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Abstract
Manycore architectures are a promising direction for single-chip
performance. They typically use in-order cores and caches as build-
ing blocks and can produce good performance on regular appli-
cations. However, on irregular applications, they have low core
utilization due to data-dependent control-flow and memory access.

We propose UpDown manycore that employs a novel core with
Event-Driven Scheduling (EDS), Software-controlled Lightweight
Threading (SLT), and Split-transaction Memory Access with soft-
ware synchronization (SMA) to deliver both high core utilization
and chip performance. On a variety of graph and sparse applica-
tions, UpDown outperforms a much larger commercial multicore
chip (20-core, OoO) by up to 81x.

Compared to simple, in-order cores, the UpDown core’s novel
mechanisms provide a 2.4-5.9x performance advantage, specifically
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1.9x (EDS), 1.4x (SLT), and 1.4x (SMA). For a manycore chip, these
architectural benefits enable a 2048-core UpDown to outperform
an 8192-core in-order chip of similar Si area by 3.1x overall. By
efficiently scheduling computation from many parallel threads, Up-
Down achieves high core utilization. Further, UpDown mechanisms
enable it to more effectively exploit the growing bandwidth avail-
able from HBMs and tolerate higher NoC latencies, supporting
future scaling. Finally, we also show that UpDown achieves better
performance than a state-of-the-art GPU normalized by area.
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1 Introduction
Irregular applications like graph processing and sparse computa-
tions are pervasive in domains like social networks [44], bioinfor-
matics [7, 56], graph databases [68] and so on. These applications
have extremely large datasets represented with pointer-based data
structures (trees, graphs, hash-maps, sparse matrices, etc.). Compu-
tations in these applications are therefore characterized by unpre-
dictable data-driven control and memory access patterns with low
data reuse [85].

Traditional cores achieve efficient execution by running large
grain sizes (long-running threads) that allow the machine to learn
behavior (branch prediction) and aggregate state (registers, caches),
making computation efficient. They expend transistors to support
multiple issues, out-of-order and speculative execution that en-
able high performance on a single thread. They use complex and
large multi-level memory hierarchies to create the illusion of large,
low-latency memory. Today’s multicore chips are aggregations of
sophisticated large cores [3, 9, 10, 36]. However, using these large
cores to scale further for high performance is difficult due to area
and power limits.

To find another path for single-chip performance increase, re-
searchers have proposed manycore, which includes many thou-
sands of simple in-order cores [21, 24, 25, 42, 81]. These simple
cores have potential, in aggregate, to achieve high performance be-
cause of their high performance / mm2. Further, they can maintain
software compatibility. However, these benefits come at reduced
thread performance, increased thread parallelism requirement, and
increased cache hierarchy complexity. While they have demon-
strated good performance for regular applications, manycore chips
face challenges on irregular applications. Because of their unpre-
dictable compute structure and data use, such applications incur
low datapath utilization, poor cache effectiveness and ineffective
use of memory bandwidth [42, 52, 103]. The problems are exhibited
in multicore, manycore, and GPU chips.

We adopt a different approach for irregular applications – filling a
datapath with instructions frommany threads, each running dozens
of instructions (∼10-100), then switching to another thread. We call
this approach “many thread”. It differs from traditional approaches
based on avoidance (prediction, speculation, caching) [3, 55], and
is conceptually a variant of multithreading, but at coarse-grained
interleaving [48, 74].

We propose a novel “many threaded” core, called UpDown (UD)
core, that forms the basis for an efficient manycore architecture. Up-
Down employs a novel set of three architectural mechanisms (event-
driven scheduling, software-controlled lightweight threading, and
split-transaction memory access with software synchronization) to
enable efficient short thread executions and interleaving. Together,
this produces high datapath utilization. Coarse-grainedmultithread-
ing in UpDown simplifies both hardware and software design.

We describe the design of a single-chip UpDown manycore com-
prised of 2,048 cores, first comparing it to a 20-core CPU, and then
to an 8,192-manycore using simple, in-order cores. The evalua-
tion workload includes scientific and graph applications running

on sparse, skewed, real-world matrices and graphs. We study the
performance sensitivity of the UpDown manycore to memory band-
width and NoC latency. Finally, we assess the cost of the architec-
tural mechanisms (area and power). The full UpDown system [16]
is a 16,384-node graph supercomputer designed under the IARPA
AGILE program[1]. Specific contributions of the paper include:

• Design of a manycore building block (UpDown) incorpo-
rating Event-Driven Scheduling (EDS), Software-controlled
Lightweight Threading (SLT), and Split-transaction Memory
Access with software synchronization (SMA).

• Evaluation on graph kernels that shows UpDown-based
manycore can significantly outperform a 20-core Out-of-
Order multi-core CPU (geomean speedup 47x).

• Study shows UpDown’s architectural mechanisms enable 2.4-
5.9x performance improvement over in-order RISC building
blocks, specifically 1.9x (EDS), 1.4x (SLT), and 1.4x (SMA).

• Scaling to a full chip, these architecture features overcome
their cost, enabling a 2048-core UpDown to outperform an
8192-core in-order chip by 3.1x overall.

• UpDown mechanisms enable it to effectively exploit the
growing bandwidth available from HBM and tolerate high
NoC latencies, supporting future scaling.

• Compared to an H100 GPU, UpDown achieves 20x area nor-
malized geomean speedup.

Section 2 covers background topics of multi-threading and memory
level parallelism. Section 3 frames the problem and describes key
strategies in UpDown approach. In Section 4 and 5, we present the
UpDown architecture and highlight its programming. In Section
6, we evaluate the architecture on challenging graph applications.
Related work is discussed in Section 7. Finally, we summarize our
results in Section 8.

2 Background
2.1 Multicores, Multithreading, and Caches
Traditional multicore architectures federate independent cores with
a shared memory, cache-coherent address space [4, 39]. Coordi-
nation amongst threads is achieved with atomic synchronization
primitives such as test-and-set and compare-and-swap. All of these
are supported in the multi-level cache hierarchy which exploits data
reuse to avoid memory latency [66]. It is common for the complex
out-of-order cores to also exploit multithreading (Simultaneous
multithreading or Hyperthreading [27] or barrel threading [8, 74]).
Recent manycore research seeks to scale to 1,000’s of cores [21, 42].

2.2 Memory Bandwidth and Parallelism
The memory bandwidth (HBM) revolution [41] (10TB/s in one pack-
age) makes compact architectures with high-memory bandwidth
possible [5, 60]. Systems can achieve 10TB/s bandwidth; literally
100x that of a high-end server from just a decade ago. DRAM archi-
tecture in HBM requires many concurrent request to extract this
bandwidth (i.e., memory-level parallelism or MLP).

CPUs and their caches use out-of-order execution, multithread-
ing, and cache prefetching [14, 31, 35, 48] to create MLP. However,
CPU request MLP is limited by physical registers (reorder buffers)
[67] that define out-of-order window size, and load-store queues
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[75] that maintain the memory consistency. DRAM MLP is limited
by miss status handling registers (MSHRs) in caches that store in-
formation to handle memory access responses [67]. In any actual
design, these features limit outstanding memory requests, causing
CPUs to stall upon depletion, thereby limiting the achievable MLP.

GPUs generate MLP from thread groups (warps) [51], which
require register names and MSHRs proportional to MLP. In GPUs,
SIMT execution exacerbates these costs, preventing register reuse
until all threads advance (e.g., on divergence).

3 Problem and Approach
3.1 Problem
Traditional cores achieve high performance when they have a
steady stream of useful instructions, as well as low memory la-
tency and high data reuse. However, irregular applications break
these assumptions, causing low datapath utilization and associated
poor performance.

3.1.1 Poor Datapath Utilization. Datapaths in modern Out-of-
Order(OoO) cores are designed for high single-thread performance,
incorporating deep pipelining, branch prediction, speculative exe-
cution, etc. All these mechanisms seek to create a steady stream of
instructions from a thread’s instruction window to fill the datapath.

Irregular applications have many branches and unpredictable
data-driven control flows, as well as complex pointer/indirection
structures, and random data accesses. These attributes produce
ineffective branch prediction, speculation, and cache performance.
The result is poor datapath utilization as shown in Figure 1.

BFS(S23) BFS(S25) PR(S23) PR(S25)
0

20

40

60

80

100

Da
ta

pa
th

 U
til

iza
tio

n 
(%

)

retiring inst mis-spec inst

BFS(S23) BFS(S25) PR(S23) PR(S25)
0

20

40

60

80

100

SM
 Is

su
e 

Ut
il 

(%
)

sm_issue_pct_peak

Figure 1: a) Datapath Utilization for PageRank and Breadth-first
Search on real-world graphs. a) Core utilizations (blue) on a 20-core
Skylake CPU [12, 37] are < 10%, b) SM Issue slot utilization (purple)
on a NVIDIA-A40 GPU are < 20% [61, 90].

For example, two graph applications (BFS and PR) [12, 90] on
real-world graphs have poor performance, both on CPUs (<10%
datapath utilization, Figure 1a) and GPUs (<20% SM utilization,
Figure 1b). The causes include high branch misprediction, thread
divergence, and poor cache/memory performance due to irregular
memory access patterns.

3.1.2 Low Cache and Prefetch Performance. Low irregular appli-
cation data reuse causes high cache miss rates (>85%) that pro-
duce pipeline bubbles and stalls. Prefetchers – ineffective on the
unpredictable access – create cache pollution and waste memory
bandwidth. The need for per-miss MSHRs limits exploitation of
HBM-scale memory bandwidth. The overall result is poor perfor-
mance on irregular applications [52].

3.2 Approach
We pursue two ideas to increase performance on irregular applica-
tions. First, UpDown uses many parallel threads to fill the datapath.
Having “many” is helpful because the threads are driven by unpre-
dictable data dependencies (memory latencies) and unpredictable
control dependencies (instruction sequence disruption). Second,
novel UpDown mechanisms enable high memory parallelism, sup-
porting more threads and computation and thus making more work
available to fill the datapath.

3.2.1 Exploiting Many Threads. The UpDown core utilizes short
sequences of instructions (10-100 typically) from one thread at a
time. Efficient switching under explicit software control and hav-
ing many threads available is key. In contrast, commercial server
CPU cores run perhaps two threads concurrently to increase core
utilization as illustrated in Figure 2.

Memory Stall

···

Misprediction flush bubbles

send addi yield
movlr addi yieldt

bgtu send send addi yield

evlb evi send yield

b) UpDown Many-Threaded

cmp add movX X X

a) Simultaneous Multi-Threaded (SMT)

···

Thread0
Thread1
Thread2

Thread0

···

Thread1

addiThread127

add mov Memory Stall
movsetl jne

test

Figure 2: a) A traditional SMT core can suffer memory stalls and
flushes that reduce datapath utilization; b) UpDown many-threaded
core executes short sequences from many threads (different colors),
using efficient switching and event-driven scheduling to fill the
pipeline. Arrows represent messages from/to other core/memory.

In UpDown, explicit program thread management combined
with event-driven scheduling converts unpredictable branches into
many-thread scheduling. Fast hardware support for switching re-
duces cost to a single cycle, making many-thread execution efficient.
UpDown has 128 hardware threads available to fill the datapath.
This approach enables UpDown software to fill datapaths robustly,
exploiting many threads.

3.2.2 Software Binding to Exploit Growing Hardware Memory Par-
allelism. Drawing on insights and memory access mechanisms we
proposed in our earlier study[67], UpDown provides instructions
for non-binding, split-transaction DRAM access. Each DRAM access
specifies the memory address and data size to be read. When the
response returns, it is handled in software, allowing the program to
compute on the data directly or bind it to state resources (e.g., store
it in a register). The program determines desired synchronization
semantics. Critically, UpDown’s novel DRAM operations do not
bind outstanding DRAM access to any state element (e.g., register
or MSHR), effectively creating unlimited memory parallelism.

In Figure 3, we contrast the conventional approach (left) with
UpDown’s non-binding approach (right). Traditionally, each mem-
ory request ( 1○ - 3○) binds register names and MSHRs for each
cache miss. Request 4○ from core 1 is stalled because no MSHR is
available in the last level cache. Request 5○ from core 0 is stalled
due to the MSHR shortage in private cache. Limited load/store sta-
tions and MSHR resources constrain memory parallelism. UpDown,
on the other hand, does not bind DRAM requests to resources, so
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① ③MSHR

⋯
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⑤
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② ④
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② ④

② ④
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addr2 tid0 ev1
addr5 tid0 ev2
...

⋯

Figure 3: a) Each DRAM request (e.g., 3○) is bound to an ROB, LSQ,
and MSHR hardware resource. This limits memory parallelism. b)
UpDown uses software names (address, thread ID, event label) to
identify each DRAM request, and responses flow directly to software
for handling. No hardware resources are bound, allowing unlimited
outstanding requests.

unlimited memory requests can be in flight. UpDown uses software
names (address, thread ID, event label) to trigger appropriate com-
putation and synchronization for returning data. For example, to
count responses, accumulate values, or specify the offset where the
data should be stored. Software names enable an unlimited number
of outstanding requests, enabling exploitation of growing hardware
memory parallelism.

4 UpDown Architecture
UpDown is an event-driven, manycore parallel architecture on a
single chip. It employs a large number of small, event-driven, MIMD
cores. By comparison, each UpDown core is 200x smaller than a
modern OoO core [96]. A group of 64 UpDown cores is called an
accelerator, 8 accelerators form a cluster, and 4 clusters (2048 cores)
with 4 HBM stacks [41] comprise an UpDown system, as in Figure
4. A 2-level interconnect architecture is used for communication
between the components on the UpDown chip. The UpDown cores
at the accelerator level are connected by a concentrated 2D-Mesh.
The accelerators within a cluster communicate through a cluster
switch and the cluster switches are connected by a chip-level switch.
The HBM controllers are accessed through the cluster switches. The
chip works alongside a Host CPU, accelerating workloads with high
parallelism and low data reuse.

UpDown achieves high core utilization from many threads and
exploits growing hardware memory parallelism with three key
architectural mechanisms.

(1) Event-Driven Scheduling (EDS): UpDown threads are
scheduled as events (short invocations), enabling fine-
grained parallelism with hardware for scheduling and queue
management.

(2) Software-controlled Lightweight Threading (SLT): Up-
Down threads have small state, and 128 hardware contexts.
The threads are efficiently created, suspended, and termi-
nated under software control.

(3) Split-transactionMemory Access with software synchro-
nization (SMA)[67]: Memory accesses are decoupled from
thread execution (no tracking/bookkeeping) and synchro-
nized using software names, enabling high and scalable mem-
ory level parallelism.

These mechanisms build on our prior research, including the
Unified Automata Processor (UAP) [28], the Unstructured Data
Processor (UDP) [29]. UpDown extends the fast symbol processing
and multi-way dispatch capabilities in UAP and UDP to generic
event-driven execution (EDS) and combines them with mecha-
nisms for Scalable Memory Parallelism (SMA) proposed in [67]
and Software-controlled Lightweight Threading (SLT). Each core in
UpDown implements the UpDown-ISA instruction set. We describe
the UpDown-ISA design (Section 4.1) and its innovative hardware
implementation (Section 4.2).

HBM Memory Controllers

Node Switch

HBM Memory Controllers

HBM Memory ControllersHBM Memory Controllers

Cluster Switch

Cluster SwitchCluster Switch

Cluster Switch

1 Accelerator (64 cores) 1 Cluster (8 accelerators)
Figure 4: An UpDown Chip has 4 HBM stacks and 4 clusters, 8 accel-
erators per cluster, and 64 UpDown cores per accelerator for a total
of 2,048 UpDown cores.

4.1 UpDown Instruction Set
We describe the key elements of UpDown’s ISA, highlighting novel
instructions. The full description is available [15].

4.1.1 UpDown Events. Events are first-class primitives and pro-
vide a unified interface to hardware events (e.g., DRAM responses)
and software events (e.g., addValue, vertexUpdate, etc.) Each event
triggers a short thread invocation and is comprised of an event_word
(Figure 5) and a set of operands. The event_word has 4 fields: 1. net-
workID - location (core) the event will run; 2. threadID - thread to
be executed; 3. numOps number of operands; and 4. eventLabel -
offset for program. Events are synonymous withMessages.

Examples of how event_words provide unified handling of mem-
ory responses, application events, continuations, intercore coordi-
nation, and synchronization appear in Section 5.

4.1.2 UpDown State. Operands are the data payload in a message.
They are directly integrated into thread’s register namespace, elim-
inating the need for data movement instructions before use. Each
core has 128 hardware thread contexts; 16 registers (GPRs) each.
The thread register namespace (5 bits, 32 names) includes 16 GPRs,
event operands, and several control registers as in Figure 6. Each
core has 32KB of Scratchpad Memory. DRAM is 4 HBM stacks.

4.1.3 UpDown-ISA Highlights. The UpDown Instruction Set Archi-
tecture incorporates novel instructions (thread control, messaging,
decoupled memory access, scratchpad synchronization, block move,
etc.) that provide software access to special capabilities. Several of

606



UpDown: Efficient Manycore based on Many Threading and Scalable Memory Parallelism ICS ’26, July 06–09, 2026, Belfast, United Kingdom

the mechanisms, labeled hw-opn, are accessed implicitly. The novel
UpDown instructions are summarized in Table 1.

The thread control instructions (yield, yieldt) provide zero-
cycle thread creation and scheduling and single-cycle thread suspen-
sion and termination. Together, they enable efficient short thread
execution under direct software control.

Messages can be created flexibly from many sources (blocks of
scratchpad, registers, and sets of operands – the incoming message).
This allows programs to transform, strip, and reformat messages
remarkably efficiently. Event words are a critical machine ab-
straction, used to name both program entry points and threads1.
The current event word is accessible in a special register, and cus-
tomized instructions (ev, evi, evlb) provide convenient masked
field updates, transforming it to trigger needed thread creation or
activation. Memory accesses to DRAM expose split transactions
to software – a message is sent to the memory controller, and the
response (loaded values or write ack) comes in a return message
(also see hw-opn). As with message sending, useful data sources for
stores include scratchpad, registers, or incoming message.

Finally, there are traditional compute instructions (set of integer
arithmetic, floating point operations, bitwise operations), control
flow instructions and load/store instructions to the core scratchpad,
which is only 32KB. So fast access is ensured. Since each core can
access the scratchpad of other cores in its cluster (64 cores), cswp
provides basic synchronization.

Event Word
eventLabelnumOpsthreadIDnetworkID

op
0

evw
0

evw
1

evw
2

OpBuff

EVQ

op
1

op
0

op
1

op
2

op
0

op
1

Figure 5: Events (<event_word,operands>) arrive at Event Queue
(EVQ) and Operand Buffer (OpBuff) for hardware thread manage-
ment. Any operands appear in the register namespace (see Figure 6).

networkID
Current Continuation
Current EventWord
retAddr (operand 8)

Ctrl and Status regs

Operand 0 - 
Operand 7

General Purpose
Registers

X0
X1
X2
X3

X4 - X7

X8 - X15

X16 -
X31

Message Operands
integrated into

Register Namespace

Figure 6: UpDown uses a portion of register namespace for message
operands, supporting efficient short invocations. GPRs and a few
special registers are also directly accessible.

4.2 Implementing UpDown Mechanisms
Each core executes a sequence of events, taken from its local Event
Queue (EVQ) in FIFO order. Each event triggers a thread (existing /
new) that executes on a single-issue in-order pipeline. Hardware
thread contexts provide single-cycle thread switching. Figure 7
shows the UpDown micro-architecture highlighting the novel com-
ponents in yellow.
1In the UpDown system, messages can be sent not only to a core or a memory, but
also to a hardware thread!

DecodeICache

N
/W
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e

From
DRAM,
TOP,
Other
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Registers
(GPRs)Registers

(GPRs)
Registers

(Per Thread
 GPRs) 

ThreadGM

ScratchPad Bank

EVQ
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 Interface To DRAM, 
Other
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Branch
Target
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Fetch / Deode  Execute Writeback

yield/
yieldt

Inst
Execution
Datapath

Instruction
Prefetch

Event Addr

ThreadIDOp
Buff

yield/ yieldt

Load/Store
(scratchpad)

Message Payload 
(from scratchpad)

Message
Payload 

(from
registers)

message /
operands

Send
Buffer

Figure 7: UpDown core has 128 thread contexts activated in single-
cycle by events from the EVQ and OpBuff. ThreadGM activates and
manages threads. Peeking into EVQ[head-1] enables prefetch for the
ICache. Instructions are implemented in Inst Execution Datapath.

4.2.1 Event Driven Scheduling (EDS). Supported by fast switching
enabled by hardware multithreading, EDS efficiently fills the dat-
apath using many threads with irregular execution lengths and
memory latencies. Event-driven scheduling is done by hardware
when the current thread executes yield, freeing the core for the
next event (see Figure 1). Efficient EDS is achieved with 1) FIFO
event scheduling and 2) Single-cycle thread control.

a. FIFO scheduling: Implemented by the Event Queue (EVQ) and
anOperand Buffer (OpBuff), see Figure 7. 64-bit Event words from in-
comingmessages are pushed into the EVQ arrival order (2KB SRAM,
up to 256 event_words). Message data payloads from incoming
messages arrive in the OpBuff (18KB SRAM for 256 messages) (see
Figure 5). The event-driven scheduling is simple, energy-efficient,
enabling scaling to large queues and many cores. This is in con-
trast to complex hardware priority queues in [18, 65]. The OpBuff
presents message operands to threads in their register namespace
as in Figure 6. This eliminates copying message data into registers,
saving instructions in UpDown’s very short thread invocations.

b. Single-Cycle Thread activation: FIFO scheduling and the decou-
pled EVQ and OpBuff enable single-cycle thread activation. The
event_word at the ℎ𝑒𝑎𝑑 of the EVQ contains the threadID used
by the ThreadGM to either activate an existing thread context or
allocate a new one if it is 0xff. FIFO scheduling enables easy iden-
tification of the next thread (existing or current) as well as its in-
structions. Instruction Prefetch peeks into EVQ[head-1] to identify
instructions for the next invocation to feed the decoder and ICache.

UpDown uses the multi-way dispatch mechanisms proposed in
[28, 29] for efficient code layout and address computation (base +
event_label). UpDown thread invocations are short, ∼10-100 in-
structions, and control flow instructions have a short range, further
reducing ICache misses.

4.2.2 Software-controlled Lightweight Threading (SLT). SLT allows
UpDown cores to launch threads using send, sendr, sendops in-
structions. These instructions, which draw inspiration from [19, 59],
format a message using data from the scratchpad, registers, or Op-
Buff, respectively, coupled with an event_word and a continua-
tion_word (that are created using ev, evi, evlb instructions) and
push them through the SendBuffer into the NoC. The event_word
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Table 1: UpDown-ISA Instruction Classes
Instruction Class Instruction Function

Thread Control hw-opn
yield
yieldt

Thread schedule, Thread creation as specified by incoming message
Suspend current Thread (self) and trigger hardware schedule
Terminate current Thread (self) and trigger hardware schedule

Messaging send
sendr
sendops

send 1-8 message words, sourced from scratchpad memory
send 1-4 message words, sourced from registers
send 1-8 words, sourced from incoming message (operands)

DRAM Access
(split-transaction)

sendm
sendmr
sendmops
hw-opn

load/store of 1-8 words DRAM: store data from scratchpad
load/store 1-8 words: store data from registers
load/store of 1-8 words; store data from incoming message (operands)
load message return data or write ack - triggers user-customizable handler

Event-word update ev
evi
evlb

create/update fields in event/continuation_words from registers
create/update fields in event/continuation_words from immediate values
create/update event_label in event/continuation_words from immediate values

Synchronization cswp compare-and-swap across a set of 64 cores scratchpads

Traditional
Instructions

(add, sub, mul, and, or, cgt, ceq, clt) - Integer, (sl, sr, slor, sror, sland, srand) - Bit Manipulation, (beq, bne, blt, bgt) - Control
Flow, (fmadd, fadd, fmul) - Floating Point, (vmadd, vmul, vadd) - Vector (sub-word), (movlr, movrl) - Load/Store scratchpad

includes a networkID that is used for routing. These messages will,
in turn, trigger a thread creation/activation at the destination.

SLT provides direct software control over thread suspension
and termination. Programs can identify variable latency opera-
tions (DRAM access, remote invocation, synchronization) or unpre-
dictable branches, and release the datapath. yield, yieldt instruc-
tions suspend, terminate the current thread, respectively. These op-
erations update EVQ and OpBuff pointers to move to the next event.
The yieldt instruction also deallocates the thread context and
threadID. Both instructions are processed directly by the ThreadGM.
The thread contexts are implemented using banked SRAMs (16 1KB
banks). Each bank supports 128 64-bit registers with GPR names
to select banks. ThreadIDs (0-127) are used to address the SRAMs,
achieving single-cycle thread switching.

4.2.3 Split-transaction Memory Access with software synchroniza-
tion (SMA). UpDown architecture incorporates split-transactions
for DRAM accesses as described in [67], where the authors evalu-
ated benefits on limited workloads. We describe SMA briefly and
in UpDown we integrate it with EDS, allowing software-defined
and hardware events to be treated uniformly. We evaluate SMA on
a broad set of workloads here. Combining SLT with SMA enables
even higher memory parallelism.

In UpDown, SMA treats DRAM accesses as messages. The sendm,
sendmr, and sendmops instructions have an analogous structure
to the messaging operations (see Table 1). These DRAM access
instructions are not only non-blocking, they allow control over the
size of access (1-8 words). sendm instructions initiate loads or stores.
For stores, data can be sourced from scratchpad (sendm), registers
(sendmr), or operands (sendmops). The DRAM load/store messages
are put into the SendBuffer, similar to othermessages. The key is that
the DRAM access messages are non-binding – they do not associate
the returning load data with names (e.g., register, cache block)
or physical resources. This enables effectively unlimited memory
parallelism and flexible custom synchronization as outlined below.

a. Split-transaction DRAM access (non-binding): By treating
DRAM accesses as messages, UpDown splits the memory request
from its response. Because the request is not bound to any resources
(e.g., load/store station, cache miss handling register - MSHR, etc.),
memory parallelism can be scaled without hardware resource limi-
tations [67]. Of course, the request must be identified - first it comes
back to the requesting thread, and the invoked program event uses

the memory address. We will see the new capabilities this creates,
particularly for irregular applications, in Section 5.

Thus, a single UpDown thread can generate 100s of outstanding
memory requests. Parallelism is further scaled up with multiple
cores and accelerators. This allows UpDown’s SMA to generate
enough parallelism for even the most advanced HBMs.

b. Software-name based synchronization: Unlike conventional ar-
chitectures that synchronize a load to its register target, in UpDown,
DRAM responses trigger a user-defined event on a thread specified
by the continuation_word ((networkID, threadID, eventLabel)). The
DRAM return data appears in the OpBuff and is directly accessi-
ble using register names (X8-X15), or specified collectively and
moved with special variants of bcopyops, sendops. Thus, the inte-
gration of the DRAM data into the computation is determined by
the triggered program event. Such DRAM response synchronization
is based on program-defined computation.

To illustrate, consider dot product in Figure 8. One vector is
streamed from DRAM, the other is in the scratchpad. stream_rows
issues concurrent reads of vector in 8-word chunks, specifying
dot_p event for the responses. sendm’s non-blocking property al-
lows the stream_rows loops to produce many concurrent accesses.

Events 

read

dot_p

stream_rows: //stream_rows(base, length)
//X20:base, X21:counter, setup omitted
loop:
    sendm #read, X20, 64, #dot_p
    addi X20, #64, X20
    addi X21, X21, #8
    bgt op1, X21, loop 
    yield

dot_p: //dot_p(data0-7, addr)
    sub op8, X16, X20 //Offset in row
    add X19, X20, X21 //SpAddr of vector
    movlr 0(X20), X21, #8
    fmadd op0, X21, X18
    ...omitted 6 copies...
    movlr 56(X20), X21, #8
    fmadd op7, X21, X18
    subi X17, X17, #1
    beqi X17, #0, done
    yield
done:
    sendr #dp_done, X18, #ignr_cont
    yieldt

Figure 8: Split-transaction and Synchronization on a dot product.

Each DRAM response triggers a dot_p event execution that
computes 8 elements of the dot product and accumulates in X18
(a commutative operation). The red movlr and fmadd instructions
compute one element of the dot product chunk. A full dot prod-
uct is multiple dot_p events, each synchronized by its memory
response and uniquely identified by its memory address. Further,
exclusive access to X18 is ensured by atomic thread execution. To
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synchronize completion of the entire dot product, the counter (X17)
tracks the number of chunks completed, sends a dp_done event with
X18’s value when all chunks are done, signaling the dot product is
complete, and terminates the thread.

Generally, the program triggered by the DRAM access response
is an arbitrary computation that can implement any complex and
application-specific synchronization.

4.3 Event Driven Execution in a UpDown core
Putting it all together, Figure 9 depicts event-driven execution on
an UpDown core. A 2-event program is shown loaded in the core’s
ICache. 1○ shows the structures that use the various fields of an
event word. 2○ Incoming events (memory responses or software
messages) are decoupled, with event_word enqueued in the EVQ
and data payload in the Operand Buffer. 3○When an event_word is
at the head of the EVQ, its event_label dispatches execution to the
right instruction address (EDS). 4○The event_word and its operands
(num_operands specified in event_word) are mapped into thread
namespace, enabling them to be named directly in instructions (X1,
X2, X7-X15). 5○ The threadID is used to activate the corresponding
register context (SLT). 6○ Thread execution can further launch new
events (send) or access DRAM (sendm) respectively (SMA). These
are non-blocking (decoupled by the sendBuffer) and asynchronous
memory references that do not stall the pipeline.
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Figure 9: Logical Event-Driven Execution on UpDown cores.

5 UpDown Programming
A plethora of sparse and graph algorithms, including TC [78], BFS,
PR [89, 95], and SpMM [97], have demonstrated outstanding per-
formance on the UpDown system. These applications use a map-
reduce framework, KVMSR [92] and a C-like system programming
language - UDWeave [30]. UDWeave exposes the key event, mes-
saging, and thread management mechanisms to user programs.
Like C, it provides basic types and data structures and uses intrin-
sics to expose mechanisms. Each computation is a set of threads;
each thread is a set of short, comprised of events that share the
thread state. System-level libraries for flexible thread scheduling
[92] and application-controlled data placement[91] enable easy pro-
gram development. In this section, we illustrate basic UpDown pro-
gramming via UDWeave code snippets from Sparse Matrix-Matrix
Multiplication (SpMM) using Gustavson’s algorithm [32].

5.1 Creating and Controlling Parallelism
The UDWeave code in Listing 1 declares an spmm thread type with
two events. The first event (receive_matrix()) plays the role of

spawning workers. In the for-loop, the evw_new instruction updates
the event word evw to specify launching a new thread executing
event row_worker::init on core nwid, and the send_event in-
trinsic is called to send the message to the target (maps to send and
ev, evlb instructions in Table 1), which immediately schedules the
event once it reaches the top of event queue.

Listing 1: Creating and Controlling Parallel Threads
1 thread spmm { // Thread variable declarations
2 long row_id , counter , total_row;
3 event receive_matrix () {
4 for (counter = 0; counter < NUM_CORES; counter ++) {
5 long evw = evw_new(counter , row_worker ::init);
6 send_event(evw , row_id , worker_ret);
7 row_id = row_id + 1;
8 }}
9 event worker_ret () {
10 if (row_id < total_row) {
11 send_event(row_worker ::init , row_id , worker_ret);
12 row_id = row_id + 1;
13 } else {
14 counter = counter - 1;
15 if (counter == 0) { // Check for termination
16 send_event(compuation_complete);
17 yield_terminate;
18 }}}

After launching the child tasks, spmm thread yields, allowing
the core to be used by other computations (yield at the end of
the events are omitted for space). As specified in the send instruc-
tion, worker threads invoke spmm::worker_ret event on the spmm
thread upon completion, which spawns new tasks if more rows
are remaining or decrements counter and waits for all workers
to return. Note that the work claiming scheme alleviates load im-
balance in irregular applications. Once all workers have returned,
the spmm thread replies to its caller and deallocates itself using
yield_terminate (yieldt instruction).

5.2 Multi-level Memory Parallelism

Listing 2: Fine-Grained Computations and Multi-level Memory Par-
allelism in SpMM
1 thread row_worker {
2 long counter;
3 event init(long row_id) {
4 // Allocate scratchpad for results omitted
5 long* idx_addr = idx_base + row_id * sizeof(long);
6 send_dram_read(idx_addr , 2, launch_nonzero_worker);
7 }
8 event launch_nonzero_worker(long start , long end) {
9 counter = min(end - start , NONZERO_THREADS);
10 for (long i = 0; i < counter; i = i + 1) {
11 send_event(nonzero_worker ::init , val_addr , col_addr , accum

, worker_return);
12 val_addr += sizeof(double);
13 col_addr += sizeof(long);
14 }}
15 event worker_return () {// Check for termination
16 }}
17 thread nonzero_worker {
18 double scale;
19 double* base_addr;
20 double* local acc_addr;
21 int counter , num_completed;
22 event process_nonzero(double* val_addr , long* col_addr , double

* local acc_addr_) {
23 // Fetch col , val addresses into thread variables
24 }
25 event stream_row () {
26 float* addr = mat1_addr + mat1_width * col_idx;
27 for (int i = 0; i < matrix_width; i = i + 8) {
28 send_dram_read(addr , 8, update_accum);
29 }}
30 event update_accum(double v0 ... v7, double* addr) {
31 double* local update_ptr = acc_addr + (addr - base_addr);
32 update_ptr [0] += v0 * scale;
33 ...
34 update_ptr [7] += v7 * scale;
35 // Termination check omitted
36 }}

609



ICS ’26, July 06–09, 2026, Belfast, United Kingdom Rajasukumar, Xu, Zhang, Chien et al.

In Listing 2, each row_worker thread computes a result row, scal-
ing rows from the dense matrix based on nonzeros and adding up
the results. To initialize, it computes its nonzeros’ value and col-
umn index addresses. The row_worker::launch_nonzero_worker
event creates the first level of parallelism across the nonzeros in a
row by launching multiple new nonzero_worker threads running
on the same core. Within each of these, the nonzero_worker::
stream_row event generates the next level of parallelism through
concurrent reads to the entire row enabled by split-transaction
memory access, similar to dot product in Figure 8. These two levels
of parallelism illustrate how programs can use multiple threads and
events to increase program MLP.

5.3 Fine-Grained Computations
UpDown efficiently executes irregular applications with light-
weight threads, scheduling short events. In the event shown in
Listing 2, nonzero_worker::update_accum, the core receives 8
elements from a row of the dense matrix, scales them, and accu-
mulates the results into values in the scratchpad. Processing 8 ele-
ments, the update_accum event executes only 29 instructions (with
counter update, termination check, and yield), far fewer than could
be efficiently scheduled on a conventional core. Moreover, EDS re-
laxes the ordering requirements, allowing any available data to be
immediately used, maximizing UpDown’s ability to hide latencies.

6 UpDown Evaluation
6.1 Simulation Models
We model three systems, an x86 system (BL), an in-order RISC
manycore (IR), and UpDown. Each is configured as in Table 2. The
IR model is based on Hammerblade [42] and performance validated
on GEMM and 2DFFT, matching instruction counts, core utiliza-
tion, and memory activity 2 from [42]. The UpDown model is a
cycle-accurate instruction-level simulator for the UpDown acceler-
ator (cores and scratchpad), integrating Ramulator [53] for HBM2
modeling. We use a channel-level latency and bandwidth model
for HBM3e, since Ramulator does not support it. The model was
calibrated with Ramulator/HBM2 to within 5% on the seven appli-
cations UpDown uses a 3-level NoC with a 2D mesh within acceler-
ators, a switch connecting 8 accelerators in each cluster. The four
switches are connected at the chip level. We integrate Booksim2[40]
to model the accelerator-level NoC and use a latency-bandwidth
model for the cluster-level and chip-level switches.

6.2 Methodology
We use a variety of workloads: 3 graph workloads - Breadth-
First-Search(BFS), PageRank(PR), Triangle Counting(TC), 2 sparse
computations - Sparse-Matrix-Vector product(SpMV) and Sparse-
Matrix-Dense-Matrix product(SpMM), described in Section 5, and
2 dense computations - Dense-Matrix-Matrix product(GEMM) and
2D Fast-Fourier-Transform(2DFFT). The datasets are listed in Ta-
bles 4 and 5. For GEMM, we use 512×512×512 with a batch size
64 (M512) and for 2DFFT, an 8k×8k (M8K) and 16k×16k (M16K)

2From the Hammerblade authors, we learned that HB performance was extrapolated
from 128 PE simulations – 1/64th of a full chip design. Our model enables modeling
the full Hammerblade chip (8192 cores + HBM). Note that in the HB paper, what is
reported as memory utilization is actually memory activity.

Table 2: System Configurations
System Configuration

Baseline
(BL)

20 x86 Intel (Skylake), OoO cores, @2GHz; Intel Xeon Gold 6138
L1d: 32KB, L1i: 32KB, L2: 1MB per core; L3: 27.5MB shared
DDR4 with 128GB/s

In-order
RISC (IR)

8192 cores (@1.35GHz + 4KB scratchpad) + 2048 cache tiles (32KB per tile),
HBM2 x4 stacks @256GB/s each (16x channels / stack)
NoC latency (cycles): Intra Accelerator - 8, Intra Cluster - 32, Chip - 64

UpDown (UD)

2048 cores (@2GHz + 32KB scratchpad)
HBM3e x4 stacks @1200GB/s each (16x channels / stack)
Accelerator NoC: 4x4 CMesh (Flit-width:256b, #VCs:4 #Buffs:4)
Cluster Switch: 14x14x8 clos switch @3GHz (Flit-width:256b, #VCs:4 #Buffs:4)
Chip Switch: 4x4x48 clos switch @3GHz (Flit-width:256b, #VCs:4 #Buffs:4)
Modeled Switch Latency (cycles): Intra Cluster - 16, Chip - 32

H100 GPU 16,896 cores (@1.59GHz + 256KB (per SM) L1 + 50 MB L2 cache)
HBM3 with 3.35TB/s

input. BL performance for BFS, PR and TC is from [12] and for
SpMV, SpMM3, and GEMM from [38], and 2DFFT from mkl_fft [62].
The GPU graph applications’ performance is cuGraph[17] from
the RAPIDS ecosystem[82]. We use the PyTorch[11] for SpMV and
SpMM. We define the metrics used for evaluation in Table 3.

Table 3: Metrics
Metric Definition

Runtime (Seconds) Execution Time

Instruction Throughput Total Instructions Executed / Runtime

Application Memory BW (GB/s) DRAM Read+Write bytes / Runtime

Memory Utilization Application BW / System BW

Memory Level Parallelism (DRAM requests) Application Memory BW * Average Access
Size / Memory Latency

Table 4: Real-World and Synthetic Graph Datasets
Dataset #Vertices #Edges Max deg Avg deg

hollywood (HW) [22] 1,139,905 112,751,422 11,469 100

com-Orkut(OR) [98] 3,072,441 117,185,082 33,313 76

Patents(PA) [47] 3,774,767 16,518,948 793 8

liveJournal (LJ) [22] 5,363,260 50,545,899 19,432 18

RMAT-s23 (S23) [83] 4,611,337 129,336,873 258,278 56

RMAT-s25 (S25) [83] 17,062,371 523,599,001 639,686 61

Table 5: Sparse Matrix Datasets
SpMV Dataset #Rows #Columns #Nonzeros #NNZ per Row

ML_Geer (ML) [22] 1,504,002 1,504,002 110,879,972 73.72

HV15R (HV) [22] 2,017,169 2,017,169 283,073,458 140.33

stokes (ST) [22] 11,449,533 11,449,533 349,321,980 30.51

uk-2005 (UK) [22] 39,459,925 39,459,925 936,364,282 23.73

SpMM Dataset #Rows #Columns #Nonzeros #NNZ per Row

amazon-2008 (AM) [22] 735,323 735,323 5,158,388 7.02

nv2 (NV) [22] 1,453,908 1,453,908 52,728,362 36.27

italy_osm (IT) [22] 6,686,493 6,686,493 14,027,956 2.10

delaunay_n23 (DE) [22] 8,388,608 8,388,608 50,331,568 6.00

3Similar to GNN aggregate kernels in DGL[88] with matrix width of 256
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Figure 10: UpDown Speedup versus BL, varied workloads and datasets.
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6.3 Performance Analysis
6.3.1 Comparison to Baseline (BL) multicore. Experiments show
the benefits of manycore - UpDown achieves 7x, 6x, 22x, 62x, 32x,
66x, and 81x geomean speedup over the baseline multicore system
on GEMM, 2DFFT, SpMV, SpMM, PR, BFS, and TC, respectively
(see Figure 10). This outperformance is remarkable, considering
that BL requires nearly twice the area of an UpDown system (see
Section 6.6).

SpMV and SpMM perform irregular data-dependent memory
accesses, which makes prefetching ineffective. UpDown can gener-
ate memory parallelism, achieving higher performance when data
no longer fits into the cache. For GEMM and 2DFFT, despite BL’s
8x compute advantage due to the AVX-512, UpDown’s compute
parallelism delivers 7x and 6x performance improvements.

The graph algorithms (PR, BFS, TC) all exploit UpDown’s mech-
anisms to utilize fine-grained vertex and edge parallelism. This en-
ables them to tolerate the extreme skew of these real-world graphs

and effectively exploit their greater parallelism to achieve geomean
speedups of 32x, 66x, and 81x.

6.3.2 Feature-wise Performance (normalized). To understand the
source of the performance gains and the contribution from Up-
Down’s mechanisms, we compare UpDown to a normalized IR
system, matching the clock rate (2GHz), number of cores (2K),
and memory system (HBM3e). We incrementally add SMA, SLT,
and EDS mechanisms (see Figure 11), and report the instruction
throughput for the 2K cores and application memory bandwidth on
4 memory stacks. Results are the geomean for each application over
a set of graph inputs. The experiment results isolate the benefits of
each mechanism, highlighting that each application needs different
mechanisms. SpMM benefits most from SMA, increasing achieved
memory bandwidth dramatically, and thereby achieving 4.3x per-
formance advantage. PR and BFS benefit from EDS, achieving 5.9x
and 5x better performance. TC and 2DFFT also benefit considerably
from EDS, but also SLT, growing performance significantly. The
in-order cores perform better on TC and 2DFFT, so the relative
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performance increases are only 2.8x and 2.4x. SpMV was omitted
because it was difficult to create a fair comparison. Overall, the
benefits range from 2.4x to 5.9x in performance, and 2.2x to 23.3x in
memory utilization. These results show how UpDown mechanisms
increase the productivity of the datapaths.

6.3.3 Overall Performance (Chip-level). Design of a manycore chip
is a tradeoff between the complexity of the building blocks, and the
number that can be included. As described in Section 6.6, each Up-
Down core is larger than the IR cores due to the hardware required
for its novel mechanisms described in Section 4. So in Figure 12,
we make an iso-area comparison 2K core UpDown and 8K core IR.
The IR chip is designed for 2.7x higher instruction issue rate.

We compare the speedups of UpDown and IR with BL as the
reference, and vary the memory systems (HBM2 and HBM3e). Re-
ported performance is the geomean over varied input datasets. The
experiment results show that IR matches or slightly outperforms
UpDown with HBM2. However, with more memory bandwidth
available, UpDown outperforms IR on all of the applications. This
outperformance is significant, ranging from 1.2x to 3.3x. Geomean
improvement is 2.0x relative to IR+HBM3e, and 3.1x relative to
IR+HBM2. These results show that despite the greater compute po-
tential of IR, its cores and caches cannot exploit increased memory
bandwidth to scale up for irregular apps. In contrast, UpDown con-
tinues to increase performance as memory bandwidth grows.

Discussion on memory bandwidth: The in-order cores of IR
are memory-bound on most irregular applications. Despite modi-
fication of the cores to support 63 non-blocking memory, perfor-
mance does not scale beyond HBM2. In contrast, UpDown’s cores
use EDS, SLT and SMA to exploit increased memory bandwidth,
generating many memory requests.

6.3.4 Feature-wise performance (Chip-level). We compare chip-
level performance of UpDown and IR, iso-area, in Figure 13. This
study drills down into how UpDown can outperform an equivalent-
size IR chip, despite having many fewer cores. We add the novel
UpDown mechanisms incrementally and show the performance
uplift for each in a stacked bar chart.

Similar to Figure 11, the three mechanisms (SMA, SLT, and EDS)
contribute different amounts for each application. Here, we see
graphically how the benefits per-core, translate into speedups and
outperformance of IR at the chip-level. The red bars show EDS is
the biggest performance contributor, and improves all applications,
but notably the graph computations and SpMV. The second is SMA,
which significantly enhances SpMM performance. Finally SLT is a

consistent contributor across most of the applications. For regular
applications, geomean improvement is 2.9x. For the sparse matrix
and graph applications, geomean improvement is 3.2x. Overall there
is 1.9x (EDS), 1.4x (SLT), and 1.4x (SMA) performance advantage
from the three mechanisms.

6.4 ManyCore Scaling: Compute and Memory
Limits

An efficient manycore design should scale with increased compute
resources (cores) and memory resources (bandwidth). In Figure 14,
we explore UpDown scaling. The orange line shows scaling with
infinite bandwidth and the red line shows the actual scaling for Up-
Down for various numbers of cores. Recall that UpDown delivered
high performance for all of these benchmarks with 2K cores (Figure
10).
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Figure 14: UpDown performance scaling shows that 2K-core is a
good match for several applications, but 4K-core in a more advanced
process might better exploit full HBM3e bandwidth.

Two matrix-based applications (SpMM and 2DFFT) see declining
performance increases beyond 2K cores (note the log-log scale).
For these applications, 2K UpDown cores is a good balance to the
memory system. For SpMV, the performance benefit for scaling is
better; similar to the graph applications (PR, BFS, and TC), perfor-
mance increases nearly linearly to 4K cores and a tail-off beyond
that. This suggests a UpDown with 4K cores (in denser Si process)
might better exploit HBM3e memory bandwidth.

UpDown’s Split-transaction Memory Access with software
synchronization (SMA) mechanism, combined with Software-
controlled Lightweight Threading (SLT), empowers applications
to create high levels of memory level parallelism (MLP) critical to
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Figure 15: UpDown achieves higher MLP despite only 1/4 the cores,
generally producing much higher performance.

effectively utilizing HBM. In Figure 15, we explore the relation-
ship of MLP and performance. We ran each of our kernels on the
full UpDown and IR systems, producing a performance and MLP
scatter-plot. The results show that despite having many fewer cores,
UpDown achieves much higher MLP than IR for all kernels – uti-
lizing the HBM better. Further on UpDown, nearly all the kernels
(2DFFT, SpMV, SpMM, PR, and BFS) show excellent performance
scaling with large increases (3x) proportional to increased MLP
(4.5x). Only TC, which becomes compute-bound for most graphs,
fails to benefit as IR’s caches maintain performance while reduce
memory traffic.

6.5 Performance Impact of Network-on-Chip
Latency

One key benefit of the UpDown approach is latency tolerance, that
is crucial for scaling to high core counts. We vary NoC latencies
(inter-accelerator and inter-cluster) in Figure 16, considering both
lower and higher latencies. On the left, we show IR’s performance
with 0.5x to 4x our design latency. The IR cores are highly sensitive
to NoC latency, with performance dropping as much as 60% (and a
mean of 43% at 4x latency) compared to 0.5x. IR’s single-threaded
in-order cores cannot tolerate longer NoC latency to the cache,
much less to DRAM.

In contrast, UpDown performance remains high even with 4x
greater NoC latency. EDS and SMA enable memory parallelism and
allow programs to loosen ordering requirements for processing
memory responses. SLT can avoid stalling after issuing memory
requests; another thread can be selected, providing additional in-
struction streams to fill the datapath. Because of the benefits of
UpDown’s three novel mechanisms in tolerating variable and high
latencies, experiment results suggest that an UpDown with 4x NoC
latency (e.g., 16x cores, additional memory bandwidth) could show
excellent efficiency.

6.6 Area and Power Analysis
Finally, we evaluate area and power. UpDown core RTL has been
synthesized and timing closed at 2GHz.The interconnect (NoC +
switches), was generated using Constellation [105], and synthesized
at 3GHz. Synopsys SAED 14nm [80] libraries were used for both.
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Figure 16: IR performance (left) declines with increased NoC latency
due to limited latency tolerance. UpDown’s performance (right) does
not, suggesting better scalability to higher core counts.

SRAM area is estimated using CACTI 3D [49] in 28nm and scaled
to 14nm using scaling laws in [77].

Table 6 shows the UpDown core area, including the NoC router
and scratchpad (1 per core) area. The full UpDown chip (2048 cores)
is 348 mm2, which is similar in area to the 8192-core HammerBlade
[42] and 2x smaller than the out-of-order multi-core baseline, which
has an area of 694 mm2 [96]. Compared to an in-order RISC, each
UpDown core is roughly 4x larger, but achieves much higher perfor-
mance. The larger area is a good investment as the UpDown chip is
3.1x more area efficient (perf/mm2) than the IR chip. UpDown chip
power is 59W based on the dynamic and leakage power reported
during synthesis by Synopsys DC [80], below typical CPU pack-
age limits and the Baseline CPU’s (Intel Xeon Gold 6138) 125W
TDP[96].

Table 6: Chip Area Estimates [14nm]
Component Area (mm2)

1 UpDown Core 0.1041

1 UpDown Scratchpad (32KB) 0.0337

1 UpDown Accelerator (64x Cores + 64x Scratchpads + 2D-cmesh) 9.47

1 UpDown 14x14 Cluster Switch 10.71

1 UpDown Cluster (8x Accelerators + Cluster Switch) 86.47

1 4x4 Chip Switch 1.97

UpDown chip (4 Clusters + Chip Switch) 347.85

InOrder (IR) Chip (8k cores, NoC routers, local memory) 310.00

Baseline (BL) Chip (20 OoO cores, L1, L2, L3 caches) (Intel Xeon Gold 6138) 694.00

6.7 Comparing UpDown to GPUs
Next, we compare UpDown to an H100 GPU (TSMC 4N). We nor-
malize area, scaling UpDown’s area to 5nm makes it 103𝑚𝑚2 (logic
and SRAM scaling laws from [77] and [99]). UpDown’s ISO-area
performance is 20x greater, geomean (Figure 17). This reflects the
effectiveness of manythreading (and MIMD) for datapath utilization
on irregular applications.

7 Discussion and Related Work
The full UpDown system [16] is a 16,384 Updown node graph super-
computer designed under the IARPA AGILE program[1]. Nodes are
connected by a high-bandwidth, low-diameter network [45], with
latency of 0.5 microseconds and > 50 petabytes/ second bisection –
50x greater than today’s largest supercomputers.
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ious irregular applications. The 20x improvement shows that Up-
Down utilizes its datapaths more effectively.

In this paper, we focus on the UpDown chip, which achieves high
performance with 2,048 cores and high core utilization. The key
is architectural mechanisms (event-driven scheduling, software-
controlled lightweight threading, split-transaction memory access
with software synchronization) that effectively exploit many un-
predictable threads to fill datapaths. These approaches build on our
prior research [28, 29, 67] and a variety of research in manycore,
multithreading, and event-driven architectures.

7.1 Manycore Architectures
Manycore architectures refers to single-chip processors with 100’s
to 1000’s of cores. Typical compute building blocks for manycores
are in-order cores, chosen for their simplicity that produces small
area and energy efficiency. To date, most manycore systems employ
coherent data caches in a single address space [2, 21, 24, 25, 42, 63,
81], similar to commercial multicores [3, 55].

In-order cores have limited capability to tolerate cache misses
or branch mispredictions, producing low datapath utilization on
irregular applications. Research designs such as Intel’s PIUMA add
multithreading and special memory offload engines [2], and Ham-
merBlade eschews multithreading but allows a single thread to have
63 outstanding memory requests [42]. In contrast, UpDown intro-
duces SMA for unlimited outstanding memory accesses, and EDS
and SLT for programmable composition to fill the datapath.

7.2 Multi-thread and Many-thread
UpDown’s many thread model can be viewed as multithreading
with coarse interleaving (10-100 instructions). This differs from
most prior multithreaded processors that interleave individual in-
structions from multiple threads [3, 48, 55, 74, 84]. These designs
have had challenges in scaling to large numbers of hardware threads
with difficulty scaling clock rates and achieving high single-thread
performance [74, 84]. An outlier, Cyclops64 [23] sought to use many
threads, but had high context switch costs. UpDown’s approach
has several benefits: 1) Running one thread at a time simplifies
the core, easing implementation (e.g., register file, execution unit
scheduling, etc.). Simpler cores enable a large number of threads
(128). 2) Running one thread at a time simplifies programming. Each
thread has exclusive access to the scratchpad while running, easing
coordination amongst a core’s threads [33, 34]. 3) Explicit threading
control by programs (e.g., SLT, EDS) manages long-latency opera-
tions at low switching cost. For example, a group of split-transaction
memory references create MLP and overlap latency.

7.3 Event-driven Architectures
The value of event-driven execution for parallel computing is well-
known [6, 26, 43, 46, 58, 59, 65, 69, 79, 93]. Early examples, J-machine
and *T, both included hardware-supported message queueing and
task scheduling followed by commercial systems with active mes-
sage mechanisms [43, 86]. Cerebras schedules threads based on
data arrival events, but relative to a programmed virtual topology,
limiting it to systolic array-like programs [50]. The UpDown system
blends EDS with mechanisms for short threads, program thread
management, and lightweight messaging to achieve high datapath
utilization. Together these enable UpDown to deliver high perfor-
mance without data caches.

7.4 Memory Parallelism
Approaches for generating memory parallelism include stream-
ing registers [54, 70, 71, 94, 101], speculative execution [57], de-
coupled access and execute [64, 76], slice cores [13] and multi-
threading [74, 84]). But in most systems, these will access a cache,
so increasing memory parallelism depends on mechanisms that
prefetch into cache or local memory with hardwired logic [87, 100]
or programmable primitives [72, 73, 102, 104]. UpDown incorpo-
rates instructions for non-binding DRAM access (launching split-
transaction), giving programs direct control of access parallelism
and size. Programs can create the desired memory parallelism (mul-
tiple accesses) and structure (size). UpDown’s single instruction
message primitives build on the J-machine send [20]. But, using
them for direct DRAM access is novel to UpDown.

8 Summary
We presented the architecture of an efficient manycore building
block - UpDown. Its novel core achieves efficient computation by
exploiting many threads through a novel synthesis of three mecha-
nisms: 1) Event-Driven Scheduling (EDS), 2) Software-controlled
Lightweight Threading (SLT), and 3) Split-transaction Memory
Access with software synchronization (SMA). These mechanisms
enable fine-grained computations and scalable memory-level paral-
lelism, which are fundamental to achieving scalable performance
on a diverse set of applications. Our evaluation examines these
mechanisms in a 2,048-core UpDown chip, showing significant
speedups over multicore and manycore architectures.
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