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Motivation d Introduce dual-policy learning to first learn the approximated Experiments & Results
traversal order of nodes before assigning to device.

- Deep learning systems like PyTorch execute computationsin a

level-wise, lock-step synchronous manner, whereas an 1 Propose DOPPLER, a three-stage training framework that - We study the following questions, focusing on the quality of
alternative is fully asynchronous (work-conserving) scheduling: improves scheduling on the fly via continual learning during as&gnments produced I?y DOPPL_ER (Q1-Q5) and the
deployment, along with two pretraining stages. scalability of DQPPLER s dual-policy networks (Q6). See
MODEL WORK-CONSERVING | SYNCHRONOUS Q2,Q3, Q5,Q6 in paper.
CHAINMM 139 (MS) 185.3 (MS) d Our experiments show that DOPPLER achieves up to 52.7% | | o
FFNN 50.2 (MS) 76.9 (MS) lower execution times compared to the best baseline. - (Q1) Comparison between our solutions and existing
alternatives in milliseconds:

J Consider the matrix multiplication chain X x Y x Z DOPPLER Framework 4 GPUs RUNTIME REDUCTION
decomposed to run on eight (3PUs by (a) sharding each o045 5 5127 02330 £ 100 1325 100 13125 0T ot
matnx Jour ways, along with (b) & fine-grained data graph With - 0 OUR GOAL: Given a computation graph G = (V, E) with nodes [P\ || rssuiabessos s ons soasas ioisin wresir ot oo
P J ' V_{V1, Vo,..., n} edges E = {e1, e,,..., m} and devices D, we aim LLAMA-LAYER 292.6 +£5.8 295.1+7.0 231.5+5.1 174.84+4.7 167.0+3.4 150.6+4.2 485%  13.8%

(a) X111 Xi5 Yl Yoo Zil Zis to generate a device assignment A={A, ,A,, ..., A, } where
| x X v |~ X - each A, € Atakes some value in D, such that execution time 0 (Q4) DOPPLER’s Assignment on Feed-Forward Neural
il e il B il s within a work-conserving system is minimized. Network:
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3 Investigate the device assignment problem in a multi-GPU O % %:\O/ - DOPPLER explicitly tries to learn a latent node

work-conserving system. Step 0 Step 4 ordering, to make the assignment problem easier.
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