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Abstract
Modern networks demand routing strategies that jointly optimize
heterogeneous constraints like bandwidth, latency, and compute re-
sources. While LLM-driven algorithm generation excels in static do-
mains, it struggles in dynamic network environments where these
constraints are interdependent and topology-aware. We introduce
NeRM-Net, a reflective co-evolution framework that jointly opti-
mizes task specifications and routing algorithms through network-
aware feedback. At its core, an adaptive environmental feedback
module captures dynamic network states and performance out-
comes. Thismodule steers two complementary processes: (i) structure-
conditioned prompt evolution, which aligns problem descriptions
with graph-level constraints for more effective guidance, and (ii)
feasibility-guided algorithm refinement, which evolves routing
logic by analyzing constraint violations to improve solution quality.
Experiments on Abilene and GEANT topologies show NeRM-Net
consistently outperforms baselines in flow acceptance and resource
efficiency, demonstrating its effectiveness and scalability.

CCS Concepts
• Networks→ Network management; • Computing method-
ologies→ Planning and scheduling; • Software and its engi-
neering → Automatic programming.

Keywords
Network strategy optimization; Resource-constrained routing; LLM-
driven algorithm evolution
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1 Introduction
Modern communication networks increasingly operate in dynamic
environments where traffic demands, resource availability, and even
network topology evolve over time. This dynamism presents the
central challenge for routing optimization: strategies must not only
satisfy multi-dimensional constraints but also adapt in real-time
to environmental fluctuations. The polymorphic smart network ar-
chitecture further envisions full-dimensionally definable, adaptive
infrastructures for future heterogeneous environments [8]. Tradi-
tional approaches [9, 13] often rely on hand-crafted heuristics like
shortest-path or ant colony optimization (ACO), which prioritize
simplicity and efficiency. While simple heuristics offer speed and
interpretability, they fall short in scenarios requiring nuanced trade-
offs among these complex constraints. Recognizing this, recent re-
search efforts have shifted toward designing customized algorithms
for specific network environments, such as hierarchical topolo-
gies [2], multi-tier data centers [6], or edge-cloud coordination
setups [15]. While tailored solutions often leverage hand-crafted
policies, topology-specific rules, or offline-optimized control paths
to enhance flow deployment, their rigid design hinders generaliza-
tion across diverse topologies, dynamic workloads, and evolving
service demands. This lack of adaptability results in performance
degradation under real-world conditions with fluctuating resource
availability and latency-sensitive constraints. Related efforts have
explored verification challenges in programmable networks [16].

Recent advances in code-evolving frameworks [7, 10, 14, 17] pow-
ered by large language models (LLMs) offer a new paradigm: gen-
erating problem-specific algorithms through iterative code refine-
ment and task adaptation. Among these, the NeRM framework [7]
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has shown strong performance in classical combinatorial tasks by
jointly evolving natural language prompts and executable code.
However, when extended to network flow deployment, these meth-
ods reveal critical limitations that hinder their effectiveness. Net-
working tasks present unique difficulties not found in abstract
optimization problems. They involve stateful constraints that are
tightly coupled with graph topology, such as queue-induced latency
and shared link contention, which are difficult to encode in high-
level prompt description. Additionally, LLM-generated algorithms
may violate feasibility conditions or overlook critical trade-offs
between delay and resource distribution without explicit structural
awareness. The general co-evolution mechanism in LLM-based
code generation also struggles to model dynamic network state
effectively, and its reliance on full execution for evaluation leads to
substantial computational overhead during deployment.

To address these limitations, we propose a network-specialized
evolution framework that systematically co-optimizes prompt de-
sign and algorithm generation. The framework integrates three core
components: topology-aware prompt mutation, which ensures that
high-level task descriptions remain aligned with graph-structured
constraints; feasibility-guided algorithm refinement, which incre-
mentally improves routing heuristics by identifying and correcting
constraint violations; and adaptive environmental assessment and
feedback, which inject dynamic feedback into the co-optimization
of prompts and algorithms, enabling better adaptation to input-
scale-specific characteristics. Given a set of flow requests, each
defined by a source-destination pair and a delay threshold, the
goal is to find feasible routing paths under compute, storage, and
bandwidth constraints at both nodes and links, so as to maximize
the flow acceptance rate while minimizing average resource con-
sumption. Our framework tightly integrates network structure and
runtime feedback into the evolutionary process, enabling adaptive
and efficient routing strategy generation tailored for dynamic and
heterogeneous network environments.

Our contributions can be summarized as follows:

• We formulate a dynamic network routing problem model
that imposes strict delay and resource constraints on both
nodes and links, and there are environmental topology changes
on the network.

• Wepropose a topology-aware reflective evolution framework
that applies the LLM-based code generation to resource-
constrained flow routing with latency guarantees.

• Experiments on real-world topologies show improved flow
acceptance and resource efficiency over different methods
and environment shifts.

2 Preliminary
2.1 Network Flow Management Problem
Formally, the network is modeled as a directed graph 𝐺 = (𝑉 , 𝐸),
where 𝑉 denotes the set of nodes and 𝐸 the set of directed links.
Similar to the setting common in virtual network function [3]. Each
node 𝑣 ∈ 𝑉 is associated with available computational and storage
capacities, denoted as 𝑐𝑣 and 𝑠𝑣 , respectively. Each link 𝑒 ∈ 𝐸 is
characterized by its bandwidth 𝑏𝑒 and latency 𝑑𝑒 . A communication
request is defined as a tuple 𝑟𝑖 = (𝑠𝑖 , 𝑡𝑖 , 𝑑max

𝑖
, r𝑖 ), where 𝑠𝑖 and 𝑡𝑖

denote the source and destination nodes, 𝑑max
𝑖

specifies the maxi-
mum allowable end-to-end latency, and r𝑖 = [𝑐𝑖 , 𝑠𝑖 , 𝑏𝑖 ] represents
the required computational, storage, and forwarding resources, re-
spectively. The goal is to determine a set of routing paths {𝑃𝑖 }, one
for each request 𝑟𝑖 , such that:

• Delay constraint:
∑
𝑒∈𝑃𝑖 𝑑𝑒 ≤ 𝑑max

𝑖
,

• Resource constraint:The total resource consumption across
all paths does not exceed the capacities of nodes and links,

• Throughput maximization: Maximize the number of suc-
cessfully routed requests: [max{𝑃𝑖 }

∑
𝑖 I[𝑃𝑖 is feasible]]

This problem extends classical delay-constrained routing by in-
corporating multi-dimensional resource constraints at both node
and link levels. It can be viewed as a generalized knapsack problem
over graphs and is inherently NP-hard, similar to the challenges
faced in virtual network embedding with learned heuristics [12].
The joint optimization of throughput and balanced resource utiliza-
tion introduces significant challenges, particularly in large-scale
dynamic environments [11].

2.2 LLM for Strategy Evolution
LLMs have demonstrated strong capabilities in code generation
and algorithm design by translating natural language prompts into
executable programs. The standard pipeline typically involves three
stages: (1) encoding the task description as a prompt, (2) invoking an
LLM to generate one or more candidate programs, and (3) executing
these candidates to evaluate their performance.

While effective, this paradigm largely treats the prompt and code
generation as loosely connected stage. Most existing methods fix
the prompt throughout the process, focusing solely on generating
and selecting optimal code from a large candidate pool. This one-
shot prompting strategy overlooks the impact of task specification
quality on the alignment and effectiveness of the generated algo-
rithms. To address these limitations, NeRM proposes a biologically
inspired co-evolution framework that jointly evolves prompts and
codes. NeRM introduces two interleaved modules: Metamorphosis
on Prompts (MoP), which refines task specifications through re-
flection and prompt mutation, and Metamorphosis on Algorithms
(MoA), which evolves heuristic programs conditioned on the re-
fined prompts. These two modules form a nested loop, enabling
continual improvement of both the input specification and the re-
sulting algorithm. NeRM further incorporates a predictor-assisted
evaluation mechanism that uses LLM embeddings and a pairwise
ranking model to estimate code quality, allowing early elimina-
tion of weak candidates and reducing the cost of full execution.
By integrating prompt evolution, algorithm refinement, and effi-
cient evaluation, NeRM establishes a more adaptive, scalable, and
performance-aware paradigm for LLM-driven algorithm design.

3 Methodology
We consider the problem of resource-constrained routing in enterprise-
scale networks, where each node has limited computational and
storage capacities, and each link is characterized by constrained
bandwidth and latency. Given a collection of communication re-
quests, the objective is to determine feasible routing paths that
jointly satisfy delay and resource constraints while maximizing the
number of successful transmissions. This problem, formalized as a
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Figure 1: Overview of NeRM-Net, highlighting the iterative optimization loop between Structure-conditioned Prompt Evolution (SPE) and
Feasibility-guided Code Evolution (FCE). The framework integrates adaptive environmental feedback (tracking topology dynamics and resource
states) to drive SPE-FCE interactions, enhancing the generation of routing strategies tailored to dynamic, resource-constrained networks.

graph-based generalization of the knapsack problem, is NP-hard
and requires the coordination of heterogeneous resources under
strict performance constraints.

To tackle this challenge, we adopt a dual-stage learning frame-
work that iteratively refines both the formulation of the problem
and the generation of heuristic algorithms. The approach consists of
two interacting components: one that evolves the task description
in natural language, capturing high-level problem characteristics,
and another that synthesizes and optimizes routing heuristics based
on the evolving specification. These components operate in a closed
loop, allowing the system to gradually align task understanding
with effective algorithmic design.

3.1 Structure-conditioned Prompt Evolution
In the context of our routing problem, a prompt serves as a natural
language description of the optimization objective and the opera-
tional constraints. A typical prompt may express that the system
must prioritize requests with tight latency bounds, balance compu-
tational loads across underutilized nodes, or avoid congested links.
The expressiveness of the prompt plays a crucial role in shaping
the behavior of the language model during heuristic generation.
However, hand-crafted prompts often suffer from incompleteness
or misalignment with the underlying graph-level constraints.

To address this, we incorporate a reflection-driven prompt evo-
lution mechanism. The process begins with a diverse set of initial
prompts, which may describe the problem from different perspec-
tives, such as resource-aware path selection, delay-sensitive for-
warding, or queue-state monitoring. Each prompt is used to guide
the generation of candidate routing algorithms, whose performance
is then evaluated over a batch of communication requests. Based

on the feedback, a language model analyzes historical performance
patterns and refines the prompt by adjusting its emphasis on key
constraints or introducing new semantic elements. For instance, a
prompt that initially emphasizes delay minimization may evolve to
incorporate resource balancing when low-throughput performance
is observed. Through this iterative refinement, the prompts become
increasingly aligned with the latent structure of the problem and
serve as effective guidance for subsequent code generation.

3.2 Feasibility-guided Code Refinement
Conditioned on the current prompt, the framework generates heuris-
tic algorithms expressed as executable code for selecting routing
paths. Each candidate algorithm is amapping from request specifica-
tions and network states to path selection decisions, incorporating
logic for constraint checking and resource tracking. The initial code
candidates are generated via a language model and encode various
routing strategies, such as greedy link selection based on residual
bandwidth, shortest-delay path traversal with feasibility pruning,
or node-level admission control based on resource profiles.

To continuously improve the quality of the heuristics, we adopt
an evolutionary process in which candidate algorithms are refined
through multiple rounds of generation, evaluation, and variation.
A reflection module analyzes previously generated code to identify
reusable components and extract implicit design principles, such as
prioritizing short paths under tight latency constraints or distribut-
ing flows across disjoint paths to reduce contention. Based on these
insights, new candidate algorithms are synthesized by modifying
conditionals, altering scoring functions, or recombining segments
from high-performing code. This evolution in code space enables
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Table 1: Details of Structure-conditioned Prompt Evolution (SPE) and Feasibility-guided Code Evolution (FCE)

Module Structure-conditioned Prompt Evolution (SPE) Feasibility-guided Code Evolution (FCE)

Initial population

Combines manually crafted topology-aware prompts (extract
network features like node types and link tiers) and LLM-
generated variants to ensure initial alignment with network
structure.

Initializes with LLM-generated code candidates based on SPE
prompts, supplemented by feasible code snippets (e.g., basic
constraint-checking logic) to ensure baseline feasibility.

Reflection

Analyzes performance gaps (e.g., underutilized nodes, latency
overruns) to refine prompts, emphasizing overlooked struc-
tural constraints (e.g., "prioritize links in GEANT’s ultra-high
tier").

Identifies feasibility violations (e.g., resource exhaustion)
from execution logs, extracting rules like "prune paths with
node storage < request demand" for code refinement.

Evolution
Evolves prompts via structure-targeted mutation (e.g., ad-
justing emphasis on node/link attributes) and crossover of
high-performing topology descriptions.

Evolves code by fusing feasible segments (e.g., residual band-
width check + latency pruning) and mutating constraint logic
to adapt to dynamic network states.

Update Retains top-performing prompts/algorithms via validation on diverse topologies.

the system to explore a rich set of strategies that adapt to the combi-
natorial nature of the routing problem and progressively approach
optimal or near-optimal solutions under practical constraints.

3.3 Adaptive Environmental Assessment and
Feedback

The adaptive environmental assessment and feedback module acts
as a dynamic bridge between network input features and the two
core modules. It captures multi-dimensional network inputs: static
topology attributes (e.g., node heterogeneity like compute/storage-
intensive nodes, link hierarchy such as ultra-high bandwidth tiers)
and real-time dynamic states (node resource utilization, link band-
width consumption, latency fluctuations, and traffic request char-
acteristics like delay thresholds).

The prompt and code evolution modules interact in a tight loop.
The performance of algorithms provides signal for improving the
prompt, while improved prompts guide the generation of more
effective algorithms. This co-adaptive design enables the system to
optimize problem abstraction and solution synthesis jointly. As a
result, the framework can discover routing policies that are tailored
to the structure and dynamics of large-scale enterprise networks.

4 Experiments
4.1 Experimental Settings
Dataset. We evaluate the proposed NeRM-Net on two standard
network topologies widely used in network research: the Abilene
network and the GEANT network [1]. For the Abilene network,
we form a relatively simpler scenario. The compute and storage
resources of each node are set to 10 units. The edges are bidirec-
tional, where each link has a bandwidth capacity of 10 units and
varying delay characteristics ranging from 2 to 4 time units. For the
GEANT network, we form a more complex scenario. Nodes are as-
signed heterogeneous compute (20–120 units) and storage (20–120
units) resources based on their roles: compute-intensive nodes pri-
oritize higher compute capacity, storage-intensive nodes focus on
larger storage, and balanced nodes maintain moderate levels of
both. Network edges are bidirectional, with bandwidth (10–120
units) and delay (1–20 units) categorized into four tiers (ultra-high,
high, medium, low) to create differentiated link characteristics.

We generate datasets containing multiple network request in-
stances, where each instance represents a collection of network
service requests. The source node 𝑠𝑖 and the destination node 𝑡𝑖

are selected from the network randomly. The compute resource
𝑐𝑖 , storage resource 𝑠𝑖 , and bandwidth resource 𝑏𝑖 requirements
and delay threshold 𝑑max

𝑖
are sampled uniformly from [1, 3], [1, 3],

[2, 5] and [10, 20] respectively. Additionally, we generate datasets
of varying complexity, e.g., 20, 50, and 100 requests per instance
for small-, medium-, and large-scale problems, respectively. Each
scale includes 10 training, 20 validation, and 20 test instances.

Metrics. The evaluation metric is the optimization objective, de-
fined as the number of successfully routed requests and denoted as
Obj. We also compute the performance gap between each method
and the optimal solution. For 20-flow scenarios, the optimal method
adopts the arrangement derived from depth-first search as the opti-
mal solution. For 50-flow and 100-flow scenarios, due to the exces-
sive time consumption of depth-first search, we take the average-
weight method without priority as the benchmark. Positive values
indicate the performance gap from the optimal value, whereas neg-
ative values reflect improvement over the benchmark.

Baselines. The baseline algorithms include Optimal [4], Average
(simply without priority), Greedy [9], and Ant Colony Optimization
(ACO) [5]. The Optimal algorithm exhaustively searches all possi-
ble priority orderings of requests to find the best deployment. The
Average algorithm assigns equal priority to all requests, effectively
resulting in random deployment. The Greedy algorithm prioritizes
requests based on a heuristic function; in our baseline, this func-
tion is simplified to the request ID, leading to a strict arrival-order
deployment. ACO selects requests in each iteration using a com-
bination of pheromone levels and a heuristic function, iteratively
constructing a deployment sequence. In the baseline setting, the
heuristic function is uniform across all requests.

4.2 Performance Comparison
Effective of NeRM-Net. We first evaluate the overall effectiveness

of NeRM-Net against traditional routing algorithms. As shown in
Table 2, NeRM-Net significantly outperforms all baselines across
problems of varying scale. For the 20-flow instances where an op-
timal solution is computable, NeRM-Net achieves a near-optimal
objective value of 11.11, reducing the performance gap to just 2.81%.
In contrast, traditional methods like Greedy and ACO lag consid-
erably, with gaps exceeding 16%. The superiority of NeRM-Net
becomes even more pronounced in larger-scale scenarios. For the
50-flow and 100-flow problems, NeRM-Net improves upon the Av-
erage baseline by 31.01% and 57.49%, respectively, demonstrating its
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Figure 2: Evolution process of NeRM-Net. We outline the key prompts and best codes generated from NeRM-Net. Moreover, we present the best
algorithm in the final iteration and compare it with typical human-designed strategies.

exceptional scalability and ability to discover high-quality heuristics
for complex, resource-constrained routing tasks. This highlights
the framework’s capacity to evolve sophisticated policies that effec-
tively navigate the trade-offs between multiple network constraints,
a task where conventional heuristics fall short.

Effect of Different LLMs. The performance of NeRM-Net is inher-
ently linked to the capabilities of its underlying Large Language
Model (LLM). We conducted experiments with several state-of-the-
art LLMs, with results summarized in Table 3 (the second one).
The findings indicate that more powerful models generally yield
better results. For instance, Gemini-1.5 Pro achieves a remarkable
near-optimal performance on the 20-flow problem, closing the gap
to just 0.19%. On the highly complex 100-flow instances, Llama-3
70B delivers the best performance. Notably, even with a widely
accessible model like GPT-3.5-Turbo, our framework substantially
outperforms all traditional baselines, confirming the robustness and
versatility of the NeRM-Net architecture. This shows that NeRM-
Net can effectively leverage the reasoning power of various LLMs
to tackle complex optimization challenges.

Adaptive Ability of Typical Methods.
We conduct a detailed analysis across various network service

quality and resource utilization metrics. As illustrated in Figure 3
and Figure 4, these experiments cover different problem scales (20,
50, and 100 flows) and network topologies (Abilene and GEANT).
Each figure is divided into three gray-scaled sections representing
results under 20-flow, 50-flow, and 100-flow scenarios respectively,
and each gray-scaled section contains two subsections for Abilene

Table 2: Comparisons of different methods. Bold results indicate the
best performance.

Method 20-flow 50-flow 100-flow
obj gap(%) obj gap(%) obj gap(%)

optimal 11.43 0.00 - - - -
Average 9.55 16.45 12.65 0.00 12.88 0.00
Greedy 9.57 16.26 12.00 5.10 12.82 0.49
ACO 9.55 16.45 11.95 5.48 13.18 -2.34

NeRM-Net 11.11 2.81 16.57 -31.01 20.29 -57.49

Table 3: Performance comparison using different LLMs as the back-
bone of NeRM-Net. Bold values indicate the best performance, while
underlined values represent the second-best performance.

Method 20-flow 50-flow 100-flow
obj gap(%) obj gap(%) obj gap(%)

optimal 11.43 0.00 - - - -
Average 9.55 16.45 12.65 0.00 12.88 0.00

GPT-3.5-Turbo 11.15 2.44 16.47 -30.24 20.19 -56.74
GPT-4-Turbo 11.22 1.85 13.69 -8.26 20.06 -55.72
Llama-3 70B 10.40 9.03 14.51 -14.74 22.05 -71.16
Gemini-1.5 pro 11.41 0.19 16.88 -33.48 21.22 -64.72
DeepSeek-V3 10.30 9.90 15.29 -20.91 21.20 -64.56
GLM-4-Flash 11.11 2.81 16.57 -31.01 20.29 -57.49

and GEANT topologies, with each subsection presenting the per-
formance bar charts of the avg, greedy, and NeRM-Net approaches.
For evolutionary algorithms, we run them on Abilene topology and
fine-tune them on GEANT topology. For fixed strategy methods,
we run the same algorithm on different topologies.
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(a) success ratio

(b) delay variance

(c) violation ratio

Figure 3: Network indexes: better and stabler across different prob-
lem sizes and topologies.

The results highlight NeRM-Net’s superior performance in main-
taining high network service quality. As shown in Figure 3a,
NeRM-Net consistently achieves the highest success ratio across all
tested scenarios. Furthermore, it maintains the lowest violation rate
(Figure 3c), demonstrating its effectiveness in adhering to delay
constraints where other methods, such as the greedy approach, fall
short. Figure 3b further reveals that NeRM-Net offers a more sta-
ble and predictable service by achieving lower average delay with
significantly smaller variance, a critical factor for ensuring Qual-
ity of Service (QoS). Crucially, NeRM-Net achieves this enhanced
performance with remarkable resource efficiency. Figure 4 shows
that the average utilization of compute, storage, and bandwidth
resources by NeRM-Net is comparable to, and in many cases lower
than, the baseline methods. For example, in the 50-flow Abilene sce-
nario, NeRM-Net delivers a much higher success ratio than the avg
baseline (0.371 vs. 0.305) while consuming less bandwidth (9.108
vs. 9.950). This demonstrates that NeRM-Net evolves sophisticated
heuristics capable of identifying more efficient routing paths that
intelligently balance load across the network. In summary, these

(a) average computing resource utilization

(b) average storage resource utilization

(c) average bandwidth resource utilization

Figure 4: Network utilization: reduce average utilization while keep-
ing high performance.

findings underscore NeRM-Net’s strong adaptive ability to deliver
high-quality, efficient solutions across diverse network conditions.

5 Conclusion
Thiswork proposes a network-specialized reflective evolution frame-
work for resource-constrained routing in dynamic networks. NeRM-
Net integrates topology-aware prompt evolution, feasibility-guided
code refinement, and lightweight surrogate evaluation to address
limitations of traditional methods. Experiments on Abilene and
GEANT topologies show NeRM-Net outperforms baselines across
different number of flow sizes, with up to 57.49% higher flow ac-
ceptance and efficient resource use. NeRM-Net advances adaptive
network optimization. Future work will scale to hybrid architec-
tures and enhance real-time tracking.
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