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Abstract

While diffusion models have shown promise for combinatorial optimization (CO),
their inference-time scaling cost-efficiency remains relatively underexplored. Ex-
isting methods improve solution quality by increasing denoising steps, but the
performance often becomes saturated quickly. This paper proposes GenSCO to
systematically scale diffusion solvers by an orthogonal dimension of inference-time
computation beyond denoising step expansion, i.e., search-driven generation. Gen-
SCO takes generation as a search operator rather than a complete solving process,
where each operator cycle combines solution disruption (via local search operators)
and diffusion sampling, enabling iterative exploration of the learned solution space.
Rather than over-refining current solutions, this paradigm encourages the model
to leave local optima and explore a broader area of the solution space, ensuring a
more consistent scaling effect. The search loop is supported by a search-friendly
solution-enhancement training procedure that incorporates a rectified flow model
learning to establish diffusion trajectories between suboptimal solutions and the
optimal ones. The flow model is empowered by a lightweight transformer ar-
chitecture to learn neural ODEs that linearize solution trajectories, accelerating
convergence of the scaling effect with efficiency. The resulting enhanced scaling
efficiency and practical scalability lead to synergistic performance improvements.
Extensive experiments show that GenSCO delivers performance improvements
by orders of magnitude over previous state-of-the-art neural methods. Notably,
GenSCO even achieves significant speedups compared to the state-of-the-art classic
mathematical solver LKH3, delivering a 141 x speedup to reach 0.000% optimality
gap on TSP-100, and approximately a 10x speedup to reach 0.02% on TSP-500.

1 Introduction

Combinatorial Optimization (CO), which seeks optimal solutions in discrete spaces under complex
constraints, underpins critical applications in vehicle routing [1} 2} 3]], chip design [4} 5], and drug
discovery [6]. However, the NP-hard nature of many CO problems renders them computationally
intractable, traditionally requiring hand-crafted heuristics that demand substantial domain exper-
tise and time to design. Recent advances in deep learning have revolutionized this landscape by
automating heuristic design through data-driven neural solvers [7, [1} 18] 9 [10]. These ML-based
approaches minimize human intervention while achieving competitive or superior solution quality and
solving speed, particularly for instances following structured distributions. By learning generalizable
frameworks directly from data, they also adapt seamlessly to unseen problem variants.
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Figure 1. GenSCO treats diffusion sampling as a search step, where each step combines solution dis-
ruption through random local search operators and solution enhancement via recti ed ow sampling.
This GenSCO operator can be applied iteratively (or in parallel as well) to effectively explore the
solution space with a stable scaling effect. The ow model learns neural ODEs that linearize the
transition between suboptimal solutions and the optimal solution.

Learning-based CO solvers typically employ neural networks to generate solutions either by directly
minimizing objective scores via reinforcement learnitigd, 11, 12, 13, 14, 15, 16] or by aligning
predictions with reference solutions via supervised learnlifg§, 18, 19, 20, 21, 22]. Recently,
generative models, diffusion models in particular, have shown promise in solving CO with potent rep-
resentational capabilities and informative distribution estimation, which models CO as a conditional
generation task for learning solution distributions conditioned on given instaBte23 9, 16)].
Despite their promise, diffusion models primarily focus on enhancing the prediction accuracy of a
single generation round, relying on the model's expressive power to re ne solution feasibility and
quality through multi-step denoising. While this framework inherently supports exible inference-
time computation via adjustable denoising steps, empirical evidence reveals a bottleneck in scaling up
computation, i.e., scaling the number of steps yields rapidly diminishing returns, with performance
saturating after only a few steps of computation. Given that computational ef ciency is central to CO,
where the goal is to achieve the optimal solution in the shortest possible time, this observed saturation
effect represents a critical yet underexplored opportunity for substantial performance enhancement.

Recent works 9, 24] leverage diffusion models' distributional modeling capabilities to explore
solution spaces during inference through alternating phases of disruption (perturbing candidate
solutions) and reconstruction (guided by objective gradients). Our empirical results (as presented in
Fig. 2) show that this target for solution space exploration provides superior scalability compared to
simply increasing denoising steps, yet its full potential remains underexploited due to computationally
expensive gradient updates during inference, creating a critical scalability bottleneck. In this work, we
propose GenSCO that systematically redesigns both the diffusion architecture and the solving pipeline
particularly for search purposes, aiming to maximize the inference-time scaling effects regarding
computation. We propose to integrate diffusion-based generation into a novel search operator, where
each operator performs three key functions in sequence as shown in Fig. 1: solution disruption with
controllable local search operators to escape from local minima and introduce diversity, solution
enhancement through a solution-to-solution generation, and post-processing to ensure feasibility.
This operator can be applied iteratively (or in parallel as well) to explore the solution space.

For cost-effectiveness and performance scaling, our design adheres to two core principles, i.e.,
ensuring stable per-cycle improvement and minimizing per-cycle computational cost to enhance
scalability. Rather than focusing on incremental improvements from extended denoising to emphasize
over-parameterized single-round generation, we reallocate computation to higher-level re nement
cycles. Each cycle ensures reliable solutions with minimal inference-time cost, while repeated



cycles effectively unlock high-quality regions of the solution space, collectively enhancing both
ef ciency and solution quality. To maximize per-cycle improvement without introducing additional
computational cost during inference, GenSCO adopts a recti ed ow embodiment of the diffusion
model, which transitions from the prior noise-to-solution paradigm to a more search-friendly solution-
to-solution re nement target. It formulates a bias-recti ed training process where the model receives
a worse-quality solution as the initial source noise and learns to denoise it to the optimal, which
shifts the optimization burden to the training phase. This naturally introduces solution enhancement
capability and enables adaptive control over the intermediate solution states during the search process.
For scalability of search cycles, the rectied ow model leverages neural ordinary differential
equations (ODESs) to learn nearly straight solution trajectories, minimizing truncation errors and
enabling high-quality generations with fewer inference steps, which ensures reliable denoising while
maintaining cost-ef ciency. To further enhance scalability, we implement a lightweight transformer
architecture that operates exclusively on node embeddings, which minimizes computational overhead
while enabling thousands of evaluations within practical time budgets.

The highlights include: (1) We pioneer an inference-time scaling cost-ef ciency perspective for
diffusion solvers, challenging the conventional paradigm of allocating computation to maximize
single-round generation quality. Instead, we propose a novel framework that treats generation as a
search step, enabling systematic exploration of the solution space through re nement cycles. (2) We
systematically redesign both the diffusion architecture and the solving pipeline speci cally for search-
driven optimization. Major designs include a solution-to-solution recti ed ow model supported by a
bias-recti ed training objective, and a controllable search operator that enables ef cient scaling. (3)
Extensive experiments demonstrate that GenSCO signi cantly outperforms state-of-the-art methods
in both solution quality and solving speed, achieving order-of-magnitude improvements.

2 Related Work

Neural Combinatorial Optimization. Learning-based methods for CO can be broadly categorized
into constructive methods, improvement-based methods, and divide-and-conquer frameworks. Con-
structive methods generate solutions either autoregressively or non-autoregressively. Autoregressive
methods, 2, 25, 11, 26, 22, 27] iteratively build solutions by selecting one variable at each step while
maintaining feasibility. In contrast, non-autoregressive meth®dsd 28, 12, 21, 29, 30, 31, 32]

directly predict the probabilities of variables belonging to the optimal solution in a single pass. These
methods often require post-processing to enforce feasibility due to the potential infeasibility of raw
predictions. Improvement-based solve38,[15, 34, 35, 36, 14] learn to iteratively re ne a solution
through local search operators guided by neural networks while preserving or restoring feasibility. Rel-
atively orthogonal to pure solving methods, divide-and-conquer framew88k87, 38, 39, 40, 41]

adopt a hierarchical strategy to address scalability challenges. By decomposing large-scale problems
into smaller subproblems, these methods leverage existing solvers (either classical or neural) on
the subproblems and aggregate the results into a global solution. Recent uni ed frameworks and
benchmarks42, 43, 44, 45] have been developed to systematically analyze the design space of CO
approaches, yielding principled insights and practical guidelines for method design.

Generative modelingdb, 47, 48, 49, 50, 51, 52] has shown promise in CO solving1, 9, 24, 16,

53, 54] and data support$p, 56, 57]. The work [21] highlights the potential of generative CO,
utilizing the powerful representational capabilities and informative distribution estimation of diffusion
models to learn solution distributionsl§] promotes the diffusion framework to the unsupervised CO
solving scenarios. Furthermor@d] introduces a training consistency scheme ensuring that all noise
trajectories for a certain graph converge to the same initial solution, thereby signi cantly reducing the
number of denoising steps requiref, 24] both introduce speci ¢ objective-guided gradient search
during solving through re-generation within the noise-solution transition space to further explore the
estimated solution distribution. While these techniques improve performance beyond denoising step
scaling, they remain limited as auxiliary modules due to their reliance on costly gradient updates
during inference, which creates a scalability bottleneck. Meanwhile, current models operate in the
noise-to-solution transition space where the source noise distribution is stationary and intermediate
states are untractable, lacking suf cient controllability.

Diffusion Models and Flow Models. Diffusion models have emerged as a powerful framework
for generative modeling, involving a dual process: the forward diffusion process, which gradually
adds noise to data, and the reverse denoising process, where a model learns to reconstruct the



original data from noisy versions. For Diffusion in continuous sp&8&49, 60, 61, 62, 63, 64,

the solution trajectories can be modeled by Probability Flow OB8E [Similar paradigms have

also been adopted for discrete data using binomial or multinomial/categorial No8&&8,[67].

Flow models [68, 69, 70, 71, 72] such as recti ed ows [68] build upon the diffusion framework by
focusing on learning transport maps between distributions as a ow that follows nearly straight paths
de ned via neural ODEs. Recti ed ows can learn smooth ODE trajectories that are less susceptible
to truncation error, which allows for high-quality samples with fewer inference steps than diffusion
models. Moreover, they can be generalized to map two arbitrary distributions to one another, making
them particularly suited for search-friendly solution-to-solution generation in CO.

3 Preliminaries and Problem De nition

Combinatorial Optimization. Following the conventions of7f3, 74], we formalize CO over a family

of problem instances represented as grdphshere each instand®(V; E) 2 G consists oV andE

denote the vertex set and edge set respectively. CO problems can be broadly classi ed into two types
based on the solution composition: edge-decision and node-decision problemms? lf & 1gN

denote the optimization variable, where each entry Withdicates that it is included ir and0
indicates the opposite. For edge-decision proble¥ns; jVj? andx;; indicates whetheE;; is
included inx. For node-decision problemN, = jVj andx; indicates whethey; is included inx.

The feasible set contains all solutiong satisfying speci ¢ constraints. A CO problem @aims

to nd a feasiblex that minimize the given objective functiof;G) : f0; 1gN ! R o:

min  I(x;G) sit: x2 Q)
x2f 0;1gN

The Travelling Salesman Problem (TSP) is de ned on complete undirected graphs, where vertices
represent cities and edges have non-negative weights (e.qg., distances). The goal is to nd a minimum-
weight Hamiltonian cycle. For Maximal Independent Set (MIS), given an undirected @aph

(V;E), anindependent s& V contains no adjacent vertices. MIS seeks the largest such et in

The Maximum Clique (MCI) problem, given an undirected gr&pk (V; E), seeks a largest subset

C V such that the subgraph induced®yis complete.

Diffusion Modeling for CO. The goal of diffusion modeling for CO is to learn the distribution

p (XojG) of high-quality solutions of instand®. This framework operates through a forward noising
process that gradually corrupts an initial solutian q(xojG) overT timesteps to produce latent
variablesx .1, and a learned reverse process that reconstructs the solution by parameterizing the
joint distributionp (Xo.1) = {; P (Xt 1jX¢). The training optimization aims to align (xjG)

with the data distributiog(xjG) using the variational upper bound of the negative log-likelihood.

Current implementation2[l, 9] employ either discrete or continuous diffusion approaches. In
discrete diffusion, solutions are representetlasne-hot vectors 2 f 0; 1gN 2, with the forward
process applying multinomial noise througfxjx; 1) = Caix¢;p = Xt 1Qt), whereQ; =

t 1 ¢

1

rate , eventually converging to a uniform stationary distribution. Continuous diffusion models,
on the other hand, map discrete solutions to the continuous dgmaja]M tB enable the use of
Gaussian noise. The forward process in this case folgfwgx: 1) = N (X¢; 1 Xt 1; tl),
with the noise scale controlled by and the stationary distribution being Gaussian.

. This process gradually randomizes the variables according to the corruption

4 The GenSCO Framework: Generation as a Search Operator

In diffusion solvers, scaling the number of denoising steps is a conventional strategy to enhance single-
round generation quality. By discretizing the diffusion process into ner time intervals, the solver
theoretically achieves more precise noise estimation. However, as the number of steps increases, the
solver's capacity to navigate high-dimensional, constrained solution spaces becomes the primary
bottleneck rather than temporal resolution. The inherent task complexity leads to imperfect noise
estimation, even with ner temporal granularity, and minor prediction errors accumulate across steps.
Consequently, merely increasing computational resources for ner discretization yields diminishing
returns, prompting the need for alternative scaling paradigms.



This section introduces the GenSCO framework, which treats generation as a search operator within
the near-optimal solution space and scales solving performance through corresponding search cycles.
To address the bottleneck of scaling single-round prediction precision, GenSCO shifts the paradigm to
systematic exploitation of the learned high-quality solution distribution. The subsequent subsections
rst present a lightweight recti ed model that learns solution-to-solution re nement, supporting
near-optimal search cycles with exible control over exploration. Then, the speci ¢ search-based
inference pipeline that integrates learned re nement policies is introduced to achieve more effective
scaling of solving performance with respect to computation.

4.1 Learning Solution Enhancement with Lightweight Recti ed Flow Model

Existing diffusion approaches for CO often anchor their generative processes to stationary noise
distributions to enable standard sampling paradigms, exhibiting a disconnect between the diffusion
trajectory and the structured nature of solution spaces, i.e., the generative process operates in the noise
space rather than within the (relaxed) solution space. The heavy de novo generation process relying
on Gaussian initialization restricts both the controllability of the intermediate states within generation
and the exploitation of prior solution knowledge. For the search purpose, we rede ne the diffusion
paradigm as a guided transition process between suboptimal and optimal solutions, a formulation
that better aligns with heuristic search dynamics. We replace conventional noise injection with
problem-speci c local search operators (e.g., randomized 20pt moves for TSP or variable ipping
for MIS and MCI) to simulate possible suboptimal solutions that the model may encounter during
inference. This enables adaptive control over source distribution to balance exploration-exploitation
tradeoffs and utilization of existing solutions as diffusion initializations. To improve cost-ef ciency

and scalability, we implement a rectied ow model that learns straight-line interpolation paths
between perturbed solutions and optimal targets, achieving both model compactness and accelerated
sampling, facilitating the scaling of search operator calls during inference.

GenSCO adopts a continuous-time probability ow ODES,[68], where the transformation between
solution distributions occurs along a smooth trajectory parameterize@ |9; 1]. Given a graph
instanceG, denote the target point distribution of the optimal solution @sthe distribution of
suboptimal (feasible) solutions ag. In practice, for TSP, we perform 20pt operations on the
optimal solutiony- to 3 times, and for MIS and MCI, we randomly ip betweénand? of the
variables assigned withto 0 to get suboptimal solutions. To facilitate smooth transitions between
these solutions, we relax th@; 1g-valued solutions to the intervfd; 1] and treat the variables in
the intermediate process as real-valued. Given soluigRS  o; Xsubopt 1, the recti ed ow
induced from(Xopt; Xsubopy iS an ordinary differentiable model (ODE) on tirh@ [0; 1],

dx; = v(X¢;t; G)dt (2)

which converts solutiol op from g to axXsupoptfollowing 1. We establish the solution transition as
the linear trajectory to guarantee fast convergence:

In this case, the drift force is set to drive the ow to follow the directioXsubopt  Xopt) Of the
linear path pointing fronx pt to X sunopt@S Much as possible, i.é’(j‘T' = V(Xt;;G) = Xsubopt  Xopt-
Sincexop is unknown for simulating this ODE ow, we parameterize the velocity eldvith a
neural network with the following loss function:
z 1
L( )= ExaponG kv (X;6G)  (Xsubopt Xopdks dt (4)
0

In implementation, we represemt (X;;t;G) = Xsubopt [ (X¢;t;G) wheref (x¢;t; G) directly
predicts the optimal solution given the graph instance and the current state. Given a sequence of
time pointsl = ;> 5 > > §y 1> N =0, the generation process de nes a solution
enhancement process where the ODE can be solved via numerical integration, e.g., Euler's method:

we =X, (n net)V (X niG); 8t 21 1; 2 v N 19 ®)

A large value ofN results in accurate but slow simulations, while a small valud ofeads to faster

but less accurate simulations. Since the probability ows are ideally modeled as straight paths, a small
number of steps can still yield plausible results. To improve scaling by redistributing single-cycle
computations across more cycles, weldet= 4 in the majority of our empirical evaluations.

X



Architecture. Prior work predominantly relies on deep anisotropic graph neural networks with
edge gating mechanism8, 1] to support reliable single-round heatmap prediction, particularly for
edge-based decision tasks like TSP. It incurs signi cant computational overhead due to its quadratic
complexity in handling edge features, leading to the compounding latency from iterative denoising,
severely constraining the scalability of such approaches as practical search operators.

To ensure scalability, we propose a lightweight architecture centered on node-only feature processing
via a transformer-based architecture, eliminating the need for explicit edge feature computation. For
input processing, node features undergo linear projection into the model's embedding dimension.
The self-attention mechanism is augmented to explicitly encode graph structure through a simple yet
effective modi cation to the attention logits computation:

p
Attention(Q;K;V) = softmax QK> = d¢+ A V (6)

whereA represents the adjacency matrix anis a scaling parameter that balances the relative
importance of learned attention patterns versus explicit graph connectivity. By convéptikin,V
denote the query, key, value matrices for the vertices, respectiietlenote the dimension &f .

Our model operates solely on node featured RN ', whereN is the number of nodes arid

the feature dimension. The transformer layers capture global dependencies through self-attention,
after which task-speci ¢ outputs are generated. For node-wise decisions (e.g., MIS and MCI), we
apply linear layers to project node embeddings directly into probability vectors. For edge-wise
decisions (e.g., TSP), we compute pairwise connection logits (unnormalized log-probabilities) via
an inner produchh> 2 RN N 'yielding a heatmap without explicit edge-level operations. This
design preserves expressiveness while maintaining computational tractability in iterative re nement
scenarios, enabling scalable operator calls (hundreds to thousands) during search.

4.2 Scaling Solving Performance with Search-Driven Generation

Recent advances in diffusion models for image—— s
generation overcome quality plateaus by straf90rithm 1 GenSCO Framework for Solving
gically leveraging sampling stochasticity during Input: Flow modelv ( ; ; ), graph problem
inference 79]. Studies demonstrate that certain instanceG, number of cycledN., sequence of
noise patterns yield superior outpu®s] 77], time pointsl = 1> 5> > v =0
prompting methods to devote computation to
identifying these preferable noise con gurations
through multi-sample exploration. Translating
this insight to CO, where generative models ap- . 7

proximate high-performance solution distribu- 17 time stepn =1 toN do
tions, we argue that systematically exploiting d, = _V (X5 niG)

the solution space, i.e., shifting from a focus on X o0 =X, (o na)d,

Randomly initialize solutiorx
for cyclec=1 toN. do
X ,  Disrupix)

n+1

; i ; end for
single-round prediction accuracy to exploring
the breadth of the solution space, can unIOCkendeor PostProceg¢s , )

more effective search strategies. CO problems
exhibit two distinctive characteristics over con-
ventional generative tasks. The rst one lies in
the existence of deterministic solution veri ers, i.e., the optimization objective itself. This enables
rapid quality evaluation of candidate solutions and facilitates exible control over search processes
through immediate feedback. Second, unlike generative tasks requiring broad mode coverage, CO
prioritizes incremental re nement toward optimality. This permits a focused search paradigm where
minor perturbations to near-optimal solutions supersede full-space exploration.

Output: Solutionx

Based on these considerations, we propose a neural-based local search framework that iteratively
re nes solutions within near-optimal regions supported by search-driven generation. This method
introduces an orthogonal dimension of inference-time computation beyond denoising step expansion,
i.e., search cycles. This approach leverages the solution-to-solution enhancement mapping (as
introduced in Sec. 4.1) and the diversity of the learned solution space to design a structured search
process. While a naive implementation might iteratively apply the learned solution enhancement
mapping to the current solution, such a strategy risks stagnation at local optima. To address this, we
introduce a search operator that synergizes two components, i.e., solution disruption (via classic local
search operators) that perturbs solutions to escape suboptimal regions, and diffusion sampling that



leverages the generative prior to navigate toward high-potential regions. Raw model outputs require
decoding (and optional local search post-processing) to become valid solutions. For a valid search
operator, we tightly integrate decoding and re nement steps directly into the search operator, ensuring
feasible intermediate states while preserving real-time feedback from solution quality evaluations.

As detailed in Alg. 1, the solving process initiates with a randomly initialized solution vector
obtained through greedy decoding applied to randomized variable heatmaps. Subsequently, the
GenSCO framework performid. search cycles. In each cycbe,undergoes disruption: for TSP,

this involves executing betweé}l and % 20pt operations to the existing solution; for MIS, a
random selection of 25% to 40% of the variables assigned a value of 1 are ipped to O, resulting in a
disrupted solutiorx; for MCI, 25% to 40% of the variables are randomly selected and ipped. To
enhance the solutiom, is treated as a relaxed solution within the donf&@irl]N . Given a sequence

of time pointsl = ;> , > > N 1> N =0,the enhancement process is modeled by

an ODE, which is solved through numerical integration, such as Euler's method, as expressed in
Eg. 5. The outcome is an enhanced solutigesiding within the relaxed solution spa@e1]N .

To derive a feasible solutiony is interpreted as a variable heatmap, where each element represents
the con dence level of selecting the corresponding edge or node. Greedy decoding is then applied
to sequentially select edges or nodes with the highest con dence, provided no con icts arise. For
TSP, the 20pt heuristiB] is optionally employed within post-processing. Upon completioh gf

search cycles, GenSCO reports the best solution identi ed during the search process. Notably, the
entire search procedure is amenable to parallel execution, leveraging complementary search effects.
The pipeline of the proposed operator is presented in Fig. 1.

5 Experiments

In this section, we empirically com-
pare our proposed GenSCO with other
learning-based and classical solvers on
TSP, MIS and MCl instances with var-
ious sizes and distributions. Source

code will be made publicly available. _ ) .
(a) Scaling w.r.t. Runtime (b) Scaling w.r.t. NFEs

5.1 Experiments for TSP Figure 2: (a) Scaling curves for the traditional diffusion
model, via denoising steps and gradient steps, and GenSCO

Datasets.A TSP instance include¥  through search cycles on TSP-1000. (b) The performance

2-D coordinates and a reference solwvariation when scaling denoising steps in a single generation

tion. Instances are generated via unieund and scaling search cycles in GenSCO.

formly samplingN nodes from the unit

squard0; 1]°. The training sets consist of 1,280K instances for TSP-100, and 128K for TSP-500 and

1000. The test sets include 1,280 instances for TSP-100, and 128 instances for TSP-500 and 1000.

Reference solutions are obtained by Concorde [79]. Results on TS®E&LB are in the Appendix.

Metrics. 1) Objective: the average total distance or cost of the solved tours w.r.t. the corresponding
instances; 2) Gap: the relative performance drop with respect to length compared to the global
optimality or the reference solution; 3) Time: the computational time to solve the problems.

Model Setting. We use4 denoising steps in a single round of ow generation and8@enSCO op-
erators in parallel. In the post-processing step, we apply greedy decoding with optrB@asteps of
20pt. The number of search cycles, denote@ ats treated as a hyperparameter to control the extent
of exploration. To con gure the diffusion baselines, we adopaiid Ty to represent the number of in-
ference steps in initial solution sampling and the number of gradient search&t2gdk fespectively.

Main Results for TSP. Table 1 presents the solving performance comparison. As shown, GenSCO
signi cantly outperforms all previous baselines and even LKH3 within its solving time. For example,
on TSP-100, GenSCO attains an optimality gap:600%in just 6 seconds, whereas LKH8(]

indeed requires 14.1 minutes to reda@00% (141 slower), and the raw diffusion baseline DI-
FUSCO Pp1] takes 52.1 minutes to achieve 0.06%. Similarly, on TSP-500, GenSCO achieves 0.012%
in 18 seconds, compared to DIFUSCO's 0.87% in 19.1 minutes, with a 7i@8uction in optimality

gap and a 60.1 speedup. Meanwhile, LKH3 requires 1.1 minutes (3slower) to match this

2http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/



Table 1: Results on TSP. AS: Active Search, G: Greedy, S: Sampling Decoding, BS: Beam Search.
TSP-100 (1280 inst) |  TSP-500 (128 inst.) TSP-1000 (128 inst.)

Method

Obj. Gap Time | Obj. Gap Time | Obj. Gap Time
Mathematical Solvers or Heuristics
Concorde [79] 7.76 0.000% 5.1m| 16.55 0.000% 39.8m 23.12 0.000% 3.0h
LKH-3 [80] (trials=32) 7.76 0.009% 52s | 16.55 0.024% 42s | 23.13 0.035% 2.2m
LKH-3 [80] (trials=64) 7.76 0.006% 59s | 16.55 0.015% 50s | 23.12 0.025% 2.5m
LKH-3 [80] (trials=128) 7.76 0.003% 1.2m | 16.55 0.011% 1.1m | 23.12 0.015% 3.1m
LKH-3 [80] (trials=256) 7.76 0.002% 1.6m | 16.55 0.006% 1.6m | 23.12 0.009% 4.1m
LKH-3 [80] (trials=512) 7.76 0.001% 2.5m | 16.55 0.002% 2.5m | 23.12 0.005% 6.2m
LKH-3 [80] (trials=4096) 7.76 0.000% 14.1m| 16.55 0.000% 15.0m| 23.12 0.001% 36.3m
Non-Generative Neural Solvers
AM [1] BS 7.95 248% 12.9m 1953 18.03% 2.8m| 29.90 29.24% 12.6m
POMO [2] 8augment 777 0.13% 8s | 20.22 22.19% 1.0m| 32.55 40.57% 8.0m
POMO+EAS [81] AS+G 7.76 0.05% 38.4m 24.54 48.22% 11.6h 49.56 114.36% 63.5h
GCN [8] BS 8.41 8.38% 6.0m| 30.37 83.55% 38.0m 51.26 121.73% 51.7m
DIMES [12] S+20pt 798 2.88% 5.0m| 17.64 6.56% 1.1m| 24.81 7.29% 2.9m
DIMES [12] AS+S+20pt 793 2.18% 3.2h| 17.29 4.48% 2.1h| 2432 517% 4.5h
LEHD [82] PRC 100 776 0.01% 1.8m| 16.61 0.34% 8.0m| 23.44 1.22%  43.0m
LEHD [82] PRC 1000 7.76 0.002% 16.9m 16.58 0.17% 1.2h| 23.32 0.72% 7.0h
BQ-NCO [22] BS 776 0.01% 4.1m| 16.64 0.55% 15m| 23.47 1.38% 38m
GLOP [39] - - - 1691 1.99% 1.5m| 23.84 3.11% 3.0m
UDC [40] - - - 16.78 1.58% 4.0m| 2353 1.78% 8.0m
COExpander [53] 776 0.01% 3.84m 16.59 0.25% 1.41m 23.27 0.64% 5.2m
Generative Neural Solvers

DIFUSCO (Tg=50) [21] G+20pt 778 0.28% 18.9n 16.80 1.50% 4.7m| 23.55 1.89% 14.4m
DIFUSCO (T=100) [21] S+20pt | 7.76  0.06% 30m| 16.69 0.87% 19.1m 23.42 1.31% 51.9m
T2T (Ts=50,T3=30) [9] G+20pt 776 0.07% 28.6m 16.68 0.82% 6.5m| 23.44 1.40% 19.7m
T2T (Ts=50,T,=30) [9] S+20pt 776 0.02% 45.1m 16.63 0.48% 19.7m 23.37 1.07% 51.1m
Fast T2T (T=5,Tg=5) [24] G+20pt| 7.76 0.03% 4.2m| 16.61 0.39% 2.2m| 23.25 0.58% 8.6m
Fast T2T (T=5,Tg=5) [24] S+20pt | 7.76 0.01% 8.3m| 16.58 0.21% 6.9m| 23.22 0.42% 18.3m
GenSCO (C=10) 7.76 0.000% 6s | 16.55 0.023% 5s | 23.25 0.559% 12s
GenSCO (C=20) - - - 16.55 0.020% 9s | 23.21 0.390% 23s
GenSCO (C=40) - - - 16.55 0.016%  18s| 23.18 0.258% 46s
GenSCO (C=10) 20pt 7.76 0.000% 6s 16.55 0.019% 5s 23.13 0.063% 16s
GenSCO (C=20) 20pt - - - 16.55 0.016% 9s 23.13 0.054%  30s
GenSCO (C=40) 20pt - - - 16.55 0.012% 18s | 23.13 0.046%  58s
GenSCO (C=80) 20pt - - - 16.55 0.011% 36s | 23.13 0.041% 2.0m
GenSCO (C=160) 20pt - - - 16.55 0.010% 1.2m | 23.13 0.036% 3.9m

solution quality (0.011%). Although LKH3 exhibits a steeper scaling slope and can eventually surpass
GenSCO at larger problem sizes, this work represents a signi cant milestone where a neural solver
genuinely outperforms LKH with suf cient time. Notably, within the high-accuracy regime of 0.02%
optimality gap, GenSCO achieves approximately ¥peedup compared to LKH3.

Scaling Effect with Increased Computa- Taple 2: Generalization results. Objective and Opti-

tion._ Fig.2 (a) presents a comparison Orfnality Gap metrics are reported.
scaling curves between GenSCO and the

o b . —
raw diffusion model as computation scales, tesmg " | TSP-00 | TSP-500 | TSP-1000
with 20pt as the post-processing techniqu% DIFUSCO (%=50) [21] | 5.70,0.25% | 5.83,2.55% | 5.84,2.71%

i i i T2T (Ts=50,Tg=30) [9] | 5.70,0.11% | 5.78,1.60% | 5.75,1.10%

We S(_:a_'le preVIOUS dlfoS|0n mOdeIS through& éenSCgO (C=40) 5.69,0.00% | 5.69,0.05% | 5.69, 0.08%
denOISIng Steps (DIFUSCQH) and gradl- § DIFUSCO (T:=50) [21] | 7.78,0.23% | 8.03,3.44% | 8.02,3.31%
ent search steps (T2®]). The results show & 72T (T=50,1,=30)[09] | 7.77,0.08% | 7.952.47% | 7.91,196%
GenSCO (C=40) 7.76,0.00% | 7.85,1.16% | 7.87,1.42%

that while gradient search can overcome petz

formance plateaus, its scaling effectivenesg
remains limited due to the costly inference?

DIFUSCO (T.=50) [21]
T2T (T=50,T,=30) [9]
GenSCo (C=40)

17.05, 3.04%
16.92, 2.25%
16.99, 2.70%

16.78, 1.40%
16.68, 0.81%
16.55, 0.01%

16.86, 1.85%
16.72, 1.00%
16.55, 0.02%

steps. In contrast, thanks to its lightweights

DIFUSCO (T:=50) [21]
T2T (T4=50,T,=30) [9]

24.04, 3.98%
23.85, 3.16%

23.65, 2.30%
23.47,1.51%

23.63,2.21%
23.41,1.23%

GenSCO (C=40) 24.37,5.40%| 23.14,0.11% 23.13, 0.05%

operators, GenSCO ef ciently scales to hun+2
dreds of function evaluations within a short
time frame, maintaining high performance with a nearly linear improvement trend. Fig.2 (b) illustrates
the performance variation when scaling denoising steps in a single generation round and scaling
search cycles in GenSCO. Scaling search cycles results in more stable performance, overcoming the
performance plateau that occurs when simply increasing inference steps.




Table 4: Results on MIS. G: Greedy, S: Sampling, TS: Tree Search, UL: Unsupervised Learning.

RB-[200-300] ER-[700-800]
Method Type Obj. Gap Time | Obj. Gap Time
KaMIS [87] Heuristics| 20.10 - 1.4h | 44.87 - 52.1m
Gurobi [88] Exact 19.98 0.01% 47.6m 41.28 7.78% 50.0m
Intel [83] SL+G - - - 3486 22.31% 6.1m
DIMES [12] RL+G - - - 38.24 14.78% 6.1m
Intel [83] SL+TS | 1847 8.11% 13.1m 38.80 13.43% 20.0m
DGL [85] SL+TS | 17.36 13.61% 12.8m 37.26 16.96% 22.7m
LwD [84] RL+S - - - 4117 825%  6.3m
GFlowNets [23] UL+S 19.18 4.57% 32s| 41.14 8.53% 2.9m
DIFUSCO (1:=100) [21] SL+G 1852 7.81% 16.1nj 37.03 18.53% 5.5m
DIFUSCO (1:=100) [21] SL+S 19.13  4.79% 20.5m 39.12 12.81% 21.7m
T2T (Ts=50,T4=30) [9] SL+G 18.98 5.49% 21.0m 39.81 11.28% 7.1m
T2T (Ts=50,T4=30) [9] SL+S 19.38 3.53% 30.3m 4141 7.72% 27.8m

Fast T2T (§=5,T4=5) [24] SL+G 1949 2.89% 4.7m| 40.68 9.34% 1.5m
Fast T2T (§=5,T4=5) [24] SL+S 19.70 1.90% 7.0m| 41.73 6.99% 5.9m

GenSCO (C=500) SL+G 1985 1.24% 1.1m | 4246 537%  40s

GenSCO (C=1k) SL+G 1991 0.96% 2.2m | 4291 4.38% 1.3m
GenSCO (C=2k) SL+G 19.97 0.64% 4.4m | 43.33 3.44% 2.7m
GenSCO (C=4k) SL+G 20.01 0.43% 88m | 43.77 2.46% 5.3m
GenSCO (C=8Kk) SL+G 20.04 0.29% 17.6m| 44.13 1.66% 10.7m
GenSCO (C=16k) SL+G 20.06 0.22% 352m| 4441 1.03% 21.4m

Cross-Scale GeneralizationWe train the model on a speci ¢ problem scale and then evaluate it on

all problem scales. Table 2 presents the generalization results of GenSCO compared with diffusion
counterparts. We discover that generalization performs well between large-scale datasets (TSP-500
and 1000) and also between small-scale datasets (TSP-50 and 100). However, generalization degrades
across data distributions with large differences, unless the test set is a simpler dataset like TSP-50.
Nonetheless, GenSCO still exhibits superior performance compared to prior baselines.

Training with Suboptimal Supervision. We investigate the performance of GenSCO trained with
worse-quality data produced by the 20pt heuristic (with 1.9% gap on TSP-100 and 7.0% gap on TSP-
500). Table 3 shows that even though the model is trained on worse-quality solutions, which results in
a less reliable solution re nement mapping, the iterative search cycles can still effectively explore the
solution space, thereby ultimately yielding performance that surpasses the original supervision source.
We further employ the trained GenSCO to relabel a small subset (1/75) of the dataset, then iteratively
ne-tune subsequent models (GenStahd GenSC#) to verify the capacity of self-improving and
gradually elevating the supervision quality.

5.2 Experiments for MIS

Datasets.Two datasets are tested for the MIS probleffble 3: Performance of models trained
following [83, 84, 85, 12, 21], including RB graphs23 With lower-quality supervision.

and Erds—Rényi (ER) graphssf]. For RB graphs, Method‘ Ob_TSF"lgg ObTSP-S(g‘?a

we randomly sampl@00to 300 vertices uniformly to ) P ) P
generate graph instances. For ER graphs, we construgt 20P(| 7.995  1.920% 17.793  €.994%
random graphs wit00to 800nodes, setting the pair- gensca | 7.756  0.007%| 16.699 0.927%
wise connection probability &515. GenSCQ@ | 7.756 0.005%)| 16.642 0.583%

Metrics. 1) Objective: the average size of the solutions w.r.t. the corresponding instances; 2) Drop:
the relative performance drop w.r.t. size compared to the optimal solution or the reference solution;
3) Time: the computational time required to solve all the test instances.

Model Setting. We use3 denoising steps in a single round of ow generation and run the search oper-
ator without parallelization. The number of search cycles, denot€d mdreated as a hyperparameter
to control the extent of exploration. The con gurations of the diffusion baselines follow those in TSP.

Main Results. Table 4 demonstrates the effectiveness of GenSCO, showcasing both performance
advantages and stable scaling behavior compared to the raw diffusion model. To ensure a fair
comparison with neural solvers, Gurobi's solving time is limited, and thus it does not reach optimality.




Table 5: Results on MCI. G: Greedy, S: Sampling, UL: Unsupervised Learning.

RB-[200-300] RB-[800-1200]

Method Type Obj. Gap Time | Obj. Gap Time
Gurobi [88] | Exact | 19.08 0.00%  7.5m| 40.18 0.00%  38.4h
Meta-EGN [89] UL 17.51 8.30% 2.3m| 33.79 15.49% 4.5m
DiffUCO [16] UL | 1621 1253% 11.8m - - -
COExpander [53] bs SL+S | 19.00 0.50% 5.4m| 39.06 2.99% 53.0m
COExpander [53] more stepsSL+S | 18.98  0.68% 30s | 39.88 0.90% 3.1m
GenSCO (C=500) SL+G | 19.08 0.01% 1.1m | 40.22 -0.10% 6.9m
GenSCO (C=1k) SL+G | 19.08 0.00% 2.2m | 40.23 -0.13% 13.8m

GenSCO (C=500) achieves strong results within just 1.1 minutes on the RB dataset and 40 seconds on
the ER dataset, reaching optimality gaps of 1.24% and 5.37%, respectively. This correspondstoa 3.9
reduction in gap with an 18.6speedup on RB, and a 2.4ap reduction with a 32.6 speedup on ER,
compared to the raw diffusion model baseline DIFUSQQ {vhen scaling inference steps. Moreover,

as the number of search cycles increases, GenSCO consistently delivers performance gains. With
comparable solving time, it reduces the optimality gap from 4.79% to 0.29% (lihprovement)

on RB, and from 12.81% to 1.03% (12.4mprovement) on ER, compared to DIFUSCO.

5.3 Experiments for MCI

Datasets.Two datasets, RB-Small and RB-Large, are tested for the MCI problem follosB)@8,
16]. The RB-Small dataset involves graph instances @fito 300uniformly sampled vertices, and
the RB-Large dataset involves graph instances @@fto 1200uniformly sampled vertices.

Metrics. 1) Objective: the average size of the cliques w.r.t. the corresponding instances; 2) Drop: the
relative performance drop w.r.t. size compared to the optimal solution or the reference solution; 3)
Time: the computational time required to solve all the test instances.

Model Setting. We use3 denoising steps in a single round of ow generation and run the search
operator without parallelization. The number of search cycles, deno@diasreated as a hyper-
parameter to control the extent of exploration. The con gurations of the diffusion baselines follow
those in TSP and MIS.

Main Results. Table 5 presents the signi cant performance advantages of GenSCO on the MCI
problem. To ensure a fair comparison with neural solvers, Gurobi's solving time is limited, and
thus it does not reach optimality. GenSCO achieves strong results with the solution quality gap
of 0.00% on RB-[200-300] and -0.13% on RB-[800-1200] compared to Gurobi. This exceptional
solution quality is delivered with remarkable ef ciency. GenSCO can exceed Gurobi (-0.10%) with
just 6.9 minutes (334 speedup), which stands in stark contrast to the 38.4 hours needed by Gurobi
to reach such solution quality. Compared to other learning-based solvers, this outcome marks a
step-change, order-of-magnitude improvement. From the perspective of the gap metric, it has reduced
the learning-based solvers' performance from 0.90% to -0.13%.

6 Conclusion

This work presents a novel perspective on diffusion-based solvers by prioritizing inference-time cost-
ef ciency through scalable, search-driven optimization rather than focusing solely on maximizing
single-round generation quality. We redesign both the diffusion architecture and the solving pipeline
by introducing a solution-to-solution recti ed ow model alongside a controllable search operator,
enabling systematic exploration of the solution space via iterative re nement cycles. Extensive
experiments demonstrate that GenSCO delivers performance improvements by orders of magnitude
over previous state-of-the-art neural methods. Notably, GenSCO even achieves signi cant speedups
compared to the state-of-the-art classic mathematical solver LKH3, delivering asp&edup to

reach 0.000% optimality gap on TSP-100, and approximately aski&edup to reach 0.02% on TSP-

500. These results potentially mark a milestone in neural combinatorial optimization, showcasing the
potential of scalable neural solvers for high-accuracy and high-speed problem solving and paving the
way for future advances in combinatorial optimization through the lens of Al.
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NeurlPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re ect the
paper's contributions and scope?

Answer: [Yes]

Justi cation: The abstract and introduction explicitly state the claims made, including the
contributions made in the paper (Sec. 1). The claims match the experimental results in
Sec. 5.

Guidelines:

» The answer NA means that the abstract and introduction do not include the claims
made in the paper.

» The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

» The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.

* Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justi cation: We discuss the limitations in Appendix A.
Guidelines:

» The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

The authors are encouraged to create a separate "Limitations" section in their paper.

» The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was

only tested on a few datasets or with a few runs. In general, empirical results often

depend on implicit assumptions, which should be articulated.

The authors should re ect on the factors that in uence the performance of the approach.

For example, a facial recognition algorithm may perform poorly when image resolution

is low or images are taken in low lighting. Or a speech-to-text system might not be

used reliably to provide closed captions for online lectures because it fails to handle

technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

While the authors might fear that complete honesty about limitations might be used by

reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-

tant role in developing norms that preserve the integrity of the community. Reviewers

will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justi cation: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.
« All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.
» The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi cation: The experimental details and model settings are in Sec. 5 and Appendix C, D.
We will make our source code publicly available upon acceptance.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of

whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci c model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justi cation: The source code will be made publicly availablatiys://github.com/
Thinklab-SJTU/GenSCO

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guideittes/(nips.cc/
public/guides/CodeSubmissionPolicy ) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

» The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidetpes (
/Inips.cc/public/guides/CodeSubmissionPolicy ) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justi cation: The experimental details are in Sec. 5 and Appendix C, D.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer:

Justi cation: We follow the setting of previous work8(, 1, 2, 25, 11, 26, 22, 27, 8, 19, 28,
12, 21, 29] to report the average solution quality over 128 or 1,280 instances in Sec. 5.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.

» The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

» For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi cation: We provide the testing GPUs and time-consumption of our methods as well as
previous works in Sec. 5. The training resource requirement is in Appendix. D

Guidelines:

» The answer NA means that the paper does not include experiments.

« The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethiclttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi cation: The research conducted in the paper conforms, in every respect, with the
NeurlPS Code of Ethics.

Guidelines:

* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justi cation: We discuss the borader impacts in Appendix. A.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

« Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justi cation: The paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi cation: The original papers that introduce models and datasets used in the paper are
cited in Sec. 5.

Guidelines:

» The answer NA means that the paper does not use existing assets.
« The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

« The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justi cation: Currently, the paper does not release new assets. Our source code will be
released upon the acceptance of the paper with comprehensive documents. As part of the
documents, we formally describe our proposed model and the corresponding details.

Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

» At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

 According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: This paper does not incur such risks.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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« Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

« For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi cation: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

» The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

» Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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Appendix

A Broad Impacts, Limitations and Future Work

This paper explores test-time scaling for generative neural solvers, demonstrating that generative
models designed speci cally with search-oriented scaling can signi cantly improve performance.
Experiments show that the proposed algorithm achieves orders-of-magnitude improvements compared
to state-of-the-art machine learning solvers, and also exhibits notable advantages over LKH on TSP
instances of size 500 and below. The algorithm reveals the great potential of neural network solvers to
surpass the decades-re ned mathematical heuristic algorithms like LKH on some classical problems
that have been thoroughly studied.

Current limitations include that in larger-scale experiments, we observed that given more time, the
improvement rate of GenSCO slows down, and eventually the improvement rate of LKH surpasses
that of GenSCO. Maintaining an effective, continued search on larger-scale data is a target for future
exploration. On the other hand, switching between neural network solvers and traditional solvers in
a two-stage manner is a possible direction for further research. In generalization experiments, we
found that the model suffers from performance degradation on certain hard TSPLIB instances, which
impacts the average performance. Improving the robustness of neural network solvers is also a future
direction.

B Claim for the Utilization of Parallel GenSCO Operators

We note that the core logic of our methodology is: 1) to explore a new solving paradigm (generation
as a search operator) that offers better scaling effects, and 2) to maximize the use of the proposed
operator to signi cantly boost solving performance. In this design, the neural network’s role is
lightweight, with a low number of inference steps per generation, which is designed to reallocate the
computation to more search cycles. Compared to previous methods that rely on the accuracy of single-
round heavy generation, GenSCO's single neural network inference has a low GPU computational
density. Parallelism is necessary to ensure GenSCO fully utilizes the available GPU power, making
the computational cost comparable to other methods that rely on "heavy" networks for a single model
inference.

Thus, the results reported in the main experiments re ect the parallel execution of 8 GenSCO
operators. Here, Table 6 shows results for 1, 2, and 4 parallel operators to show the effect of varying
parallel runs. As seen, even with the num_runs=1 setting, GenSCO still signi cantly outperforms
other baselines (without full GPU utilization).

Table 6: Ablation studies of GenSCO with different parallel runs on TSP-500 and TSP-1000.

Runs TSP-500 TSP-1000
Obj. Gap (%) Time(s) Obj. Gap (%) Time (s)

16.550  0.028 2.408 | 23.137  0.083 7.609
16.549  0.021 4.383| 23.133  0.065 12.372
16.548 0.016 9.248 | 23.130  0.053 24.164
16.548  0.013 17.974| 23.129  0.047 47.468

16.549  0.021 4.365| 23.134  0.067 14.012
16.549  0.016 8.333| 23.131  0.055 23.834
16.548  0.012 17.904| 23.129  0.047 47.327
16.548 0.011 35.541) 23.127  0.040 93.989

16.548 0.016 8.226| 23.131  0.056 27.741
16.548 0.013 16.160| 23.129  0.047 46.770
16.548 0.011 35.375 23.128  0.041 93.904
16.548  0.010 70.923| 23.126  0.034 187.634

Method

GenSCO (C=40)

GenSCO (C=80)

GenSCO (C=160)

ORANRFRP{OANRFR|ORANEF
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C Supplementary Experiments

C.1 Results on TSP Real-World Data

Results on TSPLIB 50-200.We evaluate our model trained with random 100-node problems on
real-world TSPLIB instances with 50-200 nodes. The compared baselines include DIFQHCO [
T2T [9], Fast T2T p4], and baselines listed i®]]'s Table 3. The hyperparameter settings of the
compared baselines are: DIFUSCQ=%0; T2T: T:=50 and §=30; GenSCO (w/o GS):sF10; Fast

T2T (w/ GS): T:=10 and [=10; GenSCO: we adogtinference steps in one generation roud)

search cycles, antb operators in parallel. The diffusion-based methods are compared in the same
settings with greedy decoding and Two-Opt post-processing. For each instance, we normalize the
coordinates to [0,1]. The results are presented in Table 7.

Results on TSPLIB 200-1000We also supplement the results (optimality drop) of diffusion-based
baselines and GenSCO on large-scale TSPLIB benchmark instances with 200-1000 nodes. The
models are trained on TSP-500 and inference with greedy decoding and Two-Opt post-processing.
For each instance, we normalize the coordinates to [0,1]. The results are presented in Table 8.

Table 7: Solution quality for methods trained on random 100-node problems and evaluated on
TSPLIB instanceswith 50-200 nodes. denotes results quoted from previous works [91].

INSTANCES AM* GCN* Learn20PT* GNNGLS* DIFUSCO T2T FastT2T GenSCO

eil51 16.767%  40.025% 1.725% 1.529% 2.82% 0.14%  0.0C 0.000%
berlin52  4.169%  33.225% 0.449% 0.142% 0.00% 0.00%  0.0C 0.000%
st70  1.737%  24.785% 0.040% 0.764% 0.00% 0.00%  0.0C 0.000%
eil76  1.992%  27.411% 0.096% 0.163% 0.34% 0.00%  0.0C 0.000%
pr76  0.816%  27.793% 1.228% 0.039% 1.12% 0.40%  0.0C 0.000%
rat99  2.645%  17.633% 0.123% 0.550% 0.09% 0.09%  0.0C 0.000%
kroA100 4.017%  28.828% 18.313% 0.728% 0.10% 0.00%  0.0C 0.000%
kroB100  5.142%  34.686% 1.119% 0.147% 2.29% 0.74%  0.6¢ 0.000%
kroC100 0.972%  35.506% 0.349% 1.571% 0.00% 0.00%  0.0C 0.000%
kroD100 2.717%  38.018% 0.866% 0.572% 0.07% 0.00%  0.0C 0.000%
kroE100 1.470%  26.589% 1.832% 1.216% 3.83% 0.27%  0.0C 0.000%
rd100  3.407%  50.432% 1.725% 0.003% 0.08% 0.00%  0.0C 0.000%
eill0l  2.994%  26.701% 0.387% 1.529% 0.03% 0.00%  0.0C 0.000%
[in105 1.739%  34.902% 1.867% 0.606% 0.00% 0.00%  0.0C 0.000%
prl07  3.933%  80.564% 0.898% 0.439% 0.91% 0.61% 0.6z 0.000%
pri24  3.677%  70.146% 10.322% 0.755% 1.02% 0.60%  0.0¢ 0.000%
bierl27  5.908%  45.561% 3.044% 1.948% 0.94% 0.54%  1.5( 0.000%
ch130 3.182%  39.090% 0.709% 3.519% 0.29% 0.06%  0.0C 0.000%
pri36 5.064%  58.673% 0.000% 3.387% 0.19% 0.10%  0.01 0.000%
prl44  7.641%  55.837% 1.526% 3.581% 0.80% 0.50%  0.3¢ 0.000%
chl50 4.584%  49.743% 0.312% 2.113% 0.57% 0.49%  0.0C 0.000%
kroA150 3.784%  45.411% 0.724% 2.984% 0.34% 0.14%  0.0C 0.000%
kroB150  2.437%  56.745% 0.886% 3.258% 0.30% 0.00%  0.07 0.340%
pri52  7.494%  33.925% 0.029% 3.119% 1.69% 0.83%  0.1¢ 0.187%
ul59  7.551%  38.338% 0.054% 1.020% 0.82% 0.00%  0.0C 0.000%
ratl95 6.893%  24.968% 0.743% 1.666% 1.48% 1.27%  0.7¢ 0.194%
d198 373.020% 62.351% 0.522% 4.772% 3.32% 1.97% 0.8t 0.751%
kroA200  7.106%  40.885% 1.441% 2.029% 2.28% 0.57%  0.4¢ 0.160%
kroB200  8.541%  43.643% 2.064% 2.589% 2.35% 0.92% 2.5 0.098%
Mean 16.767%  40.025% 1.725% 1.529% 0.97% 0.35%  0.28 0.061%

C.2 Ablation Study on the Flow Modeling

Table 9 compares the ow model and the consistency model (from the state-of-the-art Fa@4))2T [

on TSP-500 under the same implementation and number of forward function evaluations (NFE). We
treat the consistency model as an alternative diffusion model variant and enhance its competitiveness
by applying more 2-opt cycles, though at the cost of increased runtime. The results demonstrate the
effectiveness of our proposed ow model over the previous consistency model design.
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Table 8: Solution quality for methods trained on random 500-node problems and evaluated on
TSPLIB instanceswith 200-1000 nodes.

INSTANCES DIFUSCO  T2T Fast T2T GenSCO
a280 1.39% 1.39% 0.10% 0.000%
d493 1.81% 1.81% 1.43% 3.872%
des7 4.86% 2.40% 0.64% 0.457%
417 3.30% 3.30% 2.01% 0.596%
gil262 2.18% 0.96% 0.18% 0.000%
lin318 2.95% 1.73% 1.21% 0.025%

linhp318 2.17% 1.11% 0.78% 0.025%
p654 7.49% 1.19% 1.67% 1.023%
pch442 2.59% 1.70% 0.61% 0.015%
pr226 4.22% 0.84% 0.34% 0.211%
pr264 0.92% 0.92% 0.73% 0.000%
pr299 1.46% 1.46% 1.40% 0.011%
pr439 2.73% 1.63% 0.50% 0.106%
rat575 2.32% 1.29% 1.43% 0.000%
rat783 3.04% 1.88% 1.03% 0.068%
rd400 1.18% 0.44%  0.08% 0.030%
ts225 4.95% 2.24% 1.37% 0.517%
tsp225 3.25% 1.69% 0.81% 0.000%
us74 2.50% 1.85% 0.94% 0.109%
u724 2.05% 2.05% 1.41% 0.040%
Mean 2.87% 1.59% 0.93% 0.355%

Table 9: Ablation studies of diffusion modeling design choices on TSP-500.

Method _ NFE=40 _ _ NFE=80 ] _ NFE=160 _

Ob;j. Gap Time| Obj. Gap Time| Obj. Gap Time
Consistency [24] 16.598 0.313%  7s| 16.590 0.265%  14s| 16.584 0.233%  28s
Consistency [24] 20pt 16.550 0.028%  23s| 16.549 0.022%  46s| 16.549 0.021% 1m33s
Flow 16.550 0.023% 5s| 16.549 0.020%  9s| 16.548 0.016% 18s
Flow 20pt 16.549 0.019% 5s| 16.548 0.016% 9s| 16.548 0.012% 18s

C.3 Ablation Study on the Architecture Choices

Table 10 compares different architecture choices within GenSCO to show the effectiveness of the
proposed Transformer architecture compared to the classic Graph Convolutional Network (GCN).
We reimplement the GCN following the speci ¢ settings in DIFUSCQ][and Fast T2T 24] as

an alternative backbone for the ow model. The GCN implementation takes much more runtime
for the same iterations, and the ef ciency of the proposed Transformer architecture allows for the
maximization of the scaling bene ts.

Table 10: Ablation studies of architecture choices on TSP-500 and TSP-1000.

TSP-500 TSP-1000
Method ‘ Obj. Gap Time ‘ Obj. Gap Time
GenSCO (C=40) with GCN 16.556 0.060% 1m45$ 23.157 0.167% 6m50s
GenSCO (C=40) with Transformer| 16.549 0.019% 5s | 23.133 0.063% 16s
GenSCO (C=80) with GCN 16.553 0.045% 3m25$ 23.147 0.127% 13m40s
GenSCO (C=80) with Transformer| 16.548 0.016% 9s | 23.131 0.054% 30s
GenSCO (C=160) with GCN 16.552 0.037% 6m50s 23.140 0.097% 27m20s
GenSCO (C=160) with Transformer16.548 0.012% 18s | 23.129 0.046% 58s

C.4 Ablation Study on the Augmentation Technique

In the implementation, at each search cycle, we apply a symmetric transformation to the instance,
such as rotating the coordinates. This operation increases the diversity of the model prediction during
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the intermediate process, ensuring the continuity of exploration ability throughout the search. We
conduct an ablation study on this trick in Table 11.

Table 11: Ablation study of the augmentation technique on TSP-100 and 500.
TSP-100 (1280 inst.)| TSP-500 (128 inst.)

Method Ob;j. Gap Time| Obj. Gap Time
GenSCO (C=10) w/ aug. 7.76 0.000% 6s | 16.55 0.023% 5s
w/o aug. 7.76 0.004% 6s | 16,55 0.047% 5s
GenSCO (C=20) w/ aug. 7.76 0.000% 12s| 16.55 0.020%  9s
w/o aug. 7.76 0.003% 12s| 16.55 0.040% 9s
GenSCO (C=40) w/ aug. 7.76 0.000% 24s| 16.55 0.016% 18s
w/o aug. 7.76 0.003% 24s| 16.55 0.031% 18s

GenSCO (C=10) 20ptw/ aug.| 7.76 0.000%  6s | 16.55 0.019%  5s
w/oaug.| 7.76 0.003%  6s | 16.55 0.037%  5s
GenSCO (C=20) 20ptw/ aug.| 7.76 0.000% 12s| 16.55 0.016%  9s
wioaug.| 7.76 0.003% 12s| 16.55 0.032%  9s
GenSCO (C=40) 20ptw/ aug.| 7.76 0.000% 24s| 1655 0.012%  18s
w/oaug.| 7.76 0.003% 24s| 1655 0.026%  18s

C.5 Ablation Study on the Disruption Operator

In the implementation, at each search cycle, we apply a disruption operator to the obtained solutions
to escape from local optima and achieve continuous improvement. Table 12 shows the results of
GenSCO with and without the disruption operator. Without the disruption operator, we observe
varying degrees of performance degradation, especially on TSP500, where the gains from increasing
search cycles show signi cant stagnation.

Table 12: Ablation study of the disruption operator on TSP-100 and 500.

TSP-100 TSP-500
Method Obj. Gap Obj. Gap

GenSCO (C=40) w/ disruption| 16.549 0.019%| 23.133 0.063%
w/o disruption| 16.551 0.033% 23.137 0.083%
GenSCO (C=80) w/ disruption| 16.548 0.016%| 23.131 0.054%
w/o disruption| 16.551 0.032% 23.134 0.067%
GenSCO (C=160) w/ disruption 16.548 0.012%| 23.129 0.046%
w/o disruption| 16.551 0.032% 23.131 0.056%

C.6 Ablation Study on the Number of Sampling Steps

Table 13 shows the effect of varying the number of sampling steps for GenSCO. We observe that
increasing the number of sampling steps generally improved performance for GenSCO with different
numbers of cycles, though the gains diminished in later stages. We ultimately Thogk and
allocated more computational resources to scaling the number of cycles. .

Table 13: Ablation studies of the number of sampling steps on TSP-500.

T C=40 C=80 C=160

Ob;j. Gap Time | Obj. Gap Time | Ohbj. Gap Time
1] 16.561 0.091% 8.069 16.558 0.072% 15.545 16.556 0.059% 31.47s
2 | 16.549 0.018% 8.349 16.549 0.017% 16.33516.548 0.015% 32.15s
4 | 16.548 0.013% 18.38516.548 0.011% 35.565 16.548 0.010% 70.62s
6 | 16.548 0.013% 26.88516.548 0.011% 53.35516.547 0.009% 106.26s
8 | 16.548 0.012% 35.605 16.547 0.010% 70.66516.547 0.009% 140.92s
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C.7 Visualization of the Generation

Fig. 3 shows the interpolation achieved by neural predictions between a suboptimal solution and the
optimal one, which is a typical process in inference. In the inference process, the search operator
rst disrupts the solution with random local search operators and then conducts the ow sampling
process. As corresponding to this speci ¢ process, Fig. 5 presents the interpolation achieved by neural
predictions between a disrupted suboptimal solution and the optimal one. Fig. 4 shows Flow-based
interpolation between an intermediate state (lying between a suboptimal and the optimal solution)
and the optimal solution, which is a typical process in training.

Figure 3: Flow-based interpolation between a suboptimal solution and the optimal one.

Figure 4: Flow-based interpolation achieved by neural predictions between a disrupted suboptimal
solution and the optimal one.

Figure 5: Flow-based interpolation between a suboptimal solution and the optimal one.
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