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General Directions
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Leverage hardware accelerators and integration

Minimize data movement

Conserve costly memory

Do not leave the hardware unused

Move away from the current wasteful GPU path

Do not hope for breakthroughs in technology in the short term
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The ACE Compute Paradigm
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• Heterogenous hardware 

accelerators in datacenters 

• New methodologies to generate, 

deploy and reconfigure 

accelerators

• Smart compilers/runtimes

COMPUTE:

MEMORY/STORAGE:

• Reconfigurable network 

topologies 

• Nimble runtimes that bundle 

computation in tiny buckets and 

ship them

• Accelerators in network 

switches and SmartNICs

• Application-specific designs

COMMUNICATION:

• Conserve memory: compress

• Heterogenous, distributed 

memory and storage

• Near- or in-memory/storage 

computing

ACE Compute Paradigm
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Compute
Move away from current GPUs; use accelerators
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An Ensemble of Accelerators

Distributed in the datacenter
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Automatic Generation of Hardware Accelerators
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Evolvable Accelerator Generation

Python

Accelerator 

Generator

App-Specific 

Accelerators (FPGA)
Programmable 

Accelerators

Evolvable Compiler Generation

ACT: Accelerator 

Compilation Toolkit

Feather EVA Spade

Dense
Sparse

And Automatic Generation of Back End Compilers

Accelerators

Back-end

Compiler
Back-end

Compiler

Back-end

Compiler



A Software Framework to Program Multiple Accelerators

[ASPLOS24-1]:  Z. Zhang et al., “SLAPO”. [ASPLOS24-2]: C. Mendis et al., “TGLite”. [ISCA23]: J. Torrellas et al., “SPADE”. [DAC23]: S. Mitra et al., “G-QED”. 
[FCCM24]: Z. Zhang et al., “LLM FPGA”. [PLDI24]: Z. Zhang et al., “Allo”. [ISCA24]: T. Krishna et al., “FEATHER”. [MLBench23]: T. Krishna et al., “Chakra Traces”.
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New hardware 
accelerators

Pre-Silicon 
Verification 
of Hardware 
Accelerators
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FPGA 
Accelerator  

SPADE Sparse 
Accelerator  

EVA 
Reconfigurable 

Accelerator  
[ISCA23] [FCCM24]

Back-end 
compilers

Analog 
Accelerator  

FEATHER 
Accelerator

[ISCA24]

Compiler automatically generates a compiler for each new accelerator 

Large heterogeneous application

Front end compiler that breaks the code into sections with affinity for different types of accelerators
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Specialize CPUs for Certain Workloads

• Main focus: limit tail latency

• Hardware-supported request queue

• Leaf-spine interconnect for many redundant, low-hop-count paths between clusters
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μManycore: processor designed for cloud-native workloads (microservices and serverless)

Processor organized in chiplets of simple cores High-connectivity on-chip interconnection network
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Memory
Compute near memory



Near- and In-memory/storage (IMS) Acceleration
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• Ubiquitous IMS blocks in memory hierarchy, network switches, SSDs

• Harness distributed IMS blocks to operate with coordination
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XFM: Near-Memory Acceleration of Software-Defined Far Memory
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• Software-defined far memory (SFM): compressing cold memory pages

+ Saves DRAM capacity at the expense of computation

- Hogs the memory channel

• XFM: offloads SFM operations on a Near-Memory Accelerator at the buffer device of the DIMM

Conventional 
Server

Software-Defined 
Far Memory (SFM)

Cold & Compressed Data

DDR

Hot & uncompressed Data

DDR

XFM

NMA
NMA

NMA

Near Memory
Accelerator (NMA)
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Associative Processor in Memory that Combines CMOS and FeFET
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• Integrated hybrid-technology SRAM

• Majority FeFET (dense and energy efficient but slow)

• CMOS buffers for select wr (fast but not dense or energy efficient)

• Hidden from programmer or compiler
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Coordination/Communication
Do not leave the hardware unused



Reconfigurable Networking & Storage
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Major gains in 
performance and in 

utilization

Conceptual sketch of our reconfigurable infrastructure

Network

Storage Pool

Storage Server 1

Sandook Controller

(Replicated)

Compute Cluster

    Compute Server 2      Compute Server 1

Applications

Linux Block Device

/dev/sandook

Sandook Client

Applications

Storage Server 2

SSD Metrics

Replicated Write

Sandook Client

SSD Agent

ReadLinux Block Device

/dev/sandook

SSD Agent
Control Path

Data Path

... ...

...

......

...

Scheduling Decisions

Storage

• SOTA: Shard across pool of flash SSDs → poor performance 
due to hotspots, heterogeneity, and read/write interference

• Storage: A logically-centralized storage disaggregation system that steers I/O to specific SSDs 
based on knowledge of network topology and reconfiguration delays.

• Network:  A reconfigurable optical interconnect that adjusts the network topology based on 
application requirements.

Hardware in the cloud is massively underutilized. What can we do?
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A Distributed Runtime for Self-balancing Systems
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Accelerators should not be waiting for work

Data movement should be minimized

Rapid migration

Proclet

Machine A Machine B

New programming model 

• Bundles computation in small tasks (proclets)

• Tasks rapidly migrate across machines

• Goals: Reduce load imbalance and minimize data movement
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AI Training/Inference

Dataset Models (LLMs, MoE …)

Checkpoint Data Accelerators CPUs MemoryS
to
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SmartNIC

Programmable Switches

and Accelerators

Optical Switches

Adaptive Storage

Data Ingestion & 
Preprocessing

Runtime for diverse 
accelerators

Optimizations for Communication Collectives

Reconfigurable Topologies
In-network Compression and 

Aggregation

Adaptive 
smartNICs
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Automatically Synthesize Collective Communications

Input: collective communication pattern + network topology 
Output: topology-aware collective algorithm

Multi-dim Networks

Topology Time Expanded Network

Collective Algorithm Collective-TEN Representation

Algo 
Synthesis



Other Optimizations for Collective Communications

• Tensor Homomorphic Compression (THC) [NSDI’24]

• Compress gradients to reduce collective traffic

• Direct aggregation of compressed tensors

• In-network aggregation 

• Aggregating (compressed) gradients in programmable switches or smartNICs to further speed 
up collectives

• OptiReduce: A tail-optimal reduce [NSDI’25]

• Time-bounded AllReduce using Transpose AllReduce, unreliable bounded transport, and 
adaptive timeouts
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Microservice/Serverless Cloud Environments
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CXL
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Spice + CXLfork: Cold Start and Remote Fork
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Concord: Caching State in Nodes
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Gigaflow: Cache Packet-Processing Routines in NICs
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NIC
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Call to Action
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• Current GPU computing is very inefficient →move to accelerators (and specialized CPUs)

• Data movement and hardware idle time →many software techniques, often application-specific

• Memory → processing near memory
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Today’s NIC-Host interfaces are inefficient: PCIe is >80% of intra-rack roundtrip latency

Proposal: Use emerging interconnects (CXL, UPI, UCIe) to allow NIC to participate in CPU cache coherence

CC-NIC: A Cache-Coherent Network Interface Card (NIC)

CC-NIC is a cache-coherent NIC design

● New techniques in:

○ Host-device signaling

○ Cache-optimized memory layouts

○ Symmetric, shared buffer management

● CC-NIC emulated on Intel UPI: 

○ Terabit throughput. Significant latency reduction

○ Up to 50% core savings for app workloads

● Opens the door to more off loading of work to SmartNICs

ASPLOS 2024



Computing in Network Switches
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• Homunculus: automatically generates efficient ML models to run on switches (e.g., check for malware)

• Caravan: ML models learn online

• Other possible applications: Straggler mitigation

Streaming DB
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Figure 2: High-level design of Car avan. The three key

components, Label ing Agent (§3.1), Model Val idation

(§3.2), and Retraining, work in tandem to keep the in-

network ML model up-to-date.

retraining trigger stage decides whether retraining is nec-

essary (e.g.,, in thepresence of new types of attac ks missed

by the in-network ML model) for the current window of

incoming samples. If an update is required, the fina l model

retraining stage will generate a balanced dataset from the

window of samples received, i.e.,, a mix of malicious and be-

nign flows and generated labels. After training is complete,

the in-network model is updated with the new weights to

detect the new types of missed attac ks.

3.1 Label ing Agent

The fir

s

t component in Car avan is the labeling agent. It

generates application-specific labels that can be used in the

later stages of model validation and online retraining for: (1)

computing an accuracy proxy that can signal potential model

accuracy degradation to effici ent ly trigger retraining, and

(2) generating a class-balanced labeled dataset for retraining

when necessary. To generate labels for new incoming net-

work traffic automatically and accurately, the labeling agent

relies on external knowledge sources. Knowledge sources

(§3.1.1) aredefin

e

d to be entities or applications that can be

repurposed to assist with data labeling (e.g.,, access control

lists, heuristics, foundation models). They can bedefine d and

provided by users through a user interface (§3.1.2).

When a full window of samples from the data plane is

available, the labeling agent reads these samples and the

associated inference results from a streaming database (e.g.,,

). The

n

, it sendsalabeling request to every knowledgesource

it relies on. With one label from each knowledge source, the

labeling agent would do a majority voting to determine the

fin

a

l set of labels to beused (also called “generated labels”)

for the current window of data samples. Thes e generated

labels will be sent to the next stage of Car avan for model

validation.

3.1.1 Knowledge Sources. The labeling agent relies on

knowledgesourcesfor labeling.Wedefine knowledgesources

to beany entitiesor services that contain useful information

about the user-defin

e

d application and can be repurposed

to assist data labeling. Take network intrusion detection as

an example. A common knowledgesource is IP-based access

control lists (ACLs) [30] that can block network flows or

packets from certain source IP addresses considered to be

of malicious origins. With IP-based ACLs as a knowledge

source, thelabeling agent isableto label aflow as“malicious”

if its source IP is on the list.

Car avan repurposes differ ent knowledgesources in dif-

ferent ways for them to be used in thesystem for accurate

and effic

i

ent labeling. In particular, Car avan focuseson two

metrics of a knowledge source: (1) accuracy, which refers

to how accurate theknowledgesource isafter being repur-

posed for labeling, and (2) throughput, which refers to how

fast a knowledge source can be used to label data. Differ ent

knowledge sourcescan vary dramatically in these two met-

rics, and as illustrated in Figure 3, there exists a trade-off

between these two metrics for a given knowledge source:

sources with high accuracy (e.g.,, domain experts and foun-

dation models) usually operatewith lower throughput due

to extra time needed for in-depth analysis, while sources

with high throughput (e.g.,, heuristics, IP-based ACLs) might

not be able to provide accurate labels. The aim of Car avan

is that through online learning, an in-network ML model

can be tuned into a model with both high accuracy and high

throughput, so it would bea good fit for real-timedecision

making in thedata plane.

Insight 1: Knowledgesourceswith a low accuracy but high

throughput, e.g.„ heuristicsand IP-based ACLs, can berepur-

posed toprovideweak-supervision labelswith high accuracy.

Low-Accuracy,High-Throughput KnowledgeSources: Knowl-

edge sources with a low accuracy but high throughput (e.g.,,

heuristics, IP-based ACLs) are good fit for labeling large

volumesof incoming data. However, themain issue is that

generated labels would be extremely noisy in this case. If

we use these labels for retraining the in-network ML model,

the accuracy of the retrained model can be even worse than

theexisting one in the data plane. To tackle this challenge,

4

CARAVAN:

ASPLOS 2023

OSDI 2024
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Application-customized Networking Stack with eBPF

27

• Accelerate distributed system network software while maintaining safety

• Electrode: Accelerate consensus protocols with new communication primitives in eBPF

• Dint: Accelerate distributed transactions  (lock manager, key-value store, log manager)

NSDI 2023
NSDI 2024

Dist. protocols

NIC driver

Traffic control

…

Transport layer

Socket layer

NIC hardware

Application logic

High kernel overhead (eg, 

ip_make_skb)

Protocol 

requests

Protocol 

responses

Packet batching amortizes interrupt overhead 

(eg, Linux NAPI)



DynamoLLM: Energy-Management Framework for LLM 
Inference Clusters

• 1. Profile-driven energy configuration setting

• 2. Instance pools for diverse workloads

• 3. Hierarchical control for dynamic load



DynamoLLM: Energy-Management Framework for LLM 
Inference Clusters

Inference 

Requests

Cluster Manager

Instance Pool



DynamoLLM:
1. Profile-Driven Energy Configuration Setting
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Cluster Manager
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Perf-Energy 

Profile



DynamoLLM:
2. Instance Pools for Diverse Workload
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DynamoLLM:
2. Instance Pools for Diverse Workload
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Out-Len

Prediction



DynamoLLM:
2. Instance Pools for Diverse Workload

Inference 

Requests

Cluster Manager

Instance Pool (SS)

Pool Manager Pool Manager

Instance Pool (LL)

…Perf-Energy 

Profile

Perf-Energy 

Profile
Select Model 

Parallelization

Out-Len

Prediction



DynamoLLM:
3. Hierarchical Control for Dynamic Load

Inference 
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Instance Pool (SS)
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DynamoLLM:
3. Hierarchical Control for Dynamic Load

Inference 
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Cluster Manager

Instance Pool (SS)

Pool Manager Pool Manager
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…Perf-Energy 

Profile

Perf-Energy 
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