w ∈ Wj , j ∈ J (6)

where yjwv denotes whether worker w in job j choose node v
as its aggregation point (1 if chosen, 0 otherwise).

3) INA switch processing capacity: The total incoming gradi-
ent flow at an INA-enabled switch cannot exceed its processing
capacity Cs:

∑
j∈J

∑
w∈wj

γjws ≤ Cs × xs, ∀s ∈ S (7)

where γjws is the flow rate from worker w in job j to INA
switch s.

4) Network link capacity: The total gradient traffic traversing
any link e must not exceed its bandwidth Cbw

e :
∑
j

(
�worker→switch
je + �worker→PS

je + �switch→PS
je

) ≤ Cbw
e , ∀e (8)
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where �X→Y
je denotes the gradient traffic on link e from X to

Y for job j. The total traffic on link e for each job j consists
of: (1) �worker→switch

je , gradients from workers to INA switches,
computed as

∑
w∈Wj

∑
s∈S Iw→s(e) · γjws; (2) �worker→PS

je , gra-
dients sent directly from workers to the PS, calculated as∑

w∈Wj
Iw→dj

(e) · γjwdj
; (3) �switch→PS

je , aggregated gradients
sent from INA switches to the PS, given by

∑
s∈S Is→dj

(e) · γjs.
Here, Iu→v(e) equals 1 if link e lies along the path from node u
to v, and 0 otherwise.

5) Gradient sending rate constraint: Finally, (9)–(13) govern
the logic of gradient transmission rates. Specifically, (9) and (10)
utilize a Big-M formulation to ensure logical consistency, gra-
dient traffic can only flow through assigned aggregation points.
Most importantly, (13) captures the physical characteristic of
Synchronous SGD: the overall training speed γj is bounded by
the slowest worker (i.e., γj ≤ γjw, ∀w). This constraint explic-
itly models the straggler effect, forcing the optimizer to improve
the performance of the bottleneck worker to maximize global
throughput.

γjws ≤ M · yjws, ∀j, w, s (9)

γjwdj
≤ M · yjwdj

, ∀j, w, s (10)

γjws ≤ γjs, ∀j, w, s (11)

γjw =
∑
v∈S

γjws + γjwdj
, ∀w ∈ Wj , j ∈ J (12)

γj ≤ γjw, ∀j ∈ J,w ∈ Wj (13)

where M is a sufficiently large constant, and other variables are
as previously defined (see Table II).

Complete formulation: The overall joint optimization prob-
lem can be expressed as:

P1 maxα

s.t. (3)–(13)

var.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

xs ∈ {0, 1}, ∀s ∈ S

yjwv ∈ {0, 1}, ∀j ∈ J,w ∈ Wj , v ∈ S ∪ {dj}
γjwv ≥ 0, ∀j ∈ J,w ∈ Wj , s ∈ S ∪ {dj}
γjw ≥ 0, ∀j ∈ J,w ∈ Wj

γjs ≥ 0, ∀j ∈ J, s ∈ S

γj ≥ 0, ∀j ∈ J

α > 0

After obtaining the optimal α from the above formulation, the
corresponding makespan can be computed as t = 1

α .
Complexity analysis: The problem P1 is formulated as a

mixed-integer linear program (MILP) as it involves both con-
tentious variables (γ and α) and binary variables for both INA
function placement (x) and gradient routing (y). This inherent
discreteness and the coupled nature of these decisions render
P1 an NP-hard problem. Specifically, the decision space for the
|S| INA placement variables offers O(2|S|) possibilities, while
theO(|J | ·Wmax · |S|) gradient routing variables introduce sig-
nificant combinatorial complexity. The exponentially growing
search space makes it computationally infeasible to find an exact

solution using brute-force or standard MILP solvers for large
network instances.

V. LLMINA: ALGORITHMIC FRAMEWORK AND DESIGN

DETAILS

A. Algorithmic Framework Overview

To address the computational complexity of problem P1, we
adopt a divide-and-conquer strategy by decomposing it into two
sequential subproblems:
� INA function placement (IFP): This subproblem focuses

on determining the optimal deployment locations for INA
functionalities within the network, with respect to INA
budget constraints. Specifically, it solves for the integer
variables x in P1, which indicate the placement decisions.

� Gradient routing (GR): Given the INA placement x ob-
tained from the IFP subproblem, this stage determines,
for each DML job, the aggregation node (either an INA-
enabled switch or a PS) to which each worker should route
its generated gradient flow, subject to link bandwidth and
INA switch processing capacity constraints. This subprob-
lem specifically solves for the integer variables y in P1.

This hierarchical decomposition enables efficient handling
of the assignment of integer variables x and y in P1, thereby
simplifying the overall solution process.

LLMINA addresses the joint optimization challenge through a
two-stage logic designed for rapid execution. First, the IFP prob-
lem is solved using a pre-designed heuristic, which is evolved by
an LLM entirely offline. At runtime, this optimized algorithm is
directly invoked without any online LLM interaction. Second,
the GR problem is handled by an efficient manual heuristic. By
decoupling these tasks and eliminating online LLM interaction,
LLMINA ensures sub-second decision latency while effectively
balancing INA and link resources to minimize communication
makespan. Detailed algorithm designs for each stage follow in
the subsequent subsections.

B. LLM-Guided Evolutionary Heuristic for IFP

Fig. 2 illustrates our LLM-driven heuristic design for the
IFP problem, which adapts the Evolution of Heuristics (EoH)
framework [73]. We leverage the advanced reasoning and code
generation capabilities of Large Language Models (LLMs) to
automatically generate and iteratively refine heuristic functions
tailored for the specific INA placement constraints of DML
workloads. As shown, the framework integrates prompt engi-
neering with a population-based evolutionary search: the LLM
is utilized to generate the core heuristic logic (e.g., greedy
rules), and the subsequent evolutionary mechanism systemat-
ically evaluates and optimizes these generated functions over
a predetermined number of generations (N ). Upon meeting
the termination condition, the single heuristic algorithm with
the highest fitness score is selected and outputted as the final
optimized IFP algorithm for deployment. The following sub-
sections detail the specific steps involved in each iteration of
this evolutionary loop.
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Fig. 2. The framework for offline evolutionary synthesis of INA placement heuristics. The process leverages LLMs to iteratively generate and refine algorithm
code (left) to maximize fitness, defined as the inverse of the makespan (right), prior to deployment.

Prompt-based Initialization: The evolutionary process begins
with prompt-driven algorithm generation. The LLM (e.g., GPT-
4o-min) is provided with a carefully crafted prompt (I1), which
details the IFP objectives, constraints, input/output formats, and
practical considerations (as depicted in Fig. 8). This prompt also
instructs the LLM to generate complete a Python algorithm that
assign a priority score to a network switch. When scoring a
switch, we encourage LLM to considering factors such as its dis-
tance to workers, proximity to PS, and traffic reduction achieved
through on-switch gradient aggregation. To promote diversity
and creativity within the initial heuristic population, the prompt
further requests the LLM to “describe your new algorithm and
main steps in one sentence” prior to code generation.

Evolutionary operators: The heuristic population is succes-
sively improved across generations using two core evolutionary
operators, crossover and mutation, each facilitated by special-
ized prompt templates:
� Crossover (E1, E2): Given two parent algorithms, the LLM

is prompted to either to synthesize a structurally distinct
new heuristic (E1), or to identify the common backbone
for further elaboration (E2), thereby facilitating the recom-
bination of salient features (see Fig. 8).

� Mutation (M1, M2): The LLM is prompted to augment a
given heuristic by either modifying the algorithmic proce-
dure (M1) or or adjusting hyperparameters and coefficients
within the scoring function (M2), enhancing both topolog-
ical and parametric diversity.

Algorithm Evaluation: Each LLM-generated heuristic is eval-
uated using the procedure given in see the right panel of Fig. 2.
Specifically, we first compute INA candidate scores using the
heuristic and select the top K switches for INA function de-
ployment, subject to resource budget. For the resulting place-
ment, solve the gradient routing subproblem (see Sec. V-C) to
obtain the gradient communication makespan. The fitness of a
heuristic is defined as the inverse of the makespan, thus favoring
algorithms that achieve faster aggregation.

Population Management: Following the evaluation step, the
population management module implements a Top-K fitness
based selection strategy. This process ranks the evaluated
heuristics (including the offspring from Crossover and

Mutation) according to their fitness scores. To maintain a con-
stant population size, a fixed number (q) of heuristics with the
highest fitness scores are selected to serve as the parent pool for
the next evolutionary generation.

Evolutionary process and example heuristic: The framework
iteratively applies prompt-based initialization (I1), crossover
(E1, E2), and mutation (M1, M2) over multiple generations,
as shown in Fig. 2. After a pre-defined number of generations,
the top-performing heuristics are retained as the final output.
An illustrative instance is depicted in Fig. 9: here, the LLM
synthesizes a heuristic (calculate_switch_priority) that scores
each switch based on communication cost, proximity to workers
and PSs (using shortest-path computation), and type-specific
weighting. For example, switches located near a larger number
of workers or PSs, particularly those at advantageous edge
locations, receive higher priorities to host INA functionalities.

By integrating sophisticated prompt engineering with the
generative reasoning capabilities of LLMs, our evolutionary
framework enables the automated discovery of heuristics closely
tailored to the INA placement problem, harnessing both the
creativity and analytical strength of LLMs.

C. Optimization-Based Bottleneck-Aware Heuristic for GR

We present a heuristic for routing gradient flows from multiple
workers to the available aggregation locations (i.e., INA switches
and the PS) identified by the IFP problem. This is formalized as
subproblem P1x(y), an MILP involving only binary variable y,
for which standard “relax and round” techniques are often em-
ployed. However, these conventional approaches do not account
for the unique characteristics and constraints of DML jobs, often
resulting in imbalanced assignments or resource contention, as
shown in our experiments. Rather than directly rounding the
fractional values of y, our approach leverages the gradient rate
variables γ obtained from the relaxed solution to guide more
effective routing decisions.

Our heuristic is implemented as a two-phase process. First,
we solve the LP relaxation of P1x(y), yielding optimal rates
γjws and γjwdj

for each worker to send gradient data towards
INA switches and the PS, respectively. These results are then
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used to inform the subsequent two-phase assignment workflow,
described as follows:

Phase I: Initial Assignment. This phase constructs an initial
mapping from workers to aggregators based onγjws andγjwdj

.
Due to synchronization constraints in distributed training, work-
ers within the same DML job typically operate at a uniform
sending rate determined by the slowest member. To reflect
physical locality, we partition the workers of each job according
to their Top-of-Rack (ToR) switch connection: those connected
to the same ToR form a group, denoted as W j

k for the k-th group
in job j. For each group W j

k :
� We compute group-level sending rates γk

s =
minw∈W j

k
γjws for each INA switch s ∈ SINA, and

γk
dj

= minw∈W j
k
γjwdj

for the PS, capturing the bottleneck
rate within the group.

� Workers are then assigned to aggregators in proportion
to these rates. Specifically, the number of workers as-
signed to each aggregator � ∈ SINA ∪ PS is approximately

nk
� = �|W j

k | × ρk� 	, where ρk� =
γk
�∑

�′∈SINA∪dj γk
�′

. We en-

sure
∑

�∈SINA∪dj
nk
� = |W j

k |. This proportional allocation
routes more gradient flows to aggregators with higher
capacity, closely emulating the optimal LP solution.

Phase II: Bandwidth-Aware Adjustment. As the PS often
represents a major communication bottleneck, this phase refines
the assignment to avoid PS overloading:
� We calculate N cap

dj
=

uplink_cap(dj)
γj

, the maximum number
of flows that can traverse through the PS link at the rate γj
derived from the relaxed LP, where uplink_cap(dj) is the
uplink bandwidth capacity of the PS.

� The actual load generated by the initial assignment, N load
dj

,
is the sum of direct worker flows to the PS, plus aggregator-
to-PS edge flows: N load

dj
=

∑
k(
∑

w∈W j
k

I(w → dj) +∑
s∈SINA I(s → dj)), where I(·) is an indicator for the

routes to PS dj .
� If N load

dj
> N cap

dj
, we iteratively reassign worker flows from

the PS to INA switches with available capacity and less
load. If necessary, we reroute aggregated flows from over-
assigned INA switches to others, ensuring all adjustments
maintain feasible loads at the PS, N load

dj
≤ N cap

dj
.

By identifying group-wise rate bottlenecks and adaptively
balancing aggregator utilization, our method more closely aligns
routing decisions with the relaxed rate solutions. This approach
stands in contrast to conventional rounding methods, which may
fail to fully exploit the optimality of the relaxed solutions.

VI. PERFORMANCE EVALUATION

A. Experimental Methodology

Network topologies: We evaluate LLMINA on two represen-
tative data center network topologies: Spine-leaf and Fat-tree.
The Spine-leaf topology features 5 spine switches, 10 leaf (ToR)
switches, and 200 servers, with each leaf switch connected to
20 servers via 100 Gbps links; each leaf–spine link operates at
400 Gbps. The Fat-tree topology includes 4 core switches, 8

aggregation switches, 8 edge (ToR) switches, and 160 servers,
with each server linked to its ToR switch at 100 Gbps, edge–
aggregation links at 500 Gbps, and aggregation–core links at
250 Gbps, capturing typical oversubscription in hierarchical
designs. To model realistic in-network computation constraints,
we limit INA-enabled switches to a budget ofK, each supporting
up to 750 Gbps of processing throughput. This setup enables us
to assess INA placement under practical bandwidth and compute
capacity limitations.

Baselines: We compare LLMINA with two state-of-the-art
approaches: TAPINA [27] and GRID [24]. TAPINA jointly op-
timizes INA function placement and job prioritization, requiring
all workers of a job to aggregate gradients at the same INA
switch (or PS), while allowing INA switches to be shared across
jobs to conserve switch budget. GRID is designed to maximize
gradient sending rates through optimal routing, but it targets
single-job scenarios and does not optimize INA placement. For
a fair comparison, we deploy INA functions at the same locations
as LLMINA when evaluating GRID, and sequentially process
each job to adapt it for multiple jobs.

Performance metrics: Our primary performance evaluation
metric is the gradient aggregation makespan. This metric quanti-
fies the maximum time interval required for gradient aggregation
completion across all concurrent DML jobs. For an individual
job, the time to finalize gradient aggregation is intrinsically gov-
erned by two key factors: the volume of gradient data (directly
proportional to model size) and the achieved gradient sending
rate. Consequently, the overall system makespan is dictated by
the job with the longest aggregation time, thereby effectively
pinpointing performance bottlenecks and comprehensively as-
sessing the aggregate efficiency of the system. To provide a
more holistic understanding of system performance beyond the
makespan, we also collect and analyze the following metrics: the
gradient sending rate per DML job, the average INA resource
utilization of the network switches, and the total communication
overhead. The gradient sending rate per job offers insight into
the individual job’s network throughput capabilities. The INA
resource utilization of switches is crucial because it reflects the
degree to which the network infrastructure is being utilized by
the aggregation process. The total communication overhead,
qualified by the aggregate volume of traffic traversing all net-
work links, quantifies the overall network burden imposed by
the DML jobs.

Foundation models: Our evaluation of LLMINA uses sev-
eral popular LLMs, including GPT-4o-mini, GPT-3.5-Turbo,
Llama-3.1-8B, and Qwen2.5-7B-Instruct. Unless otherwise
specified, LLMINA employs GPT-4o-mini as the default base
model due to its consistently strong performance (see Ta-
ble IV for details). Closed-source GPT models (e.g., GPT-
4o-mini, GPT-3.5-Turbo) are accessed via API calls, while
open-source models (e.g., Llama-3.1-8B, Qwen2.5-7B-Instruct)
are deployed locally on NVIDIA RTX 3090 GPUs for infer-
ence. The LLM-driven INA placement algorithm is developed
on the foundation of LLM4AD [94], an open-source Python-
based platform that leverages LLMs for automatic algorithm
design.
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Fig. 3. Impact of INA resource budgets. LLMINA consistently reduces makespan (up to 74.1%) and boosts sending rate (up to 3.7×) by maintaining superior
and sustained INA resource utilization.

TABLE III
SUMMARY OF CONSTRAINT GROUPS IN P1 FORMULATION

The LLM-driven heuristic search was conducted over 10
evolutionary generations using a Top-K Fitness-Based Selection
strategy with a population size q = 4. In each generation, 4 off-
spring were produced via crossover (E1, E2) and mutation (M1,
M2). Heuristic fitness was rigorously defined as the inverse of
the normalized makespan, averaged across a comprehensive set
of instances varying in switch processing capacity, the number
of concurrent DML jobs, and the INA switch budget, ensuring
optimal robustness across diverse conditions.

B. General Performance Results

First, we evaluate the overall effectiveness of LLMINA un-
der varying resource constraints and workload characteristics.
Specifically, we conduct two sets of experiments to compare the
overall performance: (i) under different INA resource budgets,
and (ii) across diverse workloads.

(1) Performance comparison across varying INA resource
budgets: To thoroughly investigate the impact of INA resource
constraints, we vary the number of INA-capable switches in
the network. Each experimental trial involves eight concurrent
DML jobs. For each job, the model size is randomly sampled
from [10, 1000] MB. The number of workers per job (inclusive
of a single parameter server) is selected from the interval [10,
Smax]. The value of Smax is set to ensure full utilization of the
available server pool guaranteeing a minimum worker count per
job. Within each job, one worker is randomly designated as PS;
all other nodes functioned as workers responsible for gradient
computation and transmission. Workers are consolidated and
deployed under a consecutive set of ToR switches.

As depicted in Fig. 3(a) and (b), the gradient aggregation
makespan and gradient sending rate exhibit the expected inverse
correlation. All methods consistently demonstrate a reduction
in makespan and a corresponding improvement in sending rate
as the number of INA-capable switches, increases from 1 to
10. This observed trend validates the efficacy of enhanced
in-network aggregation capacity, as a higher availability of
INA switches enables a larger proportion of gradient traffic to
be aggregated locally, thereby mitigating link contention and
augmenting overall communication efficiency. In direct compar-
isonour proposed approach, LLMINA, consistently outperforms
both GRID and TAPINA across all INA budget settings. For
instance, under the constraint of budget K = 1, GRID incurs
a makespan of 120 ms and TAPINA approximately 170 ms.
In contrast, LLMINA achieves a substantially lower makespan
of 45 ms. This translates to a reduction of 53.3% compared to
GRID and 74.1% compared to TAPINA. respectively, LLMINA
demonstrates a significantly higher rate of 10 Gbps. This con-
stitutes an impressive performance gain of 150% over GRID
and 233% over TAPINA. Even under a relaxed budget of K
= 8, LLMINA maintains substantial performance advantages,
achieving a 56.3% reduction in makespan over GRID and 57.3%
over TAPINA, while boosting the sending rate by 120.1% and
124.5%, respectively.

Complementing these efficiency gains, Fig. 3(c) compares the
average INA resource utilization. GRID exhibits high utilization,
starting at 100% for K = 1 and decreasing sharply to 38–44%
for larger K, suggesting heavy initial INA resource leveraging
that saturates at lower K. TAPINA shows consistently lower
utilization, beginning at 21% for K = 1 and and moderately
increasing to 35–38% for larger K, indicating a more conser-
vative resource usage strategy. LLMINA demonstrates an initial
high utilization of 98% at K = 1 and stabilizes between 75–
77% for larger K. This pattern suggests LLMINA intelligently
scales down its INA resource demand as more switches become
available, while maintaining significant usage, indicating an
efficient allocation strategy that balances resource usage with
communication performance.

Finally, Fig. 3(d) reports the communication overhead. TAP-
INA achieves the lowest overhead due to its proximity-based
routing strategy, which selects the nearest INA switch for each
job’s workers. However, this localized optimization, while re-
ducing immediate overhead, limits TAPINA’s ability to fully
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TABLE IV
MAKESPAN (MICROSECONDS) COMPARISON USING DIFFERENT LLMS.

Fig. 4. Impact of workload density. LLMINA demonstrates superior robustness, achieving a lower makespan (up to 68% reduction) and over 2.9× higher sending
rates, especially where baselines degrade sharply.

Fig. 5. Impact of switch processing capacity. LLMINA efficiently exploits INA resources, reducing makespan by up to 63.2%. Its performance is often limited
by network link bandwidth, rather than switch processing capacity.

leverage available INA resources, particularly under larger K,
ultimately leading to load imbalance and reduced resource uti-
lization LLMINA and GRID exhibit similar levels of communi-
cation overhead, with differences within 15%. Critically, despite
this comparable overhead, LLMINA achieves a significantly
lower makespan.

(2) Performance comparison across varying workloads: We
further evaluate the impact of varying workloads, specifically
the number of concurrent DML jobs. For these experiments, the
number of INA switches is set to three in the network.

As shown in Figs. 4(a) and 5(d), increasing job concurrency
from 1 to 6 intensifies network contention, causing makespan
to rise and sending rate to fall across all methods. Beyond
6 jobs, a slight improvement occurs as localized communica-
tion reduces inter-rack traffic. LLMINA consistently outper-
forms GRID and TAPINA, particularly under high contention.
For instance, with three jobs, LLMINA offers 49.1% lower
makespan and 70.6% higher sending rate than GRID. With eight
jobs, these advantages extend to 65.8% and 179.5%, respec-
tively. GRID degrades sharply due to its greedy routing, while
TAPINA’s local optimization limits scalability. Fig. 4(c) shows
that LLMINA and GRID exhibit decreasing INA switch utiliza-
tion as job count rises, reflecting balanced workload distribution

and approaching aggregation saturation. Conversely, TAPINA’s
utilization increases, peaking at 95.4% with one job. This high
single-job utilization stems from its memory-aware heuristic
that dedicates one switch per job, failing to leverage remaining
resources and leading to poor scalability and load imbalance
under higher concurrency.

Fig. 4(d) reports communication overhead. As job count in-
creases, overhead grows nearly linearly for all methods due to in-
creased traffic. TAPINA achieves the lowest overhead via prox-
imity routing, but this limits resource utilization. LLMINA and
GRID show comparable overhead (within 20%), yet LLMINA
achieves a significantly lower makespan.

(3) Performance comparison across varying INA switch ca-
pacity: We further investigate the impact of INA switch process-
ing capacity by varying it from 250 Gbps to 1250 Gbps.

As illustrated in Fig. 5(a) and (b), increasing processing
capacity naturally reduces the aggregation makespan
and boosts sending rates across all schemes. However,
LLMINA consistently outperforms the baselines in both
resource-constrained and resource-abundant scenarios.
Specifically, under a constrained capacity of 250 Gbps,
LLMINA reduces the makespan by approximately 55.4%
compared to GRID and 63.2% relative to TAPINA. Even
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Fig. 6. Optimality gap and runtime analysis. LLMINA closely tracks the LP
relaxation lower bound, offering a tight approximation to the optimal solution
with negligible runtime overhead (< 1 s) compared to the solver’s exponential
complexity.

with an ample capacity of 1250 Gbps, LLMINA sustains its
advantage and achieves makespan reductions of 56.0% over
GRID and 48.0% over TAPINA. This demonstrates its ability
to fully exploit the additional computing power.

Fig. 5(c) offers further insights into resource efficiency, show-
ing that LLMINA exhibits a decreasing trend in switch uti-
lization as processing capacity increases, indicating it fully uti-
lizes path resources until constrained by link bandwidth limits,
rather than switch processing constraints. In contrast, GRID and
TAPINA show less pronounced utilization trends, suggesting
their performance is limited by suboptimal use of switch ca-
pacity. Notably, LLMINA maintains higher resource utilization
than both baselines across all tested conditions.

Finally, the communication overhead analysis in Fig. 5(d)
confirms that LLMINA achieves a strategic balance. It reduces
traffic volume by 54.2% compared to GRID at low capacity
while avoiding the throughput limitations inherent in the rigid
routing strategy employed by TAPINA.

C. Component-Wise Performance Results

(1) Optimality and runtime analysis: We evaluate LLMINA’s
optimality and efficiency by comparing its makespan and exe-
cution time against the LP-relaxation lower bound and an exact
solver. As shown in Fig. 6, LLMINA consistently tracks the LP
lower bound, maintaining a tight approximation to the optimal
solution across varying job scales (K = 1, 3). Crucially, while
the exact solver exhibits exponential complexity—with runtimes
escalating to over 103 seconds, LLMINA consistently completes
within sub-second latency (< 1s). These results demonstrate
that LLMINA effectively sidesteps the state-space explosion
of traditional optimization, providing near-optimal results with
negligible overhead suitable for DML environments.

The results above show that the superior performance of
LLMINA derives from its joint optimization of INA placement
and gradient flow routing. To better understand the individual
contribution of each component, we further conduct two sets of
ablation experiments, each isolating one aspect.

Fig. 7. Component-wise performance comparison. (a) Placement analysis:
LLMINA reduces makespan by 45% over ExpertGreedy. (b) Routing analysis:
LLMINA outperforms both and LP-rounding baseline and pure LLM-guided
routing.

(2) Effectiveness of INA placement policy: We evaluate place-
ment efficiency by comparing our LLM-generated placement
policy (LLM_X), against two baselines under a unified rout-
ing policy: Random_X and ExpertGreedy_X. The latter ranks
candidate switches using a multi-objective metric considering
network proximity and gradient absorption capacity. As shown
in Fig. 7(a), LLM_X consistently achieves the lowest makespan
across all scenarios. It outperforms Random_X by 28% on
average (up to 45% in light workloads). More importantly,
LLM_X yields a 13% average (19% peak) improvement over the
ExpertGreedy_X heuristic. These results demonstrate that while
human-defined heuristics rely on static scoring, LLM-guided
placement heuristic effectively captures the intricate and non-
linear dependencies between topology and workload dynamics.
By leveraging high-level reasoning, LLMINA identifies supe-
rior placement configurations that transcend the limitations of
manual designs, significantly accelerating gradient aggregation.

(3) Effectiveness of gradient flow routing policy: We also
evaluate routing efficiency by comparing LLMINA against three
benchmarks: the theoretical LP-relaxed lower bound (coined
with LLM_X+LP_Relax_Y), a standard max-rounding base-
line (LLM_X+LP_RelaxRound_Y), and a pure LLM-generated
heuristic (coined with LLM_X+LLM_Y). As shown in Fig. 7(b),
the max-rounding baseline yields significant performance degra-
dation (1.78×–2.29× of the LP-relaxed lower bound). This
stems from its rigid binary assignment, which disrupts the
delicate load balancing of the relaxed solution and triggers
congestion hotspots. Similarly, the end-to-end LLM heuristic
only marginally outperforms the baseline. This suggests that
the numerically constrained nature of gradient routing favors
specialized algorithms over LLMs, as the latter struggle to nav-
igate strictly constrained search spaces despite their excellence
in abstract decision-making. In contrast, LLMINA consistently
achieves near-optimal performance (within 1.16×–1.26× of the
bound). By employing a proportional routing strategy and ex-
plicitly accounting for PS-side bandwidth bottlenecks, LLMINA
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Fig. 8. Prompt engineering examples: Initialization (I1), Evolutionary (E1, E2), and Mutation (M1 M2).

TABLE V
AVG. TOKEN USAGE AND COSTS.

effectively avoids uplink overload. These results indicate that
LLMs are currently better suited as co-design tools for high-level
abstraction rather than direct solvers for complex, low-level
network optimization.

(4) Sensitivity to LLM capabilities and operational costs:
We further evaluate the impact of different LLMs on heuristic
quality and operational overhead. As shown in Table IV, GPT-
4o-mini consistently yields the most efficient routing and place-
ment strategies, outperforming GPT-3.5-Turbo, Llama-3.1-8B,
and Qwen2.5-7B by average margins of 22.1%, 32.4%, and
31.3%, respectively. While GPT-3.5 and the two local models
(Llama and Qwen) exhibit comparable performance, the supe-
rior reasoning of GPT-4o-mini translates into significantly lower
makespans, particularly as the number of DML jobs increases.
Beyond performance, Table V highlights the economic and
computational efficiency of our approach. GPT-4o-mini not only
achieves the best results but also maintains a lower footprint,
requiring fewer input/output tokens than GPT-3.5-Turbo and
incurring a negligible cost (avg. $0.0186 per run). Notably,
although local models (Llama-3.1-8B, Qwen2.5-7B) eliminate
API costs, their higher makespans justify the minimal expense
of using a more capable model like GPT-4o-mini. These re-
sults suggest that for complex network optimization, leveraging
advanced yet lightweight models provides an optimal balance
between solution quality and resource expenditure.

Why location matters? In summary, the above experimental
results validate that location, the placement of INA functions
and the dynamic routing of flows to those points, is the primary
determinant of DML performance. Baselines like GRID and
TAPINA fail to map aggregation capacity to heterogeneous

Fig. 9. Heuristic generated by LLM for evaluating the suitability of a switch
for INA function placement.

demands, causing resource underutilization and severe conges-
tion. By contrast, LLMINA’s holistic approach resolves these
bottlenecks, achieving near-optimal makespans where others
degrade. This confirms that the location decisions requires a uni-
fied optimization framework to navigate the intricate interplay
between topology and traffic.

VII. CONCLUSION

In this paper, we introduce LLMINA, an effective approach
to accelerating gradient aggregation in DML workloads through
in-network aggregation (INA). LLMINA addresses the substan-
tial aggregation demands of concurrent training jobs by jointly
optimizing INA functions placement and the of gradient flow
routing. We formulate this challenge as a mixed integer linear
program and introduce a practical two-stage method that com-
bines an LLM-guided heuristic with an optimization-based one.
Our extensive experimental evaluations validate the effective-
ness of LLMINA, demonstrating that joint optimization of INA
placement and routing is crucial to fully realize the performance
benefits of INA resources in DML systems. Furthermore, our
LLM-driven methodology highlights the significant promise of
integrating advanced generative AI to tackle complex network
optimization tasks.
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Limitations and future work: While LLMINA proves effec-
tive for in-network gradient aggreagtion for DML workloads,
its generalizability to broader network optimization challenges
remains unexplored. Furthermore, our methodology relies on
manual sub-problem decomposition. Future work could explore
automated partitioning frameworks, leveraging LLMs as agentic
orchestrators to autonomously decompose complex tasks. We
also plan to integrate real-time feedback to handle network
dynamics, ensuring robustness against volatility and shifting
traffic patterns.

APPENDIX

See Figs. 8 and 9.
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