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• High-Level Synthesis (HLS)
• Hardware design using C/C++
• Optimization directives
• Different directive configurations 

→ Different Quality of Results(QoR)
→ Vast design space

• Manual directive tuning for a satisfactory QoR tradeoff relies on 
• Expert knowledge
• Time-consuming repeated trial-and-error

• Solution: Design Space Exploration (DSE) 
• Automatically finding high-quality directive configurations

Large-scale HLS DSE
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• Pre-trained surrogate models: 
• e.g., Ironman-pro[3], GNN-DSE [4]
• Use a pre-trained predictive model as 

a well-defined surrogate model  

Existing Surrogate-Based HLS DSE Faces a Dilemma
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• Surrogate model: predicts QoR of unexplored designs
• Online-calibrated surrogate models: 

• e.g., Prospector[1],Sherlock [2]
• Build and update a design-specific 

surrogate online

Slow
Need many HLS evaluations before 

becoming reliable

Fast
Avoiding time-consuming online 

calibration

Less Generalizable
May not match unseen design domains

Adaptive
Calibrated to each target design

Fast & Adaptive ? 
• In large-scale design spaces, the limitations of both approaches become more severe.
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AutoShrink Overview

Yingxin Zeng / Sun Yat-sen University 4May 6, 2026
replace

insert

Importance-Guided Sampling(IGS)
Importance Ranking

Ranking-Based Sampling

Candidate Selection

Pruned Design Space

 Enhancement

Most Promising Candidate

Complete Design Space

Comprehensive Pruning Strategy(CP)
Pruning Rules Formulation

Constraint Graph Construction

Topological Sorting

Pruned Space Projection

AutoShrink
Online-Calibrated DSE Flow

Overall 
Timeout? 

Surrogate Model Initialization

Pareto Frontier Finalization

 Current Pareto Frontier Updating

Surrogate Model Refinement

QoR Extraction with HLS

N

Y

Design Point Sampling

C/C++ Application & Directives

QoR Extraction with HLS

Random Sampling Ø Prune 
redundant and 
inefficient 
configurations 
at scale

Ø Track directive 
importance to 
guide the 
search

Naturally 
Adaptive



Comprehensive Pruning Strategy
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Pruning Rules Formulation

Rule Constraining
Directive Configuration Constrained

Directive Configuration

1.1 Function Dataflow On Inner Functions’ Inline Off

1.2 Loop Unroll Partially
Unroll Inner Loops’ Flatten Off

1.3 Loop Pipeline On Inner Loops’ Unroll Fully Unroll

2.1 Function Inline On Same Function’s 
Dataflow Off

2.2 Loop Unroll Fully Unroll
Same Loop’s Flatten Off
Same Loop’s Pipeline Off

3.1 Loop Unroll  (Access 
Same Array)

List of
Unroll Factors

Accessed Array’s 
Partition

Max of
Unroll Factors

3.2 Loop Merge On Inner Functions’ Inline On

Observation 1: 
• Directive interactions cause a large number of redundancy and under-optimization

Coordination

Elimination

Exclusivity
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Ø Avoid rule conflicts

Ø Filters out invalid 
configurations

Ø No pruned-space 
enumeration

Pruning Rules

constrainingdirective sequence

② Topological Sorting
U1 P1 U2 P2 F2

① Constraint Graph Construction

{2, 8}∈U1 {off}∈F2

{on}∈ {64}∈P1 U2

{64}∈ {off}∈U2 P2

{64}∈ {off}∈U2 F2

{64}∈ {off}∈U1 P1

Rule 1.2

Rule 1.3

Rule 2.2

U1 P1 U2 P2 F2
Constraint 

Graph
(DAG)

③ Pruned Space Projection
{on}    {64} {64}    {off} {64}    {off}

{1,2,8,64} {on,off} {on,off}{1,2,8,64} {on,off}

U1 P1 U2 P2 F2

HLS Design
lp1:for(i = 0; i < 64; i++){
   #Pipeline:P1∈{on,off}
   #Unroll:U1∈{1,2,8,64}
   lp2:for(j = 0; j < 64; j++){ 
      #Pipeline:P2∈{on,off}
      #Unroll:U2∈{1,2,8,64}
      #Flatten:F2∈{on,off}
       a[i][j] = b[i][j] + c[i][j];}}

Given 
Design 
Point

P1 =on
U2 =8
P2 =on
F2 =on

U1 =1

P1 =on
U2 =64
P2 =off
F2 =off

U1 =1

Projected 
Design 
Point
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Observation 2: Not all directives matter equally for QoR, and only a few 
dominate performance and resource use.

→ Uniform sampling wastes effort
→ Keep important directives more stable
→ Vary less important directives more
→ Faster convergence



Importance-Guided Sampling

Yingxin Zeng / Sun Yat-sen University 8May 6, 2026

① Using fANOVA (Functional Analysis of Variance) to Measure Directive Importance
Variation Caused by 
the i-th Directive

Total QoR 
Variation

Importance     : the fraction of total performance variation caused solely by the i-th directive

Important Less important

② Ranking Directives by Importance

Current Pareto Frontier

True Pareto Frontier Latency

Resource 
Usage

Nearby

③ Ranking-Based Sampling

20% 40% 60% 80% 100%

change the configuration with …… probability

Linear 
Probability

Unranked 
Directives

U1 P1 U2 P2 F2

U1P1 U2P2 F2Ranked 
Directives
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Experimental Results
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Importance-Guided Sampling  (IGS)
Comprehensive Pruning (CP)

Fair comparation:
• same time budget
• same initialization
• ……

AutoShrink:
• 5.73× / 4.47× improvement in ADRS over generic / SOTA methods, respectively
• CP removes 2-6 orders of magnitude of redundant and inefficient configurations
• Two components effective individually; synergistic when combined
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Thank you !
Contact me: zengyx29@mail2.sysu.edu.cn
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