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Large-scale HLS DSE

« 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
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Existing Surrogate-Based HLS DSE Faces a Dilemma DA‘fE o

« 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

Need many HLS evaluations before
becoming reliable

Adaptive =
Calibrated to each target design
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« Surrogate model: predicts QoR of unexplored designs

* Online-calibrated surrogate models: * Pre-trained surrogate models:
» e.g., Prospector[1],Sherlock [2] * e.g., Ironman-pro[3], GNN-DSE [4]
 Build and update a design-specific » Use a pre-trained predictive model as
surrogate online a well-defined surrogate model
Slow =) Fast
Need many HLS evaluations before Avoiding time-consuming online
becoming reliable calibration
Adaptive — Less Generalizable
Calibrated to each target design May not match unseen design domains
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« Surrogate model: predicts QoR of unexplored designs

* Online-calibrated surrogate models: * Pre-trained surrogate models:
» e.g., Prospector[1],Sherlock [2] * e.g., Ironman-pro[3], GNN-DSE [4]
 Build and update a design-specific » Use a pre-trained predictive model as
surrogate online a well-defined surrogate model
Slow =) Fast
Need many HLS evaluations before Avoiding time-consuming online
becoming reliable calibration
Adaptive — Less Generalizable
Calibrated to each target design May not match unseen design domains

* In large-scale design spaces, the limitations of both approaches become more severe.

Fast & Adaptive ?
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Comprehensive Pruning Strategy oate .-

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

' Pruning Rules Formulation '
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Importance-Guided Sampling

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

May 6, 2026 Yingxin Zeng / Sun Yat-sen University 7



i QoR (Latency / Resource Usage)  The j-th Directive | Variation Caused by
T o) .~ the i-th Directive
................. varl £ (o)
f(X) fﬁZfQC Y+ S (XX )t fio (X%, x,) L= Nt f )] ..... Total QoR
i<J Variation

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

1
|
1
|
1
|
1
|
1
|
1
|
1
|
!
”

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



QoR (Latency / Resource Usage ) “““““ The i-th Directive llfer/?_t;'z/}) %‘c'fig by
................. ~ Var [f, (X,)]
n (xl 5 X500 xn) " Var [f(x)] Total QoR

i<j Variation

........
“ "

.....

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

1
|
1
|
1
|
1
|
1
|
1
|
1
|
!
”

Bf‘rrei?.kfe‘i WEOE®
Dlialﬁerll':i?/cels @ @ @

Important Less important

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



s
ann®
ns®
---------
st
ann®
_.--

| @ Ranking Directives by Importance'
Bfl“ei?.kvi‘i WEOE®
Dlialﬁerll':i?/cels @@@

Important Less important

N o e e e e e

(XX x,) L=

.....

(® Ranking-Based Sampling
Resource
Usage

Current Pareto Frontier Linear

Nearby

True Pareto Frontier
—> Latency

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

Var[f (x)]

change the configuration with ...... probability

Probability 20% O% 60% 80% 100%

R
.
.
k
B —
—
. . o —— e —
-- ——
. . —
) SR

Variation Caused by
* the i-th Directive

1

I

I

I

I

I

:

Total QoR [
Variation :
|

I

I

4

Important Less important



Experimental Results

Fair comparation:
« same time budget
* same initialization

Design Space Size ADRS (%, Arithmetic Mean * Standard Deviation over 3 Runs) e
Benchmark - Variants for Ablation . K
Original |Pruned (ours) GA RL SA Sherlock ScaleHLS wio CP\&IGS|  wio CP Wio IGS I'AutoShrlnk(ours) I
aes 1.24x10"2| 2.01x107 | 93.12+37.59 |110.06+£47.67|34.34+£13.38| 91.51+£19.19 |47.54+10.84| 30.40+6.08 | 40.86+3.85 | 23.35+7.20 : 18.38+6.89
atax 5.31x108 7.40x10% | 41.69+19.74 | 40.52+12.91 | 17.45+£7.13 | 42.02+£19.96 | 22.06£6.53 | 15.60+7.23 | 12.78+£7.69 | 8.68+2.90 | 5.28+1.00 |
backprop |2.41x10| 9.75x107 |51.52+£18.32 | 55.33£21.23 |23.52+15.11| 44.51£19.60 |31.31+£12.80( 17.10+£7.48 | 22.91+6.90 | 6.05+£1.20 ! 4.05%£1.95
bicg 6.37x107 1.11x104 52.68+4.43 | 40.95+17.58 |24.78+10.66| 53.07+3.25 | 30.93+9.57 | 30.84+7.56 | 26.48+7.76 10.8111.82i 5.32+3.22 |
fft 1.08x10% | 1.37x1010 | 74.30+23.63 | 71.55+£16.74 |31.31+£14.38) 58.07+£18.12 | 34.47+4.74 | 31.67£20.00 | 31.2048.69 |71.54127.44]1  12.36+2.99
gemm 1.42x107 3.01x104 30.77+5.89 | 33.76+6.73 |22.13+12.46| 55.01+£35.43 | 23.40+3.55 |48.82+£41.17 | 25.36£1.16 22.87i12.49: 16.56+12.47
gesummyv | 9.95x105 1.20x10% | 29.28+£13.09 | 20.57+9.62 | 10.55+2.56 | 24.97+5.54 | 12.96+6.27 | 14.33+5.97 | 13.44£8.90 | 3.42+1.43 | 2.95+1.64 |
md_knn 2.10x105 9.00x 101 12.02+2.90 | 8.54+5.06 | 9.71+0.85 | 12.23+2.45 | 7.08+5.16 | 1.52+1.01 | 3.90+4.37 | 1.19+0.62 ! 0.13+0.08
mvt 1.91x108 1.11%x104 47.37+4.96 | 52.37+25.59 | 29.24+3.62 | 59.65+16.32 |39.27+11.93| 25.52+2.84 | 27.89+2.97 31.79t1.06i 19.62+7.06 |
spam_filter | 4.29x109 1.62x106 |142.89+45.96|137.28+42.08|80.13+28.58|116.30+60.65|96.51+10.08| 18.83+12.26 |22.16+11.58| 11.79+6.56 |I 1.63+1.35
spmv 7.78x103 3.00x101 17.19+£2.12 | 10.92+£0.57 | 10.13+£0.69 | 12.52+1.57 | 10.37+0.97 | 1.55£0.79 | 0.73+0.35 | 1.97+0.54 : 0.25+0.22
stencil3d | 1.22x1010| 7.13x106 79.90+£11.69 | 75.03£19.19 |47.10+£26.06| 72.53+11.04 |41.10£37.01| 28.32+4.08 |25.68+16.00/22.51£14.25] 10.6413.62 |
Geo. Mean / / 45.5 41.39 23.45 44.21 26.53 15.4 15.2 10.32 i 3.94 |
Arith. Mean / / 56.06 54.74 28.37 53.53 33.08 22.04 211 18 AN 8.1 2
Importance-Guided Sampling (IGS) T T
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Fair comparation:

* same time budget -
e same initialization -

5.73x | 4.47x 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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