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Abstract

This project aims to explore the computational performance and optimization potential of
the Al image generation model (Stable Diffusion) on the dedicated acceleration platform
Tenstorrent Wormhole N150s. As generative models continue to scale up, their computational
and memory bandwidth requirements during the inference stage have increased dramatically,
making performance improvement under fixed hardware resources a critical issue. To address
this, this study conducts an in-depth analysis of the Tenstorrent accelerator's hardware
architecture, core L1 SRAM configuration, and dataflow characteristics, and performs core

kernel-level performance optimization for model convolution operations.

The analysis reveals that during the Block-Sharded Conv2D computation stage of Stable
Diffusion's UNet module, the excessively large circular buffers for activations and weights
create L1 memory pressure and reduce data overlap efficiency, thereby limiting the application
of double-buffering and pipelining. To resolve this bottleneck, this study introduces activation
matrix slicing along the kernel height direction (slicing-by-kernel-height) based on methods
proposed in official forums, enabling Conv2D to perform block computation and data
scheduling at a finer granularity. This improvement reduces L1 memory footprint and allows

more parallel execution of computation and data transfer.

Experimental results show that under the same model and generation settings (512x512,
50 steps), the single image generation time decreased from 5.9606 seconds to 5.5778 seconds,
achieving a performance improvement of approximately 6.4%. Significant inference time
reduction was achieved without sacrificing image quality. The research findings not only
demonstrate the sustainable optimization potential of Al models on heterogeneous acceleration
platforms but also provide practical experience in kernel partitioning and memory scheduling

design, which can serve as a reference for future Al accelerator performance optimization.
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2. Research Methodology

2-1.System Overview
A. Wormhole N150s Hardware Architecture
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"FORGE 57 | TT-Forge is Tenstorrent's MLIR-based compiler. It consists of StableHLO, TT-IR, TT-Kernel.

TT-NN is a Python and C++ neural network OP library. It consists of Single/Multi-device, OPs,
Tensors, C++, and Python Control Flow.

" TT-Metalium is a low-level programming model enabling kernel development on TT hardware.
METAL It consists of Runtime, Kernels, Data Movement APls, and Compute APIs.

TT-LLK are low-level Tensix kernels consisting of Tensor Processor Programs.
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A. Original Behavior:
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B. Problem: L1 Memory Pressure
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2-4.Optimization Strategy

Proposed Method: Slicing Activation by Kernel Height
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ii. Per-Slice 3*+ & £7 2% 4 % 4¢ (Partial Accumulation)
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Pseudo Code :
Original With K;, slicing
1: procedure READER 1: procedure READER SLICED
2: for h=0 to H_blocks-1 do 2: start idx<-0
3:  n<-LIST[h][0] 3: for h =0 to H_blocks-1 do
4: idx<-1 4: offset <- ACT.base(h)
5: fort=1tondo 5: for outer =0 to KH_slices-1 do
6: (w1, w2) <- LIST[h][idx]; 6: n <- LIST[h][outer][start_idx]
7: idx <-idx +1 7: idx<-1
8:  for w=wl~w2 step stride_w do 8: fort=1tondo
9: READ-WINDOW-FROM-DRAM 9: (w1, w2)<-LIST[h][outer][idx];
10: end for 10:  idx <-idx+1
11: end for 11: for w = wl~w2 step stride_w do
12: end for 12: READ-SLICED-WINDOW-FROM-DRAM
13: end procedure 13:  idx<-idx+1
14: end for
15: end for
16: start idx <-idx
17: offset <- offset + row_stride
18: end for
19: end for
20: end procedure

Original 3~ & /2 # # output pixel ¥ » ¢ — =t 3§ » £ B activation matrix ( & 7 #73
kernel height ) > #]* inner dimension ¢ = FE R I Ll - izfd > ;N H * T f - e
% & g~ 0 L1 buffer 4 i — =x % 3 & B window °

Kh-Sliced %% & R #- activation matrix #78 B > w*» 2 5 Bslice» #F X RnF » 2 ¢ - 7k
ernel height - #25% ¢ ¢ % 1 - & outer it B] ki {7 iJ2 > 1 1% 3§ start_idx & offset if Hi_
= i slice erreader index 22 DRAM offset ° igfi*» » * N g ¥ > =t § & L1
B » ¥ & block-sharded 3% Z_* 13 Lloverflow » i £ % & & % ¥ ¢ Reader k 2 &

E e window 0 € 9% & 48 kernel time ©

Sa

+
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T

2-6. Experimental method

A. Test Model
e Model: Stable Diffusion 1.4
e Resolution: 512x512
e Steps: 50
e Scheduler: PNDMScheduler
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B. Performance Measurement
5 EPLEG AFT 20 it ¥ Stable Diffusion 48 #% s iy e840 » & & 4814 generate_tim
e iT5 2 & dp ik - £ RIGEA 2 1 prompt F185 I 2 foihx B R o 5 TE ML
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C. Quality Verification
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3. Experimental Results

Input prompt :“oil painting frame of Breathtaking mountain range with a clear river running

through it, surrounded by tall trees and misty clouds, serene, peaceful, mountain landscape,
high detail.”

Table 1
Generate time for two types of BS conv

Test case BS conv (full inner dim) BS conv (inner dim slice)
1% iteration 5.960s 5.577s
2" jteration 5.960s 5.579s
3 iteration 5.963s 5.578s
4™ jteration 5.959s 5.578s
5™ jteration 5.961s 5.577s

average 5.9606s 5.5778s

Speedup = 1.07x, Improvement = 6.4%
Fig. 3-1-1 Fig. 3-1-2

Picture generated by full inner dim BS conv ~ Picture generated by slice inner dim BS conv

BB X EFRHRORAERTREI > RAE A ST 03 AERF L 59606 F ¢
ARt T 3ad SRR S 55778 §) o 4pt AR A o slicing & S5 0.38 F)dtih P
Fo2drls 1.07 BER ~ 5 64% tt**#&ﬂ o % % BT activation slicing #  »<'¥ i
Block-Sharded Conv2D % L1 SRAM g f8 /& 4 > ¥ 4> DRAM F#F = #c
pFec L 2 8 4% /F e pipeline overlap x’é Fﬁ“ BAERFTE  EFEHAELERD

13



B G AR B M AR B2 HW 3 a0 2 bk
prompt £ seed T 2 F R F G I A B wE T R 2- RO ARRI SN A
iR A o iTFE R slicing W3 B Tensor %7 B R vk s AR 0 T A BB Sl
e -

a3 o FEEEEP actlvatlon inner-dimension slicing i &% # I & F
ﬁ-,ﬁ:—r zzﬁ_ﬂ BS Conv2D 38 B »ck » 7% #4g L1 circular buffer ~ /J‘”ﬁ B
plpehne utilization °

4. Conclusion

* % £g 12 Stable Diffusion 1.4 3 T 2 > il}"?r Tenstorrent Wormhole N150s 4t i % £
Block-Sharded Convolution (BS Conv2D ) i & jR42:8 (7 4 787 sy B i3 1 o F:iE ¥
Tensix Core dataflow 7247 » 2 P rgin /i 4> BS Conv2D E_B] & 24 = chi & #5F o s
7 iEARY > AL R 3] PR #25805 :}g A enff 38 0 R PR activation matrix ~ weight ma-
trix ¢ ¢ <+ 22 L1 SRAM % £ ° # DMA £ compute core 77 pipeline overlap & i* >v 4
F4L > %R compute idle ~ DMA stall &2 L1 #75 % %< > # BS Conv2D = i UNet 2
BB RRT PEEREAPFR o

wECL PR RE > A B AR * PR #25805 ¢ activation slicing-by-kernel-height =
% 5 3% B block #H activation matrix % kernel & & *7 & » 1% M H =xi#F ¥ -7 L1 SRAM
TR
#1143 »x# double-buffering » I #% ! unpack ~ math ~ pack = & compute kernels £ ¥
FLEAS ¥ F ehpipeline f #* 5 o gt 3 2 8 # F 2 L1 oA /E 4 I 4% compute &
DMA éhE fpfe it > R P18 {820 B2k o
B ERT 0 fAp e prompt ~ B2 H WIEB T 0 3 % slicing {4 » Stable Diffu-
sion e a4 AR d 59606 5% 1 5.5778 #) 0 rxav & 6.4% 0 FaihiE A4 1.00x
m41wnok%’ﬂW%ﬁ$@%ﬂ§$&ﬁéﬂ’@ﬁ&&%ﬂiﬂgﬁﬂﬁﬁ?
ST R L e SR
EEAFYT AR ?ﬁf»"e ¢ 3% (1) f#47 BS Conv2D # Wormhole N150s } 7 per-core
7 AL on 22 kernel pipeline {7 % 5 (2) %] activation block ¥ L1 SRAM éﬂﬁ%f?ﬁ.ﬁi‘;‘ﬁ ;
(3) % » ¥ 5% activation slicing s s2 L »c% o 273 HF » BiE{ & block 7
AP TV A B AR T EFEERAR D
BEn T ARHETHAMBEREREGIE LY L B B FP R
Tensix Core 7§ ff# & (e ¥ 2@ L P42 - & 7 P ST T F L E Mo
Lo TR BREPES P o

1% 42| activation circular buffer » g * L1 5 & » # weight £7 activation
A R g
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6. Reflection
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