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Symphony: A Framework for ML in Systems
• A new framework for management of large-

scale computers using ML
• Encode “systems knowledge” as inductive 

bias
• Combine Bayesian model with Deep Learning

• Broader goals:
• Performance (Scheduling, SLO)
• Resilience (Errors, Failures, Attacks)

• This paper
• Model: Scheduling accelerated workloads
• Uncertainty: Dealing with errored telemetry 

data
• Training Algorithm: Sampling based 

approximations for backprop in Bayesian 
Models
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Application: Accelerated Computational Genomics

Interface to CAPI
(described in § III-D)

Input parsing and
resource management
(described in § III-C)

Processing
elements

(described in § III-B)
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(Application Accelerators)

CPUs GPUs FPGAs HCAs

Data Collection Framework
Hardware Counters OS Monitors/Probes Network/App Tracing

Accelerated Probabilistic Programming System     
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Changing Landscape of Computing
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Accelerators are becoming first class citizens in datacenter deployments

What’s missing? How & When do you take advantage of heterogeneous 
hardware without painstakingly deriving new heuristics? – ML to the rescue
• Today done largely by static policies (heuristics)
• How to make use of dynamic and contextual information about Apps/Systems?

Emerging applications drive need for more compute

Personalized MedicineAutonomous Agents SecOps Analytics

GPGPUs FPGAs [EC2, Azure] ASICs [TPU, IPU etc.]
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Dynamic Information is Key to Resource Management

PCIe bandwidth impacts performance by as 
much as 50%

Shared resource contention reduces 
performance by as much as 40%
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Latent Resource Contention in CPUs Latent Resource Contention in 
Accelerators



Scheduling 
Decision Model

Scheduling PolicyTopology
Information

Symphony: Execution Overview
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Action

Symphony: Bayesian + Deep Learning Models
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• BN Model: Capture uncertainty in state 
estimation
• Nondeterministic sampling + delays
• Measurement Error

• NN Model: Capture aspects of optimization
• Graph Network: Capture DFG & System 

Topology embeddings
• LSTM + AC: Capture time varying 

information

• Trained by RL to minimize makespan

Resource Management Problem:
• State Estimation: Find the important resources and current utilizations
• Decision: Find a packing that optimally utilizes resources

Bayesian 
Inference

BN Model

Computer Systems

Perf. Counter
Measurements

Utilization
Resource Graph 

Network

System 
Topology

Graph 
Network

App DFG

LSTM

FC

FC
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Modeling Uncertainty in Sampled Performance Data
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Problem: Measurements of performance counters are noisy (as much as 40%)

Traditional Solution (Offline Variance Reduction)
• Used primarily for offline analysis like profiling–

completely unusable!

Time
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Our Solution (Generative Model of Error)

Key Insight: Different perf counters are 
interrelated based on system architecture
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Bayesian Network Model
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Results: Keep the Abstractions and Get Performance Too
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Outperforms Paragon by 32% (at 99th%ile)

Performance within 6% of oracle 
schedule (at 99th%ile)

63% of kernels execute with isolated 
performance, remaining with <20% 

performance loss 
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No Free Lunch: Scheduler Latency Can Negate Gains
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Hack: Batching
Insight: Amortize cost of scheduling over batches

Real Solution: Reduce Latency to a point 
where latency becomes irrelevant

Scheduler Latency ML Prediction Horizon
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• Outer loop: Can be prohibitively expensive to calculate the ideal batch size
• BN training time dominates in cases in the tail
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<latexit sha1_base64="BpqkG69w2jcXJwdt9L9Ewxem9FY="></latexit>

Sampling-based Back Propagation for Bayesian Networks
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r⇥LRL
t = r⇥LA

t (⇢) +r⇥LV
t (⌘)

<latexit sha1_base64="EKVSkSfzCIXz5AtQE4+XXeaaab4="></latexit>

r⇥BN b̂t

<latexit sha1_base64="/hVb/q/3sOSDfnRqsM5/CbWGv9Y=">AAACBnicbVA9SwNBEN2L3/Hr1FKExSBYhTsJqF3QxkoUEg3kwjG32SRL9vaO3TkhHKls/Cs2ForY+hvs/DduPgpNfDDM470ZdudFqRQGPe/bKSwsLi2vrK4V1zc2t7bdnd07k2Sa8TpLZKIbERguheJ1FCh5I9Uc4kjy+6h/OfLvH7g2IlE1HKS8FUNXiY5ggFYK3YNAQSQhzINaj6PtF9fDIQ16gDQKMXRLXtkbg84Tf0pKZIqb0P0K2gnLYq6QSTCm6XsptnLQKJjkw2KQGZ4C60OXNy1VEHPTysdnDOmRVdq0k2hbCulY/b2RQ2zMII7sZAzYM7PeSPzPa2bYOWvlQqUZcsUmD3UySTGho0xoW2jOUA4sAaaF/StlPdDA0CZXtCH4syfPk7uTsl8pn99WStXKNI5Vsk8OyTHxySmpkityQ+qEkUfyTF7Jm/PkvDjvzsdktOBMd/bIHzifP/NNmMM=</latexit>

Backpropagation requires calculating its gradient

This is algorithmically expensive (exponentially large)

Can be recursively expanded

Our approximation can do this in polynomial time

Inference 
Procedure

Critic

Actor

BN Model

V (b̂t)
<latexit sha1_base64="CKgbEygiY5kI0bdutUnTJqmk42w=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSrUS0mqoMeCF48V7AekoWy223bpZhN2J0IJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZemEhh0HW/nbX1jc2t7cJOcXdv/+CwdHTcMnGqGW+yWMa6E1LDpVC8iQIl7ySa0yiUvB2O72Z++4lrI2L1iJOEBxEdKjEQjKKV/FalO6JIwh5e9kplt+rOQVaJl5My5Gj0Sl/dfszSiCtkkhrje26CQUY1Cib5tNhNDU8oG9Mh9y1VNOImyOYnT8mFVfpkEGtbCslc/T2R0ciYSRTazojiyCx7M/E/z09xcBtkQiUpcsUWiwapJBiT2f+kLzRnKCeWUKaFvZWwEdWUoU2paEPwll9eJa1a1buq1h6uy/XzPI4CnMIZVMCDG6jDPTSgCQxieIZXeHPQeXHenY9F65qTz5zAHzifPxn+kGM=</latexit>

⇡(at|b̂t)
<latexit sha1_base64="tj51oPyZB2uxVwy1p0Vr1G4pRZQ=">AAAB/HicbVDLSsNAFJ3UV62vaJduBqtQNyWpgi4LblxWsA9oQphMJ+3QyYOZGyHE+ituXCji1g9x5984bbPQ1gMXDufcy733+IngCizr2yitrW9sbpW3Kzu7e/sH5uFRV8WppKxDYxHLvk8UEzxiHeAgWD+RjIS+YD1/cjPzew9MKh5H95AlzA3JKOIBpwS05JlVJ+F14gF+xM6YAPY9OPfMmtWw5sCrxC5IDRVoe+aXM4xpGrIIqCBKDWwrATcnEjgVbFpxUsUSQidkxAaaRiRkys3nx0/xmVaGOIilrgjwXP09kZNQqSz0dWdIYKyWvZn4nzdIIbh2cx4lKbCILhYFqcAQ41kSeMgloyAyTQiVXN+K6ZhIQkHnVdEh2Msvr5Jus2FfNJp3l7XWaRFHGR2jE1RHNrpCLXSL2qiDKMrQM3pFb8aT8WK8Gx+L1pJRzFTRHxifPyUyk7M=</latexit>at�1

<latexit sha1_base64="zJkKW8BSQkS9Uys99at0qC6ECc8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LFbBiyWpgh4LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38389hPXRsTqEScJ9yM6VCIUjKKV2rSf4aU37ZcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/d0rOrTIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4a2fCZWkyBVbLApTSTAms9/JQGjOUE4soUwLeythI6opQ5tQyYbgLb+8Slq1qndVrT1cV+pneRxFOIFTuAAPbqAO99CAJjAYwzO8wpuTOC/Ou/OxaC04+cwx/IHz+QPnb48w</latexit>

ot
<latexit sha1_base64="y9ZDDVNc7+JGZgF5Qaq1B+JdumY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0mqoMeCF48V7Qe0oWy2m3bpJht2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcZJwP6LDWISCUbTSg+pjv1xxq+4cZJV4OalAjka//NUbKJZGPEYmqTFdz03Qz6hGwSSflnqp4QllYzrkXUtjGnHjZ/NTp+TcKgMSKm0rRjJXf09kNDJmEgW2M6I4MsveTPzP66YY3viZiJMUecwWi8JUElRk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP1vOjcA=</latexit>

b̂t
<latexit sha1_base64="bmwmM+LHOhk1tZjZGsLufgyB37g=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LFbBU0mqoMeCF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTm9EkQR97JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrTIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4Y2fCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8Slq1qndZrd1fVepneRxFOIFTuAAPrqEOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QOmNo+e</latexit>

f⇡(b̂t;⇥⇡)
<latexit sha1_base64="fgiyA7nsfUDxiW5IqYaIi/1up4g=">AAACBHicdVDJSgNBEO2Je9yiHr00RiFehukkJgEvghePEbJBJgw9nZ6kSc9Cd40Qggcv/ooXD4p49SO8+Td2FkFFHxQ83quiqp6fSKHBcT6szNLyyura+kZ2c2t7Zze3t9/ScaoYb7JYxqrjU82liHgTBEjeSRSnoS952x9dTv32DVdaxFEDxgnvhXQQiUAwCkbycoeB5yai4A4pYN+Dc+w2hhzoVDz1cnnHdkiZVGrYsckZcYpVQ0q1aqVMMLGdGfJogbqXe3f7MUtDHgGTVOsucRLoTagCwSS/zbqp5gllIzrgXUMjGnLdm8yeuMUnRunjIFamIsAz9fvEhIZaj0PfdIYUhvq3NxX/8ropBLXeRERJCjxi80VBKjHEeJoI7gvFGcixIZQpYW7FbEgVZWByy5oQvj7F/5NW0SYlu3hdzl8cL+JYR4foCBUQQVV0ga5QHTURQ3foAT2hZ+veerRerNd5a8ZazBygH7DePgGbNpda</latexit>

fV (b̂t;⇥V )
<latexit sha1_base64="37HfhmiNq7vPq+bSc2lChEwWbR8=">AAACAHicdVDJSgNBEO1xjXGLevDgpTEK8TJMJzEJeAl48RghGyRh6On0JE16FrprhBBy8Ve8eFDEq5/hzb+xswgq+qDg8V4VVfW8WAoNjvNhrayurW9sprbS2zu7e/uZg8OmjhLFeINFMlJtj2ouRcgbIEDydqw4DTzJW97oeua37rjSIgrrMI55L6CDUPiCUTCSmzn23WauO6SAPReucLc+5EDd5oWbyTq2Q4qkVMGOTS6Jky8bUqiUS0WCie3MkUVL1NzMe7cfsSTgITBJte4QJ4behCoQTPJpuptoHlM2ogPeMTSkAde9yfyBKT43Sh/7kTIVAp6r3ycmNNB6HHimM6Aw1L+9mfiX10nAr/QmIowT4CFbLPITiSHCszRwXyjOQI4NoUwJcytmQ6ooA5NZ2oTw9Sn+nzTzNinY+dtitnq2jCOFTtApyiGCyqiKblANNRBDU/SAntCzdW89Wi/W66J1xVrOHKEfsN4+ATvslXQ=</latexit>

Pr(st, at�1, ot;⇥BN )
<latexit sha1_base64="hJ2RmGw//ZRWtYwqWCaCX5CZ3yQ="></latexit>

???
Inference procedure might not be differentiable
• Requires calculation of an integral over 

domain of variable



Symphony: Model + Approximations + Acceleration
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Approximations reduce latencies (12x in tail) and improve training times

Summary:
• Model enables capturing system state and aleatoric uncertainty
• Approximations enable low-latency operation
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