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ABSTRACT 
 
The most recent large language models (LLMs) have impressive problem-solving capabilities in tasks such 

as code generation and completing math problems. However, a majority of current benchmarks on recent 

LLMs test only on academic or competition style questions, leading to gaps in our understanding of the 

capabilities of LLMs. This paper introduces the first benchmark that evaluates LLMs on network 

optimization problems from operations research, including shortest-path routing, min-cost flow, and 

multicommodity flow. Such problems test LLM’s abilities to both follow structured instructions and 

conforming to complex constraints along with long-term reasoning on complex tasks. By controlling the 

complexity of synthetically generated instances, we reveal critical differences in the reasoning and 

planning capabilities of seven frontier models. Our work bridges the Operations Research (OR) and LLM 

communities, positioning network optimization as a rigorous and scalable framework for evaluating and 

advancing LLM reasoning.  
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1. INTRODUCTION 
 

The most recent large language models (LLMs) have impressive problem-solving capabilities in 

tasks such as code generation and completing math problems. Benchmarks such as GSM8K, 

MATH, SAT, OCW, MMLU STEM, AIME2024 [1, 2, 3, 4, 5, 6, 7] have played a pivotal role in 
charting progress, however, many of these benchmarks are now saturated [8, 21, 23, 27]. They 

now offer only limited differentiation among the newest LLMS models and thus limited insights 

for the next step in development. Moreover, the mathematical questions in datasets such as the 
SAT and AIME are drawn from grade-school or competition-level problems, with limited 

connection to real-world decision-making contexts.  

 
In contrast, classical problems from the operations research (OR) domain—especially those 

involving network optimization—are linked to planning and resource allocation. In this work, we 

introduce the first benchmark that systematically evaluates LLMs using canonical network 

optimization problems. Our benchmark spans three classes of increasing complexity: (1) 
shortestpath routing without capacity constraints, (2) minimum-cost flow with capacity 

constraints, and (3) multi-commodity flow problems. Such problems test LLM’s abilities to both 

follow structured instructions and conforming to complex constraints [14, 15] along with long-
term reasoning [16, 17] on complex tasks.  

 

These problems are artificially created by us, allowing us to control complexity factors such as 

graph size, complexity, and flow demands. Such features allow us to evaluate how well LLMs 
reason over structured, multi-step optimization tasks.   

https://airccse.com/oraj/vol12.html
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From these questions we present results from 7 of the most recent LLMs from OpenAI [23-25],  

Google [21-22] and DeepSeek [26-27], revealing key differences in their reasoning and planning 

capabilities. Additionally our findings highlight gaps in current model capabilities and suggest 

promising directions for both LLM development and their potential viability for use with 
realworld OR tasks.  

 

The primary contributions of this paper are as follows:  
 

1. A Benchmark for Network Flow Optimization Tasks: We introduce the first 

benchmark tailored to network flow optimization problems. This includes a suite of 
evaluation datasets based on classical combinatorial optimization formulations, along 

with a set of diagnostic metrics designed to probe model reasoning, constraint handling, 

and instruction-following capabilities.  

 
2. Comprehensive Evaluation of state-of-the-art LLMs: We evaluate the performance of 

seven of the most recent large language models (LLMs) with both text-based and 

"thinking" [18. 19, 20] modes, which perform internal planning where the model is 
prompted to reason step-by-step before producing a final answer. We provide a 

comparative analysis across models and settings. For instance, models in the GPT series 

exhibit a tendency toward over-optimism in cost estimation and constraint satisfaction, 
while models in the Gemini series display a more conservative, sometimes overly 

pessimistic approach to feasibility and cost trade-offs.  

 

By introducing this benchmark, we aim to bridge the OR and Generative AI communities— 
demonstrating how classical OR problems can serve not only as powerful evaluation tools but 

also as inspiration for future LLM advancements in optimization and decision-making. 

  

2. BACKGROUND –NETWORK OPTIMIZATION PROBLEMS 
 

Network flow optimization is a classical problem in operations research and computer science, 

concerned with determining the most efficient way to route flow through a network subject to 

capacity, demand, and cost constraints. It forms the foundation for many real-world applications, 
including transportation, communication, and supply chain planning [9, 10, 11, 12]. In this paper, 

we use three canonical problems—described in detail below—as the basis for curating our 

benchmark dataset.  
 

2.1. Shortest Path Problem  
 

Given a directed graph 𝐺 = (𝑉, 𝐸) with a cost function 𝑐:𝐸 → ℝ≥0  and two nodes 𝑠, 𝑡 ∈ 𝑉, the 

shortest path problem seeks a path 𝑃 from 𝑠 to 𝑡 that minimizes the total cost:  

 
where 𝑃{𝑠𝑡} denotes the set of all simple paths from 𝑠 to 𝑡 in 𝐺.  

 

2.2. Minimum-Cost Flow Problem (Single Commodity)  
 

In the minimum-cost flow problem with capacity constraints, we are given a directed graph𝐺 = 

(𝑉, 𝐸) with:  
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• edge capacities𝑢𝑖𝑗≥ 0and costs 𝑐𝑖𝑗 for each (𝑖, 𝑗) ∈ 𝐸 

• a source node 𝑠 ∈ 𝑉 and a sink node 𝑡 ∈ 𝑉 

• a required flow demand 𝑑> 0  from 𝑠 to 𝑡 
The objective is to find a flow 𝑓: 𝐸 → 𝑅≥0that satisfies: 

 
subject to:  

 
 
Note that we only consider the problem which allows splitable flows, where the flow is allowed to 

be split across multiple paths from 𝑠 to 𝑡.  
 

2.3. Multicommodity Minimum-Cost Flow Problem  
 

The multicommodity flow problem generalizes the single-commodity case by considering 

multiple source-destination pairs (commodities). Let 𝐾 denote the set of commodities. For each 𝑘 

∈ 𝐾, let (𝑠𝑘, 𝑡𝑘) be the source and sink, and 𝑑𝑘> 0 be the flow demand. Each commodity 𝑘 has a 

flow 𝑓ᵏ:𝐸 → ℝ(≥0).  

 
The goal is to minimize the total cost across all commodities:  

 

 
 

subject to, for all 𝑘 ∈ 𝐾:  

 

 
 

As in the single-commodity case, flows are allowed to be split among multiple paths. The shared 

edge capacities across commodities introduce coupling constraints that make the problem 
significantly more challenging. 
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3. BENCHMARK CONSTRUCTION 
 

 
 

Figure 1: Overall Benchmark Curation and Evaluation Process  

 
As illustrated in Figure 1, our work consists of two phases. The first phase -- “Network 

Optimization Benchmark” involves data curation, where we artificially generate evaluation 

datasets based on classical network optimization problems. It consists of two major blocks – 

Problem Generation and Linear Solver. The Problem Generation block takes a configuration as 
input and produces random problem instances. The Linear Solver block takes the problem 

instance and produces a solution. The benchmark also includes a set of metrics for evaluating the 

solution of the network optimization problem. The second phase -- “LLM evaluation on the 
Network Optimization Benchmark” uses this benchmark to evaluate the performance of LLMs. It 

has four major steps: 1) Prompt generation which converts the structured graph problem instance 

into a prompt for LLM; 2) executing the prompt against the LLM and produces the response; 3) 
parsing the solution from the LLM response; 4) evaluating the generated solution against the 

ground truth solution based on the evaluation metrics from the benchmark. We describe the first 

phase in detail in the current section.  The second phase is described in the next section.   

 

3.1. Problem Generation   
 
As shown in Figure 1, given a problem configuration—including the number of network nodes, 

fan-in and fan-out, edge costs, bandwidth, and flow demands—the problem generation 

component randomly creates a network and a set of flows that need to be routed. For the 

multicommodity flow problem, the configuration also specifies the number of flows.   
 

3.2. LP Solver  
 

The solution to each problem instance is obtained using a linear programming (LP) solver [13]. 

The solver takes as input the network topology and flow specifications, formulates the 

corresponding LP based on flow conservation and capacity constraints, and outputs the optimal 
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routing configuration that minimizes total cost as solution, if there exists a feasible solution; or 
outputs as infeasible.   

 

3.3. Evaluation Dataset Statistics 
 

3.3.1. Shortest Path Problem  

 
For the shortest path problem, we construct evaluation datasets with varying graph sizes, 

organized into four slices. Each slice corresponds to a specific graph size, ranging from 10 to 40 

nodes in increments of 10. For each graph size, the dataset contains 50 problem instances 
generated on random directed graphs with fan-in and fan-out and a single source-destination pair. 

The column “Edges per graph” in Table 1 gives the maximum, average and minimum numbers of 

edges over the 50 problem instances in each slice. The column “Success / Failure” indicates if a 
successful path exists at all. 

 
Table 1: Evaluation Dataset statistics for Shortest Path Problem  

 

 Edges per graph 

[max, avg, min]  

Success / Failure  

10 nodes  33 / 25.62 / 18  48 / 2  

20 nodes  62 / 50.02 / 41  46 / 4  

30 nodes  84 / 75.82 / 64  47 / 3  

40 nodes  119 / 100.8 / 89  45 / 5  

 

The flow length—defined as the number of hops in the shortest path between the source and 

destination—is used as a key metric to characterize the problem difficulty. As the number of 
nodes in the graph increases, both the average and maximum flow lengths also increase, reflecting 

the greater complexity of navigating larger graphs. The distribution of flow lengths for each slice 

is shown in the histograms in Figure 2. 
   

 
 

Figure 2: Flow Length Distribution for the Shortest Path Problem 

  
A successful instance is defined as one in which a valid shortest path between the source and 

destination can be identified. A failure instance occurs when no such path is found. The success 

and failure counts for each slice of the dataset are summarized in Table 1 under the 

"Success/Failure" column. Overall, the success rate remains high across different graph sizes with 
a slight decline as graph complexity increases.  
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3.3.2. Minimum-Cost Flow Problem with Capacity Constraints  
 

For the minimum-cost flow problem with capacity constraints, we construct evaluation datasets 

with varying graph sizes. Similar to the shortest-path problem case, we organized it into four 

slices corresponding to a specific graph size, ranging from 10 to 40 nodes in increments of 10 as 
shown in Table 2. For each graph size, the dataset contains 50 problem instances generated on 

random directed graphs with edge cost and bandwidth constraints and a single source-destination 

pair. 
 

The column “Edges per graph” in Table 2 gives the maximum, average and minimum numbers of 

edges over the 50 problem instances in each slice.  
 

Table 2: Evaluation Dataset statistics for the Min-Cost Flow Problem  

 

 Edges per graph 

[max, avg, min]  

Success / Failures  

10 nodes  33 / 25.62 / 18  38 / 12  

20 nodes  62 / 50.02 / 41  41 / 9  

30 nodes  84 / 75.82 / 64  38 / 12  

40 nodes  119 / 100.8 / 89  39 / 11  

 

The flow length—defined as the length of the minimum-cost path that satisfies flow conservation 
constraints between the source and destination. The distribution of flow lengths for each slice is 

shown in the histograms in Figure 3. As the number of nodes in the graph increases, both the 

average and maximum flow lengths also increase. Compared to the shortest path problem, flow 
lengths in this setting tend to be longer, due to the additional constraints on flow conservation and 

the influence of edge costs. This highlights the increased complexity of the minimum-cost flow 

problem.  
 

 
 

Figure 3: Flow Length Distribution for the Min-Cost Flow Problem  

 
A successful instance is defined as one in which the LP solver identifies a valid path between the 

source and destination that satisfies all problem constraints, including flow conservation and edge 
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capacity limits. A failure instance occurs when no such feasible solution is found. The success 
and failure counts for each slice of the dataset are summarized in Table 2 under the 

"Success/Failure" column. Overall, the success rate is lower compared to the shortest path 

problem, reflecting the increased complexity of the minimum-cost flow formulation.  

 

 
 

Figure 4: A Sample Min-Cost Flow Problem in a 10-node Graph  

 

Figure 4 visualizes a sample min-cost flow problem where node 8 is the source, and node 2 is the 
destination. Optimal paths (8, 3, 9, 1, 5, 2) and (8, 3, 0, 2) are marked in red.  

 

3.3.3. Multicommodity Minimum-Cost Flow Problem  
 

For the Multicommodity Minimum-Cost Flow Problem, we construct evaluation datasets with 

varying graph sizes, similar to the shortest-path problem and mini-cost flow cases. For each 
problem instance generated on random directed graphs with edge cost and bandwidth constraints 

and multiple source-destination pairs.   

 

The column “Commodity number” in Table 3 the number of flows for each slice and the success 
and failure cases over the 50 problem instances in each slice.   

 
Table 3: Evaluation Dataset statistics for Multicommodity Min-Cost Flow Problem  

 

 Commodity number  Success / Failures  

10 nodes  2  27 /23  

20 nodes  4  20 / 30  

30 nodes  6  15 / 35  

40 nodes  8  6 / 44  

 

Figure 5 illustrates the flow length—defined as the length of the minimum-cost path that satisfies 
flow conservation constraints between the source and destination for all commodities. Similarly, 

as the number of nodes in the graph increases, both the average and maximum flow lengths also 

increase.  
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Figure 5: Flow Length Distribution for the Multicommodity Min-Cost Flow Problem  

 

4. EVALUATION RESULTS AND ANALYSIS 
 
In this section, we report the evaluation results for the following 7 state-of-art models from both 

proprietary commercial models and open-source communities:   

  

• Gemini 2.0 Flash (Google) [21]: A lightweight multimodal AI model optimized for 
speed and efficiency across various tasks, capable of processing text, images, video, and 

audio inputs   

• Gemini 2.0 Flash (Thinking Model) [22]: An experimental variant of Gemini 2.0 Flash, 

fine-tuned for enhanced reasoning capabilities through multi-step problem-solving 

approaches.  
• GPT-4o (OpenAI) [23]: OpenAI's multimodal model capable of real-time processing 

and generation of text, images, and audio, demonstrating strong performance across 

various benchmarks.  

• GPT-4.5 (OpenAI) [24]: An enhanced iteration of GPT-4o, OpenAI’s largest and best 
model for chat. GPT‑4.5 is a step forward in scaling up pre-training and post-training. 

GPT‑4.5 improves its ability to recognize patterns, draw connections, and generate 

creative insights.  

• O3-mini (OpenAI) [25]: A powerful and fast model advances the boundaries of what 
small models can achieve, delivering exceptional STEM capabilities—with particular 

strength in science, math, and coding. 

• DeepSeek v3 [26]: An advanced OSS Mixture-of-Experts (MoE) language model with 

671B total parameters, known for its strong performance among all OSS models.   

• DeepSeek R1 [27]: A reasoning-focused language model developed through 
reinforcement learning, demonstrating the strongest capabilities in math and 

problemsolving among all OSS models  
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4.1. Model Inference  
 

Table 4 shows the input and expected output formats of LLM inference. The left two columns 

(graph definition and flows definition) constitute the meaty part of the prompt. The prompt also 
explicitly mentions the nature of the problem (e.g. shortest path problem), also outlines the 

expected JSON format. As outlined in the rightmost column, the LLM is expected to answer, in 

the success key, whether a feasible solution can be found. If yes, it needs to present all details of 
the found path(s) including the full paths, amount of flow through each path, as well as the total 

cost.  

 
Table 4: Input and Output JSON Formats for Model Inference 

 

Graph definition (LLM 

input)  

Flows definition (LLM 

input)  

Solution (expected LLM output)  

{  

    "directed": true,  

    "multigraph": false,  

    "graph": {},  

    "nodes": [  

        {  

            "id": "0"  

        },  

        {  
            "id": "1"         },...  

[  

    {  

        "src": 8,  

"dest": 2,  

        "demand":  

2.3412198276810834  
    }  

]  

{  

    "success": true,     "total_cost":  

28.777077587535167,  

    "flows": {  

        "0-2": 1.3412198276810834,  

        "1-5": 1.0,  

        "3-0": 1.3412198276810834,  

        "3-9": 1.0,  

        "5-2": 1.0,  
        "8-3": 2.3412198276810834,  

    ],  

    "links": [  

        {  

            "source": "0",  

            "target": "2",  

            "cost": 2,  

            "capacity": 7  

        },  
        {  

            "source": "0",  

            "target": "1",  

            "cost": 7,             

"capacity": 7         },...  

    ]  

}  

         "9-1": 1.0  

    }  

}  

 
or   

 

{  

    "success": false,  

}  

 

4.2. Evaluation Results of Shortest Path Problem 
 

We now show evaluation results on the shortest path problem. We explain the metric in each 

column as follows. 
  

• Judgment: This is a binary metric. The shortest path problem is feasible if at least one 

path exists from source to destination. Otherwise, it is infeasible. First, an LLM needs to 

arrive at the correct judgment regarding feasibility. Its judgement is wrong if it 
determines a feasible problem to be infeasible, or vice versa.  
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• Reachability: This binary metric examines the path-finding ability of LLM: whether it 

can concatenate edges into a path which is truly reachable, connecting source and 
destination.  

• Cost Match: This binary metric examines the aggregation ability of LLM: whether it can 

add edge cost along the found path to the correct sum.  

• Zero Violation: This binary metric is true if the previous three metrics are true. This is a 

gating metric to the final optimality metric, since the optimal solution must be a sound 
solution whose cost is correctly calculated.  

• Optimality Ratio: We apply this metric only to LLM answers with zero violation. Only 

these answers have the potential to reach optimality. We normalize the total cost provided 

by LLM against the total cost derived from the LP solver. If the ratio is 1, then the LLM 
solution is optimal.  

 

Tables below show average results per LLM and graph size. Since all metrics except optimality 
ratio are binary, the maximum value is 1, meaning all solutions succeeded on the metric. 

Likewise, 0 is the minimum value, meaning all solutions failed. 0.5 means half the solutions 

succeeded.  
 

We have the following observations:  

 

1. All models perform strongly in terms of constraint observation, reflected by perfect or 
near-perfect judgment and reachability scores.  

2. The cost match is a more challenging task, requiring addition of multiple integers. 

Furthermore, the performance deteriorates as the graph size increases, because the found 
path also gets longer.  

3. If the found paths pass the scrutiny of all binary metrics, the paths are also optimal, i.e. 

the shortest path.  

4. On the shortest path task, regular LLMs are equally competitive as the reasoning model 
(o3-mini).  

 

Table 5: Evaluation Results of Shortest Path Problem 

 

(a) Gemini Flash 2.0  

 

Category Judgment Reachability Cost match Zero violation 
Optimality 

ratio 

10 Nodes 1 1 0.5 0.5 1 

20 Nodes 1 1 0.44 0.44 1 

30 Nodes 1 1 0.12 0.12 1 

40 Nodes 1 1 0.1 0.1  1 

 

(b) GPT-4o 

 

Category Judgment Reachability Cost match Zero violation 
Optimality 

ratio 

10 Nodes 1 1 0.52 0.52 1 

20 Nodes 0.96 0.98 0.36 0.36 1 

30 Nodes 0.94 1 0.08 0.08 1 

40 Nodes 0.94 1 0.08 0.08 1 
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(c) o3-mini 

 

Category Judgment Reachability Cost match Zero violation 
Optimality 

ratio 

10 Nodes 1 1 0.54 0.54 1 

20 Nodes 1 1 0.34 0.34 1 

30 Nodes 0.96 1 0.08 0.08 1 

40 Nodes 0.94 1 0.08 0.08 1 

 

(d) DeepSeek v3 
 

Category Judgment Reachability Cost match Zero violation 
Optimality 

ratio 

10 Nodes 1 1 0.52 0.52 1 

20 Nodes 1 1 0.32 0.32 1 

30 Nodes 0.96 1 0.1 0.1 1 

40 Nodes 0.94 1 0.1 0.1 1 

 

4.3. Evaluation Results of MinCost Flow Problem 
 

We now show evaluation results on the MinCost Flow problem. Besides metrics already 

introduced in the previous problem, there are two more metrics.  
 

• Flow consistency: This is also a binary metric observing the flow conservation principle. 

All intermediate nodes on a path must have the same amount of inbound and outbound 

flow. Also the outbound flow from the source node, as well as the inbound flow into the 
destination node, must equal to the flow demand.  

• Capacity Violation: This binary metric ensures that aggregate flows passing on any edge 

must not exceed its capacity.  

 
The rule to calculate optimality ratio stays the same: we only apply it to the case of zero violation, 

i.e. all previous five metrics are true. If the optimality ratio is 1, it means LLM found the optimal 

solution, i.e. minimum cost path to route the demanded flow. If the ratio is greater than 1, the 
solution is still sound but not the most efficient.  

 

Unlike the shortest path problem where costs are all integers, the flow demands in this problem 

are decimal numbers, causing the final cost (weighted by flow) to be decimal numbers too. This 
poses challenges to not only LLMs, but our evaluation. Since the exact match between two 

decimal numbers is infeasible, we set the match precision level to be 1e-4.  

 
As seen in the performance tables below, this problem is considerably harder than the shortest 

path problem.  

 
1. As the graph size grows, all models demonstrate deteriorating performance. Most 

notably, the success rate of zero violation (sound solution) is low even for the smallest 

graph, and continues to decline with few exceptions.  

2. Reasoning models distinguish themselves from other LLMs, demonstrated by the 
nearperfect judgment scores and high success rate of zero violation by o3-mini and 

DeepSeek R1.  
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Table 6: Evaluation Results of MinCost Flow Problem 

 
(a) Gemini Flash 2.0  

 

Category Judgment Reachabilit y 
Flow 

consistency 
Cost 

match 
Capacity 

constraint 
Zero 

violation 
Optimality 

ratio 

10 Nodes 0.82 0.9 0.94 0.24 0.68 0.24 1 

20 Nodes 0.9 0.84 0.88 0.18 0.7 0.18 1.25 

30 Nodes 0.78 0.74 0.86 0.12 0.56 0.12 1.37 

40 Nodes 0.78 0.64 0.76 0.04 0.44 0.04  1 

 

(b) Gemini Flash 2.0 Thinking  

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.82 0.7 0.94 0.22 0.84 0.2 1.20833333 

20 Nodes 0.82 0.78 0.96 0.24 0.8 0.24 1.04770677 

30 Nodes 0.74 0.68 0.98 0.1 0.74 0.08 1.09687437 

40 Nodes 0.78 0.54 1 0.02 0.7 0   

 

(c) GPT-4o  

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.66 0.42 0.5 0.12 0.44 0.12 1.02323617 

20 Nodes 0.4 0.22 0.22 0.06 0.2 0.06 1 

30 Nodes 0.28 0.02 0.04 0 0.04 0  

40 Nodes 0.22 0 0 0 0 0  

 

(d)  GPT 4.5 

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.86 0.86 0.9 0.28 0.86 0.28 1.00995836 

20 Nodes 0.86 0.82 0.96 0.14 0.9 0.14 1 

30 Nodes 0.76 0.82 1 0.06 0.84 0.06 1 

40 Nodes 0.78 0.84 1 0.02 0.8 0.02 1 

 

(e) o3-mini 

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 1 0.76 0.76 0.68 0.76 0.68 1.00624364 

20 Nodes 1 0.82 0.82 0.78 0.82 0.78 1.00350982 

30 Nodes 0.98 0.74 0.74 0.64 0.74 0.64 1.03402684 

40 Nodes 0.98 0.76 0.76 0.6 0.76 0.6 1.02917345 
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(f) DeepSeek v3 
 

Category Judgment Reachability 
Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.86 0.6 0.66 0.26 0.5 0.18 1.0154907 

20 Nodes 0.58 0.42 0.44 0.14 0.36 0.14 1 

30 Nodes 0.56 0.4 0.4 0.08 0.22 0.06 1 

40 Nodes 0.48 0.22 0.3 0.04 0.12 0.02 1 

 

(g) DeepSeek R1 

 

Category Judgment Reachabilit y 
Flow 

consistency 
Cost match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 1 0.76 0.76 0.62 0.74 0.62 1.00449078 

20 Nodes 1 0.8 0.82 0.66 0.82 0.66 1.00572502 

30 Nodes 1 0.74 0.76 0.5 0.74 0.5 1.02530451 

40 Nodes 1 0.68 0.78 0.4 0.78 0.4 1.03064951 

 

4.4. Evaluation Results of Multicommodity MinCost Flow Problem 
 

We now show evaluation results on the Multicommodity MinCost problem. No new metrics are 

introduced. This problem is the hardest of all.  
 

Consistent with the observation in the MinCost problem, reasoning models distinguish themselves 

from normal LLMs. When none of the normal LLMs finds a single sound solution with zero 
violations, reasoning models, especially o3-mini, continue to deliver near-perfect judgment scores 

and very close optimality ratio over the sound solutions they found.  

 

Also worth noting is reasoning models’ adaptability when the scale of the problems grows with 
more constraints and a bigger graph. When we relax the match precision level (from 1e-4 to 1e2) 

on the flow consistency, cost match, and capacity constraint, more sound solutions are found. 

Closer investigations to these newly emerged sound solutions showed that the models found the 
correct optimal paths, but proactively rounded down the decimal places during the cost 

calculation.  
 

(a) Gemini Flash 2.0 

 

Category Judgment Reachabilit y 
Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.56 0.8 0 0.04 0.54 0  

20 Nodes 0.4 0.34 0.08 0.12 0.18 0  

30 Nodes 0.3 0.8 0.18 0.18 0.02 0  

40 Nodes 0.18 0.6 0.06 0.06 0  0   
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(b) Gemini Flash 2.0 Thinking 

 

Category Judgmen t Reachability 
Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.56 0.4 0.34 0.04 0.42 0  

20 Nodes 0.4 0.14 0.14 0.08 0.2 0  

30 Nodes 0.38 0.02 0.02 0.02 0.04 0  

40 Nodes 0.14 0 0.02 0.02 0  0   

 

(c) GPT-4o 

 

Category Judgment Reachability 
Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.48 0.02 0 0 0 0  

20 Nodes 0.6 0 0 0 0 0  

30 Nodes 0.7 0 0 0 0 0  

40 Nodes 0.88 0 0 0 0 0  

 
(d) o3-mini (precision level 1e-2) 

 

Category Judgment Reachabilit y 
Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 1 0.56 0.56 0.56 0.56 0.56 1.0161346 

20 Nodes 0.98 0.38 0.38 0.38 0.38 0.38 1.0299260 

30 Nodes 1 0.3 0.28 0.22 0.28 0.22 1.0856017 

40 Nodes 0.94 0.14 0.1 0.1 0.06 0.06 1.0910866 

 
(e) o3-mini 

 

Category Judgment Reachabilit y 
Flow 

consistency 
Cost match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 1 0.56 0.56 0.54 0.56 0.54 1.0167301 

20 Nodes 0.98 0.38 0.38 0.2 0.38 0.2 1.0259425 

30 Nodes 1 0.3 0.26 0.04 0.24 0.04 1.0375095 

40 Nodes 0.94 0.14 0.1 0 0.06 0   

 
(f) DeepSeek v3 

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 
Cost match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.68 0.26 0.26 0 0.18 0  

20 Nodes 0.6 0 0 0 0 0  

30 Nodes 0.7 0 0 0 0 0  

40 Nodes 0.88 0 0 0 0 0  
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(g) DeepSeek R1 (precision level 1e-2) 

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 
Cost match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.96 0.54 0.54 0.48 0.54 0.48 1.0154247 

20 Nodes 0.94 0.32 0.24 0.14 0.3 0.14 1.0435892 

30 Nodes 0.76 0.04 0 0 0.02 0  

40 Nodes 0.9 0 0.02 0.02 0 0  

 
(h) DeepSeek R1 

 

Category Judgment 
Reachabilit 

y 

Flow 

consistency 

Cost 

match 

Capacity 

constraint 

Zero 

violation 

Optimality 

ratio 

10 Nodes 0.96 0.54 0.42 0.34 0.54 0.26 1.0035080 

20 Nodes 0.94 0.32 0.16 0.12 0.3 0.08 1.0441572 

30 Nodes 0.76 0.04 0 0 0.02 0  

40 Nodes 0.9 0 0.02 0.02 0 0  

 

5. CONCLUSIONS 
 

This paper introduces the first benchmark that systematically evaluates large language models on 

classical network optimization problems from operations research. Unlike existing benchmarks 
focused on academic or competition-style questions, our benchmark challenges LLMs with 

structured instructions, hard constraints, and long-horizon reasoning tasks grounded in real-world 

decision-making. By synthetically generating problem instances with controllable complexity, we 
uncover meaningful differences in the reasoning and planning behaviors of seven state-of-the-art 

LLMs.  

  

Ultimately, this work bridges the gap between the operations research and LLM communities, 
positioning network optimization not only as a rigorous evaluation framework but also as a fertile 

ground for advancing the reasoning capabilities of future models. We hope this benchmark serves 

as a stepping stone toward more robust, interpretable, and practical applications of LLMs in 
decision-making domains. Finally, we acknowledge that our study relies on synthetic data, which 

serves as a controlled environment for initial validation. Future work will focus on applying the 

method to real-world scenarios to assess its practical impact.  
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