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High-Level
Synthesis (HLS)High-Level IR FPGA

Resource 
Alloc+Sharing

Dot(a, b)

Process as 4 tiles of size 1000

4000×Int

4x1000×Int

Multipliers: 
1000



Resource Sharing
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MatVec(fWgt, Flatten(Conv(cWgt, In)))

ConvIn
(64*4*4)×T

Flatten MatVec
(64*2*2)×64×T

cWgt
(64*3*3)×64×T

fWgt
(64*2*2)×64×T

MatVec
(64*3*3)x64xT

Slide2D MatVec
(64*3*3)×64×T

Pad

Lower Pad



Resource Sharing
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MatVec(fWgt, Flatten(Conv(cWgt, In)))

In
(64*4*4)×T

Flatten

cWgt
(64*3*3)×64×T

fWgt
(64*2*2)×64×T

MatVec
(64*3*3)x64xT

Slide2D PadInvoke Invoke

[15]: Tzung-Han Juang et al. Let Coarse-Grained Resources Be Shared: Mapping Entire Neural Networks on FPGAs. TECS 2023

Ingredients:
1. Multi-level abstraction
2. Transformations
3. Decision-making 

mechanism

MatVec
(64*3*3)x64xT

MatVec
(64*3*3)x64xT
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Overview of SkeleShare Approach

SynthesisDSL

MatVec(A, b)

Skeleton IR w/ 
Shared FuncsSkeleton IR Equality 

Saturation

Cost Model

MatVecSk(A, b,
c,d -> Dot(c,d))

Outlining 
Extractor

let dot = c,d -> Dot(c, d)
MatVecSk(A, b, dot)

Transform 
Rules

1. Multi-level
abstraction

2. Transformations

3. Decision-making 
mechanism



Ingredient #1: Skeleton IR
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MatVec(A, b) →

ConvSk(Wgt, In, A,b -> MatVecSk(A, b, …))Conv(Wgt, In) →

MatVecSk(A, b, c,d -> Dot(c, d))

Skeleton IRDSL
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Skeleton IR

Conv

cWgt
(64*3*3)×64×T

In
(64*4*4)×T

ConvSk

cWgt
(64*3*3)×64×T

In
(64*4*4)×T

A,B ->

MatVecSk
(64*3*3)x64xT

b
64xT

A
(64*3*3)x64xT

c,d ->

Dot

→



● Tile
○ Width/height
○ Output channels
○ Input channels

● Pad width/height

Ingredient #2: Transformations
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MatVec

Conv

Dot ● Change parallelism

● Tile
● Pad



Transformations
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MatVec(A, b) →

ConvSk(Wgt, In, A,B -> MatVecSk(A, B, …))Conv(Wgt, In) →

MatVecSk(A, b, c,d -> Dot(c, d))

Skeleton IRDSL

TiledMatVecSk(A, B, C,D -> MatVecSk(C, D, …))

PaddedMatVecSk(A, B, C,D -> MatVecSk(C, D, …))

=

=



Ingredient #3: Equality Saturation
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E-Match + 
Rewrite

2 * pow(v, 3)

Build 
E-Graph

2 * v * pow(v, 2)

Extract

"pow n": pow(x, n) ⇒ x * pow(x, n - 1)

"mul 2": 2 * y     ⇒ y + y

Repeat



Ingredient #3: Equality Saturation
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Conv

In
(64*4*4)×T

cWgt
(64*3*3)×64×T

MatVec
(64*2*2)×64×T

Flatten fWgt
(64*2*2)×64×T

A,B ->

ConvSk

MatVecSk
(64*2*2)×64×T

a,b ->

MatVecSk
(64*3*3)×64×T

… … …

…

Padded
MatVecSk

MatVecSk
(64*2*2)×64×T

Share

Saturation
● MatVec padding rule

let mv = A,B ->
  MatVecSk(64*3*3)x64xT(...)

PaddedMatVecSk(
  fWgt,
  Flatten(ConvSk(
    cWgt, In, mv)),
  mv)

→

E-Graph constructionExtraction
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Evaluation

SynthesisDSL Skeleton IR w/ 
Shared FuncsSkeleton IR Equality 

Saturation

Cost Model

Outlining 
Extractor
Transform 

Rules

FPGA Design

3. How fast? 
Scaling behavior?*

5. How accurate?*

1. Performance 
compared to prior work?

4. Do we need all rules?
Do we need sharing?*

2. What if we reduce 
resource budgets?



Q1. Comparison to Prior Work
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Q2. Smaller Resource Budgets

13
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Conclusion

SynthesisDSL Skeleton IR w/ 
Shared FuncsSkeleton IR Equality 

Saturation

Cost Model

Outlining 
Extractor
Transform 

Rules

FPGA Design
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Q1. Comparison to Prior Work
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Q2. Smaller Resource Budgets

17



Q3. Equality Saturation Speed, Scaling
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Q4. Cost Model vs Reality
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Q5. Necessity of Rules, Sharing
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Figure 1



Figure 2



Figure 2



Figure 3



Figure 4



Figure 5



Figure 6



Figure 7



Figure 8



Figure 9



Figure 10



Figure 11. Partial Parallel Convolution Padding Rule



Figures 12, 13. Scaling Behavior, Cost Model Predictions



Table III. Overview of Experiments
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From Semi-Automatic to Automatic Partitioning

High-Level
Synthesis (HLS)High-Level IR

Hardware 
Description

Language (HDL)

IR w/ Shared 
Functions

Cost Model

Resource Alloc

High-Level
Synthesis (HLS)High-Level IR

Hardware 
Description

Language (HDL)
Cost Model

Resource 
Alloc+Sharing

SkeleShare:
Fully automated

Prior work:
Expert user intervenes

[15]: Tzung-Han Juang et al. Let Coarse-Grained Resources Be Shared: Mapping Entire Neural Networks on FPGAs. TECS 2023



Equality Saturation: Extraction and Outlining
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Conv

In
(64*4*4)×T

cWgt
(64*3*3)×64×T

MatVec
(64*2*2)×64×T

Flatten fWgt
(64*2*2)×64×T

A,B ->

ConvSk

MatVecSk
(64*2*2)×64×T

a,b ->

MatVecSk
(64*3*3)×64×T

… … …

…

Padded
MatVecSk

Inline (cost 1)
Latency: x
DSP per use: y
RAM per use: z

Inline (cost 2) OR
Latency: x
DSPs per use: y
RAM per use: z

Outline (cost 2)
Latency: x + (sharing overhead)
DSPs per use: 0
RAM per use: 0
Global DSPs: y
Global RAM: z

Inline (cost 3)
   cost(MatVecSk)
OR (cost 2) + cost(padding)

Outlining decision
Transformation decision

Solver



MatVec Skeleton

MatVec(A, b) = map(

  (a, b’) -> Dot(a, b’),

  zip(A, repeat(B)))

MatVecSk(A, b, f) = map(

  f,

  zip(A, repeat(B)))


