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qCan we learn to configure optimization algorithms dynamically?

qCan we learn to construct optimization algorithms directly?

qCan we learn to select proper optimization algorithms automatically?
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Dynamic AC (DAC)Algorithm Configuration (AC)

DAC is a new trend in Auto-ML

from AutoML.org

Per-instance AC

a single taskmultiple tasks multiple tasks
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Open Problem: How to adjust multiple 
heterogeneous hyper-parameters 
simultaneously? [Adriaensen et al., JAIR 2023]
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Open Problem: How to adjust multiple heterogeneous hyper-parameters 
simultaneously? 

One direct method: treat multiple 
hyper-parameters as a whole, and 
apply RL methods

Very difficult 
because of the large action space!



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnDynamic Algorithm Configuration

[Vermetten et al., GECCO 2019]

2! ⋅ 3" = 4608 possible actions [Eimer et al., IJCAI 2021]

DAC policy can be 
even worse than 
static policies

The smaller the better

For example:

DAC
Static policies
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Our solution:
• Cooperative multi-agent modeling
• Each agent handles one hyper-parameter

Open Problem: How to adjust multiple heterogeneous hyper-parameters 
simultaneously? 

Problem Formulation: Contextual Multi-agent Markov Decision Process ℳ# ≔ ℳ$ $~#

ℳ$ ≔< 𝒩,𝒮, 𝒜& &'(
)

, 𝒯$, 𝑟$ > is a single MMDP,  corresponding to a problem instance 𝑖 ∈ 𝐼

To find a joint policy 𝝅: 𝒮 → Δ 𝒜(×𝒜"×⋯×𝒜) 	maximizing the global value function:

𝑄𝝅 𝑠, 𝒂 = 𝔼𝝅 '
"#$

%
𝛾"𝑟(𝑠" , 𝒂")|𝑠$ = 𝑠, 𝒂$ = 𝒂

[Xue et al., NeurIPS 2022 Spotlight]
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Open Problem: How to adjust multiple heterogeneous hyper-parameters 
simultaneously? 
Our solution:

• Cooperative 
multi-agent 
modeling

• Each agent 
handles one 
hyper-parameter

[Xue et al., NeurIPS 2022 Spotlight]
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Guidelines for state design
• Accessibility 
• Representation 
• Generalization 

Guidelines for reward design
• Higher reward in the later period 

How to apply multi-agent DAC? 

[Xue et al., NeurIPS 2022 Spotlight]
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MOEA/D [Zhang and Li, TEvC 2007]

Multi-objective

z

x

y

𝑓!

𝑓"

Pareto front

?
𝑓! better
𝑓" better

𝑓

𝒙

local optimum
Single-objective

Tune four 
hyper-parameters

dynamically

[Xue et al., NeurIPS 2022 Spotlight]
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State
• Accessibility. The state should be 

accessible in each step

• Representability. The state should 
reflect the information in the 
optimization process

• Generalizability. The learned policy 
is expected to generalize to other 
instances

[Xue et al., NeurIPS 2022 Spotlight]
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Action: the value of each hyper-parameter

Reward

Transition: one time-step in MARL is one generation in MOEA/D

[Xue et al., NeurIPS 2022 Spotlight]
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We investigate the following three research questions (RQs):

• RQ1: How does MA-DAC perform compared with the baseline and other 
tuning algorithms? 

• RQ2: How is the generalization ability of MA-DAC? 

• RQ3: How do the different parts of MA-DAC affect the performance?

[Xue et al., NeurIPS 2022 Spotlight]
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Significantly better on almost 
all the 24 problems

Good generalization ability

Train on DTLZ2, WFG4, and WFG6 with 
𝑚 objectives, and test on the other 

problems with 𝑚 objectives 

[Xue et al., NeurIPS 2022 Spotlight]
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MA-DAC (M) is robust

Good generalization ability

Train on DTLZ2, WFG4, and WFG6 with 
𝑚 objectives, and test on all the other 

problems

Train on DTLZ2, WFG4, and WFG6, and 
test on all the other problems

[Xue et al., NeurIPS 2022 Spotlight]
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Necessary to tune each 
hyper-parameter

MA-DAC (M) w/o 𝑖 denotes 
without tuning the 𝑖-th 

hyper-parameter

[Xue et al., NeurIPS 2022 Spotlight]
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Our proposed reward function is better

[Xue et al., NeurIPS 2022 Spotlight]
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MA-DAC using different 
MARL algorithms

Significantly better than DQN-1 
in most cases 

[Xue et al., NeurIPS 2022 Spotlight]
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Which MARL algorithm should we use?

Experiment on DACBench [Eimer et al., IJCAI 2021]

[Xue et al., NeurIPS 2022 Spotlight]
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Open Problem: How to adjust multiple 
heterogeneous hyper-parameters 
simultaneously?  Done by MA-DAC[Adriaensen et al., JAIR 2023]

[Xue et al., NeurIPS 2022 Spotlight]
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qCan we learn to configure optimization algorithms dynamically?
ØMulti-agent dynamic algorithm configuration

qCan we learn to construct optimization algorithms directly?

qCan we learn to select proper optimization algorithms automatically?

[Xue et al., NeurIPS’22 Spotlight] 
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BBO: Optimize an objective function 𝑓 𝑥 , with the only permission of querying 𝑓 𝑥

End-to-end learning for BBO: Utilize data from the task distribution 𝑃(ℱ) to pre-train a 
model 𝑀, which performs like an algorithm to optimize unseen objective functions

Task 1
𝑓( Data 1

Unseen
𝑓(𝑥)

Pre-trained
Model 𝑀

Task 𝑁
𝑓, Data 𝑁

…
“Algorithm”

Algorithm 
𝒜(

Algorithm 
𝒜-

…
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Source task: 𝑓$ ∼ 𝑃(ℱ)

Behavior algorithm: 𝒜&, 𝑗 = 1,⋯𝐾

Collected by executing a behavior BBO 
algorithm 𝒜&	on 𝑓$

Offline dataset: 𝒟$,& = 𝒉/
$,&,0

0'(

1

𝑅2 = ∑2!'23(
/ 𝑦∗ − 𝑦2!

Augment histories by regret-to-go (RTG)

[Song et al., IJCAI’25]
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Bring identifiability of algorithms 
and help generate user-desired 

algorithms automatically 

𝑅2 = ∑2!'23(
/ 𝑦∗ − 𝑦2!

ℒ5#667 𝜃 = −𝐸89"∼𝒟#,% S2'(

/
log𝑀< 𝑥2 Wℎ2=()

Augmented Histories

Naïve RTG update strategy for inference 𝑅2 = 𝑅2=( − (𝑦∗ − 𝑦2) Fall below 0

[Song et al., IJCAI’25]
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Hindsight Regret Relabeling (HRR) for inference

The immediate RTG is set as 0 to generate 
the most advantageous solutions

Previous RTG tokens are updated by 
adding the current regret

Reinforced In-context BBO

𝑅2 = ∑2!'23(
/ 𝑦∗ − 𝑦2! = 0

𝑅$ = ∑2!'$3(
2 𝑦∗ − 𝑦2! 𝑅$ = ∑2!'$3(

/ 𝑦∗ − 𝑦2!

[Song et al., IJCAI’25]
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Behavior algorithms
• Heuristic search, e.g., random search, shuffled grid search, hill climbing 
• Evolutionary algorithms, e.g., regularized evolution, eagle strategy, CMA-ES
• Bayesian optimization, e.g., GP-EI

Benchmarks
• BBOB functions [Elhara et al., 2019]

• HPO [Arango et al., 2021]

• Robot control problems [Wang et al., 2018]

A series of transformation are used to construct training and test data sets for BBOB and 
robot control problems, and a training and test split is provided by the authors for HPO

[Song et al., IJCAI’25]
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[Google, NeurIPS’22] makes the first attempt on learning end-to-end black-box optimizers 
with text-based Transformers 

• Convert the metadata (description of the 
problem and algorithm) into text

• Convert the historical optimization trajectory 
of classical algorithms into text

• Train the OPTFormer to learn the converted 
trajectories from datasets

Outputs:

Inputs:

Training

ℒ(𝜃;𝑚, ℎ) =+
"

log	𝑃#(ℎ " |𝑚, ℎ $:"&$ )

Inference

𝜋 𝑥# 𝑚, ℎ#$! =C
%&!

'

𝑝((𝑥#%|𝑚, ℎ#$!, 𝑥#
(!:%$!))

Experimental Settings

[Song et al., IJCAI’25]
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Baselines
• OptFormer [Google, NeurIPS’22]: Imitate the behavior of algorithms with an 

identifier of algorithm

• Behavior cloning [Bain & Sammut, 1995]: Imitate the behavior of algorithms 
by optimizing 

ℒ'( 𝜃 = −𝐸)!∼𝒟",$ +,-$

.
log𝑀# 𝑥, ℎ,&$)

Cannot select proper algorithms automatically

Average performance of 
behavior algorithms

𝑅2 = ∑2!'23(
/ 𝑦∗ − 𝑦2!

Augment histories by regret-to-go
Our method RIBBO: 

Generate user-desired 
algorithms automatically 

[Song et al., IJCAI’25]
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RIBBO outperforms the behavior algorithms and baselines

[Song et al., IJCAI’25]
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RIBBO can generalize to 
unseen function distributions

train on 4 other function distributions and test on 
GriewankRosenbrock, which has different properties

Cross-distribution generalization Influence of initial RTG token

By incorporating RTG tokens into the 
optimization histories, RIBBO can automatically 
generate user-desired optimization trajectories

[Song et al., IJCAI’25]
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qCan we learn to configure optimization algorithms dynamically?
ØMulti-agent dynamic algorithm configuration

qCan we learn to construct optimization algorithms directly?
ØPretrained seq-to-seq model for black-box optimization

qCan we learn to select proper optimization algorithms automatically?

[Xue et al., NeurIPS’22 Spotlight] 

[Song et al., IJCAI’25]
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Traditional heuristic algorithms

Instance Algorithm

Expert knowledge

Handcrafted

Solutions

IterationsLow efficiency

Learning to construct solutions
• An end-to-end learning way 

Unseen Instance Model

Offline datasets
Data-driven

Partial Solutions

High efficiency
Learning algorithms

Extend

Complete Solutions

Generalization

“Approximate solutions can be found by leveraging problem special structure”
[Bengio et al., EJOR’21]
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VRPs: a kind of canonical NP-hard combinatorial optimization problems, with broad 
applications in logistics and transportation

The goal: plan the routes and assign them to vehicles, aiming to minimize the total length 
while satisfying the demands of nodes and the limited capacity of vehicles

𝑑$=3

𝑑/=5

𝑑0=2

Capacity=10



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnLearning to Construct Solutions for VRPs

A sequential solution can be naturally constructed in an autoregressive way

𝑃 𝝉 = Π2𝑃 𝜏2 𝐼, {𝜏H, 𝜏(, … , 𝜏2=(}) [Vinyals et al., NeurIPS’15] 

A common paradigm: Formulated as a Markov decision process and solved by RL
• State: The partial solution {𝜏H, 𝜏(, … , 𝜏2=(}, always reduced to {𝜏H, 𝜏2=(}
• Action: The next node 𝜏2 to visit  
• Reward: Negative objective value

[Kool et al., ICLR’19]Instance Encoder
Node embeddings Decoder

context

State

Action

Update
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Training problem instances [Kool et al., ICLR’19]

• Small-scale (𝑁 ≤ 200)
• Uniform node distribution

Real-world problem instances
• Large-scale with several thousand nodes
• Complex and unknown node distribution

Previous methods are usually trained on synthetic instances with specified distributions

Hard to generalize

Training problem instances Real-world problem instances

Small-scale and uniformly distributed Large-scale and complex



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnGeneralization Issues

[Zhou et al., ICML’23]

[Kwon et al., NeurIPS’20] 

In-distribution: Gap < 1%

Cross-distribution and scale: Gap > 10%

Training on TSP problems with 100 nodes 
and uniform distribution
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Meta learning [Zhou et al., ICML’23] 

Divide and conquer 
[Fu et al., AAAI’21]

Cross-scale

Knowledge distillation 
[Bi et al., NeurIPS’22] 

Cross-distribution

Cross-scale and Cross-distribution  

Different from utilizing advanced learning methods, 

We are to design 
         transferable features of the problem itself 

Cross-scale

Heavy decoder 
[Luo et al., NeurIPS’23]
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The optimal action (i.e., next node) is often included in local neighbor nodes 

Local subgraph
• 𝐾 nearest neighbors of the current node and itself 
                      {(𝜌$, 𝜃$)|𝑖 = 0,1, … , 𝐾)}  
• Normalize to a unit ball: 𝜌$ ← 𝜌$/𝜌IJK

Local Policy

Local topological features have great potential to be transferable
• Invariant to different problem scales
• More local similarity between varying node distributions 

State space Action space

[Gao et al., IJCAI’24]
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Local state
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Context vector

!
!

Local Policy

Attention-based architecture

Linear embedding layer

𝒉$ = 𝑊𝒙$ + 𝑏 + PE 𝒙$ , 𝑖 ∈ {1, … , 𝐾}

Positional encoding according to 
the distance ordering

𝒉L: Learnable context 
vector for representing 
the current node

[Gao et al., IJCAI’24]
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𝑢&'()&* =
.𝒉+,𝒉*
𝑑-

, 	if	𝑛* ∈ 𝒩(𝑐"), 

0, 	 otherwise.

Local Policy

Attention-based architecture

Multi-head attention
𝒌$ = 𝑊M𝒉$, 𝒗$ = 𝑊N𝒉$, 𝒒 = 𝑊O𝒉L,
m𝒉L = MHA( 𝒌(, … , 𝒌- , 𝒗(, … , 𝒗- , 𝒒)

Action scores

Aggregating the neighborhood 
information to the context vector

[Gao et al., IJCAI’24]
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Local policy

Global policy, e.g., POMO [Kwon et al., NeurIPS’20] 
Any typical constructive models that learn from the global information of complete VRP ins

Reduces the state and action spaces to a local subgraph 

Good learning capacity for 
in-distribution instance

Transferrable across 
out-of-distribution instance

Better generalization
Ensemble

Global policy

Local policy

[Gao et al., IJCAI’24]



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnTraining of the Ensemble

Ensemble strategy
• Addition aggregation: The action score 

𝒖!"# = 𝒖$%&'(% + 𝒖%&)(%

 𝒖*(#+!,- = 9C ; tanh 𝒖!"#- , if	action	𝑎-	is	valid.
−inf, 	 otherwise

𝝅!"# = softmax(𝒖*(#+!,)
 

We use REINFORCE algorithm with shared baseline [Kwon et al., NeurIPS’20] 

• Shared baseline: Average reward of multiple rollouts
 
 𝛁𝐿 =

1
𝑁 T 𝐵V

,&!

-

V
.&!

/

(𝑅,,. −
1
𝑁V
.&!

/

𝑅,,.) 𝛁log	𝝅123 𝜏, , 𝑗

[Gao et al., IJCAI’24]
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Training data generator
• Node coordinates and demands are sampled from uniform distribution

• Fixed problem scale and vehicle capacity: 𝑁 = 100 and 𝑄 = 50
Test on diverse problem instances with large scales and complex distributions

Baselines
• POMO-based: POMO [Kwon et al., NeurIPS’20], Sym-POMO [Kim et al., NeurIPS’22] 

• Cross-distribution methods: AMDKD [Bi et al., NeurIPS’22], and Omni [Zhou et al., ICML’23] 

• Cross-scale methods: Pointerformer [Jin et al., AAAI’23], LEHD [Luo et al., NeurIPS’23], and BQ 
[Drakulic et al., NeurIPS’23] 

• Diffusion-based: DIFUSCO [Sun & Yang, NeurIPS’23] and T2TCO [Li et al., NeurIPS’23] 

[Gao et al., IJCAI’24]
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On CVRPLib Set-X [Uchoa et al., EJOR 2017]: Synthetic complex instances with 𝑁 ∈ [100,1000] 

Non-learning 
heuristics

State-of-the-art 
constructive method

Our ELG-POMO outperforms the SOTA constructive method

[Gao et al., IJCAI’24]
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Our ELG-POMO even works well on real-world instances with several thousand nodes

On CVRPLib Set-XXL [Arnold et al., COR 2019]: Real-world instances with several thousand nodes

[Gao et al., IJCAI’24]
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On TSPLib [Reinelt, 1991]: various instances with 𝑁 < 1002

ELG-POMO performs the best on 𝑁 ∈ (0, 200], but worse than BQ and LEHD on 𝑁 > 200

Heavy decoder can learn 
strong scale-invariant features

[Gao et al., IJCAI’24]
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qCan we learn to configure optimization algorithms dynamically?
ØMulti-agent dynamic algorithm configuration

qCan we learn to construct optimization algorithms directly?
ØPretrained seq-to-seq model for black-box optimization

ØGeneralizable neural solvers for vehicle routing problems

qCan we learn to select proper optimization algorithms automatically?

[Xue et al., NeurIPS’22 Spotlight] 

[Song et al., IJCAI’25]

[Gao et al., IJCAI’24] 
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Algorithm selection has been applied in many fields, e.g., machine learning and 
black-box optimization

But it’s new for neural combinatorial optimization!

Instance
ℐ

Selection

The most
 proper Algorithm

Algorithm 
𝒜(

Algorithm 
𝒜-

…

Algorithm 
𝒜∗
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[Gao et al., ICML’25]

Different neural solvers demonstrate complementary performance at instance level

Different solvers win on different instances The change of problem distribution 
almost reverses the rank of solvers
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We introduce the idea of solver selection into the field of NCO for the first time 
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!
! Feature 

Extraction
Selection

Model
Selection
Strategy

The most proper solver(s)

[Gao et al., ICML’25]
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As an instantiation, we apply neural solver selection to two widely studied problems: 
Traveling Salesman Problem (TSP) and Capacitated Vehicle Routing Problem (CVRP)

BQ [NeurIPS’23]
LEHD [NeurIPS’23]

DIFUSCO [NeurIPS’23]

T2T [NeurIPS’23] INViT [ICML’24]

ELG [IJCAI’24]

Omni [ICML’23]

Neural solver pool for TSP Neural solver pool for CVRP

BQ [NeurIPS’23]

LEHD [NeurIPS’23]

INViT [ICML’24]

ELG [IJCAI’24]

Omni [ICML’23]

MVMoE [ICML’24]

[Gao et al., ICML’25]
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Feature extraction
A hierarchical graph encoder
• Adapt graph pooling to construct multi-level local views of problem instances
• Leverage the similarity of local views to boost OOD generalization

Selection model
A MLP to predict scores of neural solvers, trained by
• Classification: Treat the best solver as the ground truth label
• Ranking: Rank solvers according to their performance metrics

Selection strategies
• Greedy, top-𝑘, rejection-based, and top-𝑝 selection

[Gao et al., ICML’25]
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Results on synthetic dataset with Gaussian distribution and 𝑁 ∈ [50,500]

State-of-the-art 
individual solvers

Our method outperforms the best individual solvers on TSP and CVRP, 
and can even consume less time on TSP

Our method is close 
to OPT, but achieves 
significant speedup

Run all the solvers 
and select the best 

[Gao et al., ICML’25]



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnExperimental Results

Generalization results on out-of-distribution datasets
• Training: Synthetic dataset with Gaussian distribution and 𝑁 ∈ [50,500]
• Test: TSPLIB/CVRPLIB with more complex distributions and 𝑁 ∈ [50,1002]

State-of-the-art 
single solvers

Our method is 
robust against the 
distribution shifts

Run all the solvers 
and select the best 

[Gao et al., ICML’25]
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We hope this work can open a new line for NCO. Many future works: Neural solver 
feature, runtime-aware selection, complementary solvers, etc.

Comparison between top-𝑘 selection and solver portfolio with the same size
• Solver portfolio: The optimal solver subset obtained by enumeration

Our top-𝑘 selection 
consistently outperforms 
the size-𝑘 solver portfolio

[Gao et al., ICML’25]
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qCan we learn to configure optimization algorithms dynamically?
ØMulti-agent dynamic algorithm configuration

qCan we learn to construct optimization algorithms directly?
ØPretrained seq-to-seq model for black-box optimization

ØGeneralizable neural solvers for vehicle routing problems

qCan we learn to select proper optimization algorithms automatically?
ØNeural solver selection for combinatorial optimization

[Xue et al., NeurIPS’22 Spotlight] 

[Song et al., IJCAI’25]

[Gao et al., IJCAI’24] 

[Gao et al., ICML’25]
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Function design and verification: Design the RTL and verify the functions. (Document -> RTL)

Logic synthesis: Mapping the RTL design into netlist. (RTL -> Netlist)

Physical design: Design the physical layout according to netlist by EDA tools. (Netlist -> GDS)

Chip manufacturing: Fabricate the chip from GDS layout by photolithography. (GDS -> Product)

Logic Design (RTL) Netlist Chip Layout (GDS) Wafer Chip Products

Logic Synthesis Physical Design Fabrication Packing and Testing

Design Document

Development

应用案例：芯片自动化设计
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应用案例：芯片自动化设计
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应用案例：芯片元件布局

获 EDA领域顶级国际会议 DATE’25

最佳论文奖
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应用案例：芯片元件布局

在 6 个样例上对⽐SOTA⽅案平均提升 PPA 性能约 18.9%，平均
提升拥塞指标约 46.3%，预测相关性（99%）

⽅案对⽐布局时序图

a)  RTL-MP

b)  Hier-RTLMP

c)  DREAMPlace

d)  ChiPFormer

e)  LamPlace

f)  ReMaP（钱超）

已集成进

华为EDA工具
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应用案例：芯片寄存器寻优

任务 HeBO
收敛值

HeBO
运行轮数

提出方法
运行轮数 效率提升

mysql 393522 293 11 26.64倍
nginx 21768 198 4 49.50倍
redis 560446 175 49 3.57倍

unixbench 107 256 29 8.83倍

对比算法为华为自研贝叶斯优化方法HeBO，曾获NeurIPS 2020黑箱优化比赛冠军

达到HeBO收敛目标值

相较HeBO，优化效率平均提升22.14倍

工业实际数据集
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