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Recent works

* Pipelining Communication and Computation
* Asynchronous Training

* Compression methods

* Inference time methods
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Pipelining Approaches
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(b) Domino forward

Domino: Eliminating communication in llm training via generic tensor slicing and overlapping
Guanhua Wang, Chengming Zhang, Zheyu Shen, Ang Li, and Olatunji Ruwase. 2024.

rs = hs(r) + 1, rs=hs() t
hs (1) MLP MLP [ hs(rs)
ry = hy(rs) + 15 ry = hy(ry) + 73
Attention hy(r3) hy (1) Attention
r3=hy(r) +72 s = ha(r) + 7o
ha(r2) MLP MLP hs(ry)
rp = hy(r) + 1y 2= (o) + 1y
Attention hy(ry) hay (1) Attention

Ladder-residual: parallelism-aware architecture for accelerating large model inference
with communication overlapping. Muru Zhang, Mayank Mishra, Zhongzhu Zhou,

William Brandon, Jue Wang, Yoon Kim, Jonathan Ragan-Kelley, Shuaiwen Leon Song,

Ben Athiwaratkun, and Tri Dao. 2025.
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(a) Domino: Eliminating communication in llm training via generic tensor slicing and overlapping
Guanhua Wang, Chengming Zhang, Zheyu Shen, Ang Li, and Olatunji Ruwase. 2024.

(b) Computation vs. communication scaling for future transformers on future hardware.

Suchita Pati, Shaizeen Aga, Mahzabeen Islam, Nuwan Jayasena, and Matthew D. Sinclair. 2023
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(a) Domino: Eliminating communication in llm training via generic tensor slicing and overlapping
Guanhua Wang, Chengming Zhang, Zheyu Shen, Ang Li, and Olatunji Ruwase. 2024.

(b) Computation vs. communication scaling for future transformers on future hardware.

Suchita Pati, Shaizeen Aga, Mahzabeen Islam, Nuwan Jayasena, and Matthew D. Sinclair. 2023
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CAAT-Net
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Results and Evaluation

Table 1: CAAT-Net vs baseline: Zero-shot accuracy after pretraining. 7B parameter models, with
p = 0.5 and tensor-parallel 8.

Model LAMBADA (acc)  Hellaswag (acc) WinoGrande (acc) PIQA (acc)
Baseline 61.34 £+ 0.68 4585 £0.50 61.48 £+ 1.37 72.91 £+ 1.06
CAAT-Net 61.05 £+ 0.68 46.10 + 0.50 62.19 + 1.36 T2.86 + 1.04
OpenBookQA (acc)  BOOL-Q (acc) WikiText (ppl) Validation Loss
Baseline 26.60 + 1.98 H4.89 + (.83 12.51 1.01

CAAT-Net 24.00 £+ 1.87 62.51 £ 0.85 12.46 1.00
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Table 1: CAAT-Net vs baseline: Zero-shot accuracy after pretraining. 7B parameter models, with
p = 0.5 and tensor-parallel 8.

Model LAMBADA (acc)  Hellaswag (acc) WinoGrande (acc) PIQA (acc)
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CAAT-Net 61.05 + 0.68 46.10 + 0.50 62,19 + 1.36 7286 + 1.04
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