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Abstract

Diffusion-based Neural Combinatorial Optimization (NCO)
has demonstrated effectiveness in solving NP-complete
(NPC) problems by learning discrete diffusion models for
solution generation, eliminating hand-crafted domain knowl-
edge. Despite their success, existing NCO methods face sig-
nificant challenges in both cross-scale and cross-problem
generalization, and high training costs compared to tradi-
tional solvers. While recent studies on diffusion models have
introduced training-free guidance approaches that leverage
pre-defined guidance functions for conditional generation,
such methodologies have not been extensively explored in
combinatorial optimization. To bridge this gap, we propose
a training-free inference time adaptation framework (DIFU-
Ada) that enables both the zero-shot cross-problem transfer
and cross-scale generalization capabilities of diffusion-based
NCO solvers without requiring additional training. We pro-
vide theoretical analysis that helps understanding the cross-
problem transfer capability. Our experimental results demon-
strate that a diffusion solver, trained exclusively on the Trav-
eling Salesman Problem (TSP), can achieve competitive zero-
shot transfer performance across different problem scales on
TSP variants, such as Prize Collecting TSP (PCTSP) and the
Orienteering Problem (OP), through inference time adapta-
tion.

Introduction
Combinatorial optimization (CO) problems are fundamen-
tal challenges across numerous domains, from logistics
and supply chain management to network design and re-
source allocation. While traditional exact solvers and heuris-
tic methods have been widely studied, they often struggle
with scalability and require significant domain expertise to
design problem-specific algorithms (Arora 1998; Gonzalez
2007).
Recent advances in deep learning have sparked interest in

Neural Combinatorial Optimization (NCO), which aims to
learn reusable solving strategies directly from data, eliminat-
ing the need for hand-crafted heuristics (Bengio, Lodi, and
Prouvost 2021). Among various deep learning approaches,
diffusion-based models (Ho, Jain, and Abbeel 2020; Song
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et al. 2020) have emerged as a particularly promising direc-
tion for solving combinatorial optimization problems. These
models have demonstrated remarkable capabilities in learn-
ing complex solution distributions by adapting discrete dif-
fusion processes to graph structures (Sun and Yang 2023).
Recent works like (Li et al. 2024a,b) have achieved state-of-
the-art performance on classical problems such as the Trav-
eling Salesman Problem (TSP), showcasing the potential of
diffusion-based generative approaches in combinatorial op-
timization.
However, the practical applicability of existing NCO ap-

proaches is limited by several generalization challenges.
First, current models suffer from cross-scale generalization,
with performance degrading significantly when applied to
larger problem instances than those seen during training,
especially for auto-regression-based solvers (Khalil et al.
2017; Kool, Van Hoof, and Welling 2018) including trans-
former and reinforcement learning methods. Second, these
models show limited cross-problem transfer capabilities,
struggling to adapt to problem variants with modified ob-
jectives or additional constraints. While several studies have
attempted to enhance learning-based solvers’ generalization
through approaches such as training additional networks
(Wang et al. 2024) and fine-tuning (Lin et al. 2024), these
methods require substantial computational costs and train-
ing data for training separate models for each problem type
and scale.
In parallel, recent advances in diffusion models, partic-

ularly in computer vision, have demonstrated the effec-
tiveness of training-free guidance approaches for enhanc-
ing conditional generation (Bansal et al. 2023; Chung et al.
2022; Yu et al. 2023; Shen et al. 2024; Ye et al. 2024). These
approaches leverage plug-and-play guidance functions or
pre-trained networks to enable conditional generation with-
out additional training overhead. These approaches demon-
strate significant potential for modifying the inference phase
to achieve controllable sampling from pre-trained diffusion
models. Inspired by these developments, we explore the
training-free inference time adaptation to address the cross-
problem transfer challenges in neural combinatorial opti-
mization in Figure 1.
This work introduces an inference time adaptation frame-

work (illustrated in Figure 1) designed to enhance the gener-
alization capabilities of diffusion-based Neural Combinato-
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Figure 1: The proposed Inference Time Adaptation framework. This approach combines (1) energy-guided sampling, which
incorporates problem-specific objectives and constraints, with (2) a recursive renoising-denoising travel for solution refinement,
enabling zero-shot cross-problem transfer without training. The Optimality Gap (→) on PCTSP-20 is reduced from 19.21% to
4.20%.

rial Optimization (NCO) solvers without additional training
costs. We scale up the inference time by combining two key
components: (1) energy-guided sampling and (2) a recursive
renoising-denoising travel modelled as a Guided Langevin
Dynamics. Our DIFU-Ada framework enables zero-shot
cross-problem transfer while maintaining solution feasibil-
ity. Through experimental evaluation of the TSP-trained dif-
fusion model on more complex variants, the Prize Collect-
ing TSP (PCTSP) and the Orienteering Problem (OP), we
empirically demonstrate its effective zero-shot transferabil-
ity across different problems of increasing complexity, while
maintaining consistent performance across different prob-
lem scales. Our work represents a significant step toward
more flexible and generalizable diffusion-based CO solvers,
reducing the need for problem-specific model training while
maintaining competitive performance.

Related Works
Neural Network-based Combinatorial Solvers. Neural
Combinatorial Optimization (NCO) leverages neural net-
works to learn solution distributions for complex optimiza-
tion problems (Bengio, Lodi, and Prouvost 2021; Zhang
et al. 2023). Prominent approaches include autoregressive
solvers (Khalil et al. 2017; Kool, Van Hoof, and Welling
2018; Kwon et al. 2020; Kim, Park, and Park 2022; Hot-
tung, Bhandari, and Tierney 2021) and non-autoregressive
methods (Joshi, Laurent, and Bresson 2019; Fu, Qiu, and
Zha 2021; Qiu, Sun, and Yang 2022; Wang et al. 2024; Sun
and Yang 2023; Sanokowski, Hochreiter, and Lehner 2024).
Diffusion-based Generative Modeling. Score-based diffu-
sion models (Ho, Jain, and Abbeel 2020; Song et al. 2020;
Sohl-Dickstein et al. 2015; Song and Ermon 2019; Dhari-
wal and Nichol 2021; Song, Meng, and Ermon 2020) have
become a leading generative framework. Their application
to CO was pioneered by (Sun and Yang 2023) for TSP and
has been rapidly advanced by methods incorporating gradi-
ent search (Li et al. 2024a), single-step consistency mod-
els (Li et al. 2024b), large-scale solver (Zhao et al. 2025),
and unsupervised frameworks (Sanokowski, Hochreiter, and
Lehner 2024). However, few of existing literature focus on

cross-problem generalization.
Training-free Guidance for Diffusion Models. To control
generation, training-free guidance methods (Bansal et al.
2023; Chung et al. 2022; Yu et al. 2023; Shen et al. 2024)
offer an efficient alternative to training-intensive classifier
(Dhariwal and Nichol 2021) or classifier-free (Ho and Sali-
mans 2022) approaches. This strategy was first adapted for
discrete diffusion solvers by (Li et al. 2024a), building on
the framework from (Sun and Yang 2023). Our work fur-
ther demonstrates that modifying the inference phase is a
powerful method for enhancing the zero-shot cross-problem
transfer of diffusion-based NCO solvers.

Preliminaries
Graph-based CO Problems
Combinatorial optimization (CO) problems on graphs are
fundamental to numerous real-world applications. Follow-
ing recent advances (Sun and Yang 2023; Li et al. 2024a),
we address these problems by formalizing graph-based CO
instances. We represent each problem instance as an undi-
rected graph G(V,E) ↑ G, where V and E denote the ver-
tex and edge sets, respectively. This representation encom-
passes both vertex selection and edge selection problems,
covering a broad spectrum of practical CO scenarios. For
any instance G ↑ G, we define a binary decision variable
x ↑ XG , where XG = {0, 1}N represents the feasible so-
lution space. The optimization objective is to find the opti-
mal solution x→ that minimizes a problem-specific objective
function ω(·;G) : {0, 1}N ↓ R:

x→ = argmin
x↑XG

ω(x;G), (1)

where the objective function decomposes into a log-barrier
formulation (Den Hertog, Roos, and Terlaky 1992):

ω(x;G) = fcost(x;G)↔ µ
m∑

i=1

log
(
↔ gi(x;G)

)
, (2)

Here fcost(·;G) measures the solution quality, and gi(·;G)
enforces problem-specific constraints through a penalty co-
efficient µ > 0. The validity functions gi(·;G) returns 1 for
feasible solutions and is strictly negative for infeasible ones.
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Energy-based Probabilistic Modeling
To leverage recent advances in deep generative models, we
reformulate the CO objective through an energy-based per-
spective (Lucas 2014). Specifically, we establish an energy
function:

E(·;G) := ε(y,ω(·;G)), (3)
where ε represents any loss functions (cross entropy loss,
L2-norm), and the energy function maps each solution to
its corresponding energy state. This energy-based formula-
tion naturally leads to a probabilistic framework through the
Boltzmann distribution (LeCun et al. 2006):

p(y|x;G) =
exp

(
↔ 1

ω E(y,x;G)
)

Z , (4)

where Z =
∑

x

exp
(
↔ 1

ϑ
E(y,x;G)

)
, (5)

where ϑ controls the temperature of the system and Z de-
notes the partition function that normalizes the distribution.
Recent works have demonstrated promising approaches to
approximate this distribution using diffusion-based deep
generative models by parameterizing a conditional distribu-
tion pε(x|G) to minimize the energy function. Both super-
vised (Sun and Yang 2023; Li et al. 2024a,b) and unsuper-
vised (Sanokowski, Hochreiter, and Lehner 2024) learning
paradigms have shown significant advances. Since our pro-
posed training-free guidance mechanism is applicable to any
pre-trained diffusion-based solver, we focus on the super-
vised learning framework in this work.

Discrete Diffusion Generative Models
Given a training set G = {Gi}ki=1 of i.i.d. problem instances
with their optimal solutions x and the corresponding optimal
objective values y→G, we use generative model and optimize
the model parameters ϖ by maximizing the likelihood of the
optimal solutions:

L(ϖ) = EG↓G [↔ log pε(x|y→G, G)]. (6)
We adopt a discrete diffusion generative model (Austin
et al. 2021) to effectively sample optimal solutions from
the learned distribution pε(x|y→G, G) (Sun and Yang 2023;
Li et al. 2024a,b).
The diffusion process consists of two key components: a

forward process that gradually corrupts the data, and a re-
verse process that learns to reconstruct the original distribu-
tion. The forward process q(x1:T |x0) =

∏T
t=1 q(xt|xt↔1)

maps clean data x0 ↗ q(x0|G) to a sequence of increas-
ingly corrupted latent variables x1:T . The reverse process
pε(x0:T |G) = p(xT )

∏T
t=1 pε(xt↔1|xt, G) learns to grad-

ually denoise these latent variables to recover the original
distribution. For discrete state spaces, we define the forward
process using a categorical distribution:

q(xt|xt↔1) = Cat(xt;p = x̃t↔1Qt), (7)
where x̃t ↑ {0, 1}N↗2 represents the one-hot encoding of
xt ↑ {0, 1}N . The forward transition matrix Qt is defined
as:

Qt =

[
(1↔ ϱt) ϱt

ϱt (1↔ ϱt)

]
, ϱt ↑ [0, 1], (8)

where [Qt]ij denotes the state transition probability from
state i to state j. The t-step marginal distribution and poste-
rior can be derived as:

q(xt|x0) = Cat(xt;p = x̃0Qt), (9)

where Qt = Q1Q2 . . .Qt and ↘ denotes element-wise
multiplication.
To capture the structural properties of CO problems, we

employ an anisotropic graph neural network architecture
(Joshi, Laurent, and Bresson 2019). For a given instance
G, the network learns to predict the clean data distribution
pε(x̃0|xt, G). Taking TSP as an example, where G encodes
the 2D Euclidean coordinates of vertices, the network out-
puts an adjacency matrix pε(x̃0|xt, G) ↑ [0, 1]N↗2. This
matrix parameterizesN independent Bernoulli distributions,
each corresponding to a binary decision variable in x̃0. The
reverse process during sampling follows:

pε(xt↔1|xt, G) =
∑

x̃0

q(xt↔1|xt, x̃0)pε(x̃0|xt, G). (10)

Method: Inference Time Adaptation
Energy-guided Sampling for Problem Transfer
While training-free guidance has been extensively studied
in computer vision (Bansal et al. 2023; Chung et al. 2022;
Yu et al. 2023; Shen et al. 2024; Ye et al. 2024), its ap-
plication to combinatorial optimization problems has only
recently been explored by (Li et al. 2024a,b). Adopted by
(Li et al. 2024a,b), we extend this approach by introduc-
ing energy-based training-free guidance for zero-shot cross-
problem transfer during sampling, enabling flexible incor-
poration of additional problem-specific objective functions
and constraints into pre-trained diffusion-based CO solvers.
Let G↘ = {G↘

i}ni=1 denote a set of new problem instances
which differs from the pre-trained problem set G. For a new
instance G↘ with its optimal solution pair (x, y→G→), we need
to estimate the new reverse process pε(xt↔1|xt, y→G→ , G↘)
according to (10). Following the score estimation perspec-
tive of diffusion processes (Song et al. 2020; Dhariwal and
Nichol 2021), the reverse sampling for new problem in-
stances G↘ can be defined in a SDE formulation:

dx =
[
↔f(x, t) + g2(t)ŝε(x, t, G

↘)
]
dt↘ + g(t)dw (11)

where t = T↔t↘. We decompose the conditional score func-
tion ŝε(x, t, G↘) at time step t into two components:

ŝε(x, t, G
↘) := ≃xt log pε(x|y→G→ , G↘)︸ ︷︷ ︸

Posterior Score

= ≃xt log pε(xt|G↘)︸ ︷︷ ︸
Pre-trained Prior Score

+≃xt log pt(y
→
G→ |xt, G

↘)︸ ︷︷ ︸
Energy Potential

.

(12)
From the Bayesian perspective, pε(xt|G↘) can be under-
stood as the prior, which contains knowledge of the pre-
trained problems (i.e. TSP problem in our experimental set-
tings), and pt(y→G→ |xt, G↘) corresponds to the Energy Poten-
tial that incorporates additional constraints or objectives of
the variant problem. We sample from the Posterior Score
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ŝε(x, t, G↘) to generate high-quality solutions to the new
problem G↘. A theoretical analysis of how the information
contained in pre-trained models can benefit the guided sam-
pling is provided in Appendix 4.
Drawing upon this theoretical framework, we leverage

the pre-trained diffusion model to estimate the first term
≃x log pε(xt|G↘). In the context of cross-problem transfer,
while the pre-trained model yields only a biased score func-
tion for new problem instances, we compute the second
energy-guided term ≃xt log pt(y

→
G→ |xt, G↘) to adjust using

an energy function that specifically accounts for the addi-
tional objectives and constraints of the new problems:

≃xt log pt(y
→
G→ |xt, G

↘) ⇐ ↔≃xtE(y→G→ , x̃0(xt);G
↘),

(13)
where ε(y→G→ ,ω(x̃0(xt);G↘)) measures the distance of en-
ergy states between the optimal value and the predicted
solution. Here, x̃0(xt) represents the predicted clean
sample from the current noisy state xt, which is esti-
mated by the logits of N independent Bernoulli sam-
ples x̃0(xt) = Ex̃0↓pω(x̃0|xt)[x̃0]. In this work, we define
ε(y→G→ ,ω(x̃0(xt);G↘)) := ⇒y→G→ ↔ ω(x̃0(xt);G↘)⇒2. From
Eq (13), we have:

≃xt log pt(y
→
G→ |xt, G

↘) ⇐ ↔≃xtε(y
→
G→ ,ω(x̃0(xt);G

↘)),

⇐ ↔≃xtω(x̃0(xt);G
↘),

(14)
Now we obtain the Energy Potential by just taking

the gradient of the problem-specific objective function
ω(x̃0;G). Given a pre-trained score-based diffusion model
sε(x, t, G) ⇑ ≃xt log pε(xt|G↘),the reverse process is
guided by Energy Potential modifying the score estimate as
follows:

dx =

[
↔ f(x, t) + g(t)2


≃x log pε(x|G↘)︸ ︷︷ ︸

Pre-trained Score

↔ ϑ≃xω(x̃0(x);G
↘)︸ ︷︷ ︸

Energy Potential

]
dt↘ + g(t)dw,

(15)

where t = T ↔ t↘. For discrete diffusion, each step of
the reverse process involves sampling the next state, xt,
from a multivariate Bernoulli distribution. This distribu-
tion is parameterized by the output of the guided poste-
rior pε(x|y→G→ , G↘), following a standard sampling frame-
work like DDIM (Song, Meng, and Ermon 2020).
In this work, we have the well-established log-barrier for-

mulations for PCTSP (Definition 1) and OP (Definition 2) as
the plug-and-play Energy Potential following (Lucas 2014):

Definition 1 (Energy Potential for Prize Collecting TSP
(PCTSP)). Given a complete graph G = (V,E) with edge
weights w : E ↓ R+, vertex prizes r : V ↓ R+, penalties
p : V ↓ R+, and prize threshold R, find x ↑ {0, 1}|E|,

Figure 2: Overview of recursive renoising-denoising travel
in Inference Time Adaptation for achieving zero-shot
cross-problem generalization, sequentially shifting from
pre-trained problem G (TSP) solution distribution to target
problem distribution G↘ (PCTSP).

t ↑ {0, 1}|V | that minimizes:

ω(x, t;G) = fcost(x, t;G)↔ µ · log(↔g(x, t;G))

where fcost(x, t;G) =
∑

e↑E

wexe +
∑

v↑V

pv(1↔ tv)

g(x, t;G) = ↔max(0, R↔
∑

v↑V

rvtv)

Definition 2 (Energy Potential for Orienteering Problem
(OP)). Given a complete graph G = (V,E) with edge
weights w : E ↓ R+, vertex scores s : V ↓ R+, and
budget B, find x ↑ {0, 1}|E|, t ↑ {0, 1}|V | that minimizes:

ω(x, t;G) = fcost(x, t;G)↔ µ · log(↔g(x, t;G))

where fcost(x, t;G) = ↔
∑

v↑V

svtv

g(x, t;G) = ↔max(0,
∑

e↑E

wexe ↔B)

Decoding from Generated Heatmaps
Distinguished from auto-regressive solvers like transformer,
diffusion-based solvers for combinatorial optimization learn
to generate a time-dependent matrix of probabilities, often
visualized as an N ⇓ N adjacency matrix (heatmap). This
heatmap represents the likelihood of each element (e.g., an
edge in a graph) being part of the final solution, rather than
the discrete solution itself. Consequently, a decoding strat-
egy is essential to translate this probabilistic output into a
feasible, binary solution structure.
A common and direct approach is greedy decoding, which

iteratively constructs a solution by selecting the elements
with the highest probabilities from the heatmap until a valid
termination condition is met (e.g., forming a complete tour
in the Traveling Salesperson Problem). Alternatively, the
generated heatmaps can be post-processed by more sophis-
ticated improvement heuristics, such as 2-opt (Lin 1973; Li
et al. 2024a) or Monte Carlo Tree Search (Sun and Yang
2023). To ensure a fair comparison across all methods in our
experiments, we apply greedy decoding.
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Recursive Renoising-denoising Travel
Our preliminary experiments revealed that applying energy-
guided sampling alone is often insufficient for zero-shot,
cross-problem transfer. The distributional divergence be-
tween the source problem (G) and the target problem (G↘)
can hinder the generation of high-quality, feasible solutions.
To bridge this gap, we propose 2-phase Inference-Time
Adaptation framework combining energy-guided sampling
and recursive renoising-denoising travel, inspired by recent
work (Song et al. 2023; Li et al. 2024a).
We theoretically interpret our Inference-time Adaptation

as a Guided Langevin Dynamics (Song and Ermon 2019;
Welling and Teh 2011) process in Figure 2. It is designed to
iteratively transport the solution particle from a target dis-
tribution G towards a new problem distribution G↘. Given a
solution xk in iteration k, the recursive update to next itera-
tion k + 1 is a discrete-time sequence of SDE:

x(k+1) ⇔ x(k)↔
(
sε(x

(k), G)↔ ϑ≃x(k)ω(x(k);G↘)
)
+ςkz,

(16)
where z represent renoising. A naive implementation ap-
proach would be to recursively simulate the full SDE (i.e.,
repeated full re-noising and denoising) to progressively
adapt the solution to the target distribution. However, this
incurs a prohibitive computational cost.
Our key insight is that the energy guidance does not need

to be fully applied at every step. Based on this, we imple-
ment the recursive process to only a few renoising steps and
a single step denoising in each iteration, achieving a 5-10x
inference speedup compared to the full recursive approach.
Algorithm 1 outlines the framework for Inference-Time

Adaptation, combining energy-guided sampling and recur-
sive renoising-denoising travel. It provides a practical and
efficient method for zero-shot cross-problem transfer with
pre-trained diffusion models at no additional training cost.
Furthermore, our framework is model-free and can be aug-
mented with other heuristics, such as 2-opt (Lin 1973) or
MCTS (Fu, Qiu, and Zha 2021; Sun and Yang 2023), to fur-
ther enhance final solution quality.

Numerical Results
Dataset. We evaluate our approach on the commonly-
used NP-complete combinatorial optimization problems:
the Traveling Salesman Problem (TSP) together with its
variants, the Prize Collecting Traveling Salesman Problem
(PCTSP) and Orienteering Problem (OP). The detailed prob-
lem descriptions are given in Appendix 4.
Evaluation. Following (Kool, Van Hoof, andWelling 2018),
we generate 10000 test instances for each problem scale: 20,
50, and 100, which denotes the node counts for PCTSP and
OP. We evaluate model performance using two primary met-
rics: average solution cost and optimality gap relative to the
exact solution solvers. Additionally, we measure computa-
tional efficiency through total training time and per-instance
inference time.
Baselines.We compare our approach against multiple base-
line categories. For PCTSP, (1) Exact solver: Gurobi; (2)
OR-based heuristics: OR-Tools and Iterated Local Search

Algorithm 1: Inference Time Adaptation for Cross-problem
Require:
1: pε: Pre-trained diffusion solver
2: G: Original problem
3: G↘: Target problem
4: T : Number of diffusion steps
5: K: Number of recursive travel
6: i: Number of renoising steps
7: ϑ : Energy guidance temperature
Ensure: Optimal tour t(K) for problem instance G↘

8: Initialize x(0)
T ↑ {0, 1}N

9: for k = 1 toK do
10: Renoise solution x(k↔1)

0 to some noise level x(k)
i

11: for t = i to 0 do
12: Compute pε(x

(k)
t |G↘) from pre-trained model

13: Compute energy potential: ≃xtω(x̃0(x
(k)
t );G↘)

14: Compute posterior pε(x
(k)
t↔1|x

(k)
t , y→G→ , G↘)

15: Update next state with Bernoulli Sampling:
x(k)
t↔1 ↗ Cat(x(k)

t↔1; pε(x
(k)
t↔1|x

(k)
t , y→G→ , G↘))

16: end for
17: Decode x(k)

0 to the optimal solution t(k)

18: end for
19: return t(K)

(ILS); (3) Learning-based methods: AM (Kool, Van Hoof,
and Welling 2018), MDAM (Xin et al. 2021), AM-FT
(Lin et al. 2024), ASP (Wang et al. 2024), DIFUSCO
(Sun and Yang 2023), T2T (Li et al. 2024a). For OP, (1)
Exact solver: Gurobi; (2) OR-based heuristics: Compass
(Kobeaga, Merino, and Lozano 2018) and Tsili (Tsiligirides
1984); (3) Learning-based methods: AM (Kool, Van Hoof,
and Welling 2018), AM-FT (Lin et al. 2024), DIFUSCO
(Sun and Yang 2023), T2T (Li et al. 2024a).
Experimental Setup. The proposed Inference Time Adap-
tation for Diffusion-based solvers (DIFU-Ada) builds upon
DIFUSCO’s (Sun and Yang 2023) TSP-trained checkpoints
in three different scales without additional training. The
backbone architecture used in the diffusion model is the
same as DIFUSCO, a 12-layer Anisotropic GNN with a
width of 256 hidden nodes. The results of DIFU-Ada are
recorded under 100 iterations, with 5-step re-noising and 1-
step guided denoising. The decoding strategy used in ex-
periments is greedy decoding. The energy functions used
in guided sampling are stated in Proposition 1 and 2. The
guidance temperature ϑ is fixed to be 0.1, and the constraint
coefficient µ is set to be 1 for all problem instances. All ex-
periments are conducted on a single GPU with 125 TFLOPS
peak FP16 performance. Experimental setup details are pro-
vided in Appendix 4.

Cross-problem and Cross-scale Generalization
To validate the effectiveness of our inference time adaptation
framework in zero-shot cross-problem transfer scenarios, we
first conduct experiments while maintaining consistent prob-
lem scales. As demonstrated in Table 1, our method achieves
significant zero-shot performance improvements when ap-
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PCTSP-20 PCTSP-50 PCTSP-100

Method Cost→ Gap→ Time→Cost→ Gap→ Time→Cost→ Gap→ Time→
DIFUSCO 3.78 19.21% 1.04s 5.20 15.97% 1.35s 7.85 32.31% 2.02s

T2T 3.64 14.82% 2.02s 4.90 9.38% 2.18s 7.23 21.92% 2.70s

DIFU-Ada 3.30 4.20% 1.72s 4.63 3.57% 1.99s 6.51 9.61% 2.74s

OP-20 OP-50 OP-100

Method Prize↖ Gap→ Time→ Prize↖ Gap→ Time→ Prize↖ Gap→ Time→
DIFUSCO 9.25 12.48% 1.51s 25.60 13.45% 1.88s 45.66 20.02% 2.04s

T2T 9.67 8.51% 2.70s 26.89 9.09% 3.04s 48.72 14.70% 3.45s

DIFU-Ada 10.24 3.11% 2.09s 28.21 4.63% 2.35s 54.56 8.06% 2.91s

Table 1: Zero-shot cross-problem transfer performance com-
parison between TSP-trained DIFUSCO, T2T and DIFU-
Ada (Ours) approach on PCTSP and OP instances. The re-
sults show solution cost, optimality gap, and the average in-
ference time for one instance across three problem scales
(20, 50, and 100 nodes).

plied to the pre-trained DIFUSCO (Sun and Yang 2023) and
T2T (Li et al. 2024a) model on TSP. These improvements
are evident across all PCTSP and OP problem scales, in both
enhanced solution quality and reduced optimality gaps com-
pared to the exact OR solvers.
Following the evaluation strategy following (Wang et al.

2024), we conducted experiments of DIFU-Ada’s transfer-
ability across diverse combinatorial optimization (CO) prob-
lem types and scales. Our evaluation framework specifically
assesses two aspects of generalization: 1) Cross-problem
Generalization: We assess the model’s adaptability to dif-
ferent CO problem variants, such as transferring from TSP to
PCTSP or OP. 2) Cross-scale Generalization: We evaluate
the performance of a single, optimally trained model across
various problem scales (e.g., from small to large instances
of the same problem type). Unlike existing learning-based
methods that necessitate problem-specific retraining for new
problem types or scales (e.g., for PCTSP and OP instances),
our DIFU-Ada framework achieves zero-shot generation at
inference time. This rigorous out-of-distribution evaluation
strategy presents a more challenging benchmark than con-
ventional in-distribution assessments.
The experimental results presented in Table 2 (PCTSP)

and Table 3 (OP) show the cross-problem and cross-scale
generalization capabilities of DIFU-Ada. Our framework
achieves competitive average optimality gaps (9.70% for
PCTSP and 7.26% for OP) across all scales, while main-
taining its zero-shot cross-problem transfer capability. This
performance is achieved without the training costs (e.g., 3-
5 days of retraining reported for existing methods) or the
need for well-labeled training datasets. While OR-based
heuristics like Compass exhibit strong performance on nar-
rowly defined problem types, DIFU-Ada’s ability to lever-
age pre-trained diffusion models across different CO prob-
lem variants without additional training highlights its flexi-
bility and broader applicability. Besides, the results on large-
scale PCTSP-500 and PCTSP-1000 in Appendix , Table 4
demonstrate the scalability of DIFU-Ada.

Figure 3: Ablation studies of the number of recursive travel
steps on the trade-off between optimality gap (%) and infer-
ence time (s) for PCTSP and OP.

Ablation Studies
The DIFU-Ada framework integrates two key components:
energy-guided sampling and recursive renoising-denoising
travel. To assess the contribution of each, we conducted ab-
lation studies. Figure 3 quantitatively illustrates the impact
of the recursive renoising-denoising, demonstrating a pro-
gressive enhancement in cross-problem transfer capabilities
as the number of recursive iterations increases. Figure 4
presents an analysis of performance with or without energy-
guided sampling during the recursive iterations. The perfor-
mance gap observed in these studies shows the efficacy of
both components and highlights their distinct roles in the ef-
fectiveness to achieve zero-shot cross-problem transfer.
Moreover, Figure 5 shows the effect of the temperature

parameter in controlling the guidance strength of adaptation.
Higher temperature effectively preserve the structural in-

Figure 4: The Optimality Gap of performing recursive travel
with or without energy-guided sampling on PCTSP and OP.
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PCTSP-20 PCTSP-50 PCTSP-100

Method Gap → Time → Gap → Time → Gap → Time → Avg Gap → Training-free Training Time →
O
R

Gurobi 0.00% 3.10s — — — — — — —
OR-Tools 2.13% 12.31s 4.85% 2.02m 10.33% 5.84m 5.77% — —
ILS (C++) 1.07% 2.13s 0.00% 18.30s 0.00% 56.11s 0.36% — —
ILS (Python 10x)→ 63.23% 3.05s 148.05% 4.70s 209.78% 5.27s 140.35% — —

Le
ar
ni
ng

AM (Greedy) 2.76% 0.02s 18.20% 0.07s 28.98% 0.15s 16.65% ✁ 3.5 days
AM (Sampling) 2.54% 2.43s 14.58% 7.08s 22.20% 15.13s 13.11% ✁ 3.5 days
MDAM→ (Greedy) 11.76% 41.10s 24.73% 1.31m 30.07% 1.96m 22.19% ✁ 4.3 days
MDAM→ (Beam Search) 5.88% 2.70m 18.81% 4.77m 26.09% 6.97m 16.93% ✁ 4.3 days
ASP→ 12.05% 0.03s 10.34% 0.08s 11.56% 0.18s 11.32% ✁ 4.6 days
AM-FT (greedy) 2.11% 0.03s 16.58% 0.07s 29.08% 0.16s 15.92% ✁ 4.9 days
AM-FT (Sampling) 1.02% 2.51s 14.11% 8.02s 25.19% 17.21s 13.44% ✁ 4.9 days
DIFU-Ada (Ours) 4.45% 1.80s 8.43% 1.92s 16.22% 2.87s 9.70% ✂ 0 day

Table 2: Comprehensive evaluation of cross-scale generalization capabilities across different solver categories on PCTSP
instances. Comparison includes exact solvers (Gurobi), OR-based heuristics (OR-Tools, ILS), learning-based models (AM,
MDAM, ASP, AM-FT, DIFU-Ada). Performance metrics include optimality gap, inference time, and training time. The results
marked with ↙ are reported from (Wang et al. 2024). The proposed DIFU-Ada achieves competitive performance while requir-
ing no training.

OP-20 OP-50 OP-100

Method Gap → Time → Gap → Time → Gap → Time → Avg Gap → Training-free Training Time →

O
R

Gurobi 0.00% 10.22s — — — — — — —
Compass 0.15% 0.27s 0.00% 1.02s 0.00% 6.74s 0.05% — —
Tsili (Greedy)→ 16.58% 0.02s 19.22% 0.03s 19.71% 0.03s 18.50% — —
Tsili (Sampling)→ 0.85% 0.55s 4.46% 2.45s 8.56% 9.08s 4.62% — —

Le
ar
ni
ng

AM (Greedy) 5.78% 0.04s 12.10% 0.09s 28.75% 0.19s 15.54% ✁ 3.2 days
AM (Sampling) 2.62% 2.87s 8.81% 8.12s 22.17% 14.98s 11.20% ✁ 3.2 days
AM-FT (Greedy) 5.50% 0.04s 11.51% 0.08s 23.40% 0.18s 13.47% ✁ 4.7 days
AM-FT (Sampling) 1.01% 2.76s 7.19% 8.44s 19.51% 18.15s 9.24% ✁ 4.7 days
DIFU-Ada (Ours) 3.44% 2.01s 6.11% 2.29s 12.21% 2.85s 7.26% ✂ 0 day

Table 3: Comprehensive evaluation of cross-scale generalization capabilities across different solver categories on OP instances.
Comparison includes exact solvers (Gurobi), OR-based heuristics (Compass, Tsili), learning-based models (AM, AM-FT,
DIFU-Ada). The results marked with ↙ are reported from (Lin et al. 2024).

Figure 5: Optimality gap changes with respect to the guided
temperature (↔ϑ as the x-axis label) on PCTSP and OP.

formation in the original problem instances, whereas lower
temperatures adapt to the characteristics of new problem in-
stances. This temperature-dependent behavior enables fine-
grained control over the balance between maintaining prior
knowledge and new problem features. In Appendix , Fig-
ure 6, the results on varying hyperparameter µ in energy
function show that the performances are not sensitive to the
choice of µ, thus we choose the optimal µ = 1 empirically
for all problems.

Conclusions and Limitations
We introduce DIFU-Ada, an inference-time adaptation
framework for zero-shot cross-problem transfer in diffusion-
based solvers. By integrating energy-guided sampling with a
recursive denoising strategy, our approach adapts pre-trained
models to generate high-quality solutions for new TSP vari-
ants without retraining. Experiments confirm competitive
zero-shot performance against existing methods. This work
highlights the potential of adapting diffusion solvers for real-
world combinatorial optimization problems with dynamic
constraints. While promising on TSP variants, future work
should test its applicability across broader domains.
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