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ABSTRACT

PARAGRAPH is an open-source toolkit for use in co-designing hard-
ware and software for supercomputer-scale systems. It bridges
an infrastructure gap between an application target and existing
high-fidelity computer-network simulators. The first component
of PARAGRAPH is a high-level graph representation of a parallel
program, which a) faithfully represents parallelism and communi-
cation, b) can be extracted automatically from a compiler, and c)
is “tuned” for use with network simulators. The second is a run-
time that can emulate the representation’s dynamic execution for a
simulator. User-extensible mechanisms are available for modeling
on-node performance and transforming high-level communication
into operations that backend simulators understand. Case studies
include deep learning workloads that are extracted automatically
from programs written in JAX and TensorFlow and interfaced with
several event-driven network simulators. These studies show how
system designers can use PARAGRAPH to build flexible end-to-end
software-hardware co-design workflows to tweak communication
libraries, find future hardware bottlenecks, and validate simulations
with traces.
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1 INTRODUCTION

We consider the co-design process for future high-performance
multi-node cluster and supercomputer systems. In that setting,
designers build workflows that necessarily employ simulators of
the interconnection network [11]. We perceive a technical gap
in this process, namely, the lack of a flexible and efficient means
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of representing application workloads and composing them with
simulation tools. The challenge is how to model the high-level
behaviors of an application while still making the model easy to
integrate with network simulators.

By way of explanation, consider a typical simulator of a high-
performance interconnection network [8, 19, 32, 43]. It is a discrete-
event simulator with a limited interface for specifying workloads:
a workload “enters” the simulation as a sequence of timestamped
network message injection or extraction events at certain end-
points (or terminals), typically corresponding to a network interface
controller (NIC). Between such events, whatever happens on the
compute node is abstracted away by delays between timestamps.

To conform to this interface, there are three basic strategies: ana-
lytical application models, synthetic traffic generators, and network
or communication traces. Analytical models are fast to evaluate but
challenging to design for anything other than small kernels. Gener-
ators can represent traffic patterns but ignore all other aspects of
a computation that might significantly affect those patterns. (This
limitation typically holds, we would argue, even for motifs [43],
which may be viewed as complex traffic generators.) And traces can
represent communication in great detail but can also be extremely
large, “overfit” to existing systems on which they were captured,
and typically lack any node-level detail. These limitations restrict
the hypothetical designs or scenarios one might otherwise explore.

This situation is problematic for co-design because applications
embody many design choices, which current simple simulator in-
terfaces betray (Section 2). Consider two examples. First, commu-
nication patterns may be much more complex than what simple
sequences of send and receive events convey. An application might
invoke collective communication operations, like all-to-all or all-
reduce operations, through Message Passing Interface (MPI) mid-
dleware [53]. Such collectives have many possible implementations,
with choices made according to the network’s characteristics and
the application’s characteristics, including message frequency and
sizes. For example, an optimal implementation of a collective com-
munication operation on a fat tree topology might differ from one
on a torus. Second, node design and network design interact, funda-
mentally. For instance, one result for multidimensional distributed
fast Fourier transforms (FFTs) says that one can tradeoff the volume
of intranode (memory hierarchy) communication with network
communication [56]. This scenario reflects an algorithmic design
choice as well as the importance of the node itself: one might want
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to adjust the parameters of the node that affect its intrinsic flop-
to-byte ratio against the parameters of the network that affect its
latency and bandwidth. These examples suggest that the structure
of applications is rich and fluid, yet in practice, the conventional
ways of representing workloads—via analytical models, genera-
tors, or trace-driven methods—have intrinsic limitations that will
frustrate attempts to incorporate such structure.
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Figure 1: ParaGraph organization, including bridge with high level compiler,
instruction translation, and interfacing with simulators through end-point
model running ParaGraph runtime.

PARAGRAPH is our attempt to improve how applications are mod-
eled and integrated into the simulation workflow for multi-node
systems co-design (Section 3). It sits between a “frontend” applica-
tion and a “backend” simulator, as illustrated in Fig. 1. PARAGRAPH
defines a native graph-based intermediate representation (IR) of the
application and a runtime that can interpret this IR for the hardware
simulator. PARAGRAPH’s IR comes from a direct translation of the
compiler’s IR of the application, and the runtime is easy for the
simulator to use. Thus, PARAGRAPH provides a natural bridge be-
tween the application and the simulator. Importantly, PARAGRAPH
is not itself a simulator; rather, it is a framework for modeling dis-
tributed applications for use with simulators. One may view it as a
productivity tool for people who design large-scale systems.

The PARAGRAPH IR statically expresses the structure of high-
level control and data dependences in the program (Section 3.1).
It explicitly represents parallelism and communication, including
collective operations, and is single-program multiple-data (SPMD)
in style. It optionally permits inclusion of profile information. PARA-
GraAPH’s IR derives from Google’s High-Level Operations (HLO) IR,
and it is straightforward to convert programs compatible with the
Accelerated Linear Algebra (XLA) domain-specific compiler into
PARAGRAPH’s IR [15]. Today, such programs include large-scale dis-
tributed deep learning computations written in TensorFlow or Py-
Torch [1, 39], which is one target of our work; there is also an emerg-
ing generation of scientific computing programs being written to
use JAX, a NumPy-compatible drop-in for graphics co-processor
(GPU) and Tensor Processing Unit (TPU) systems [4, 16, 24, 46].
PARAGRAPH’s scope of application targets is the class of SPMD ap-
plications represented as graphs, e.g., XLA HLO or CUDA graphs.

But where HLO and the like are traditional compiler IRs designed
to assist in program analysis, optimization, and code generation
for a backend processor [7, 15, 28, 44], PARAGRAPH's IR comple-
ments compiler IRs: it is simplified and designed for interfacing with
network simulators. For example, PARAGRAPH provides extensible
mechanisms for lowering its IR to substitute different collective
communication algorithms and can also store profile data or gener-
ate delay information needed by the backend simulator (Section 3.2).
It does so using existing compiler infrastructure to perform IR-to-IR
transformations, not source-to-source translation. It expects appli-
cations that are already represented as computational graphs. This
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aspect of PARAGRAPH confers additional benefits: it requires no
code alteration, no code annotation, and no domain expertise, un-
like other methods. A designer runs the application, stores its graph,
and then is ready to model its execution.

To use this IR to emulate a workload, a simulator invokes PARA-
GRrAPH’s runtime through a thin application programmer inter-
face (API) (Section 3.3). The design of this API is informed directly
by the needs of simulators, so interfacing with it needs only a mod-
icum of code. PARAGRAPH’s runtime interprets the IR and translates
its operations into events for the simulator as needed.

Using PARAGRAPH, one can flexibly build any number of model-
ing workflows, a claim which we demonstrate through a series of
case studies (Section 4). These include an exploration of hardware
and software configurations to optimize the performance of all-
reduce; TPU trace matching on MLPerf training benchmarks; and
running a deep learning application on a vendor-specific simulator,
utilizing multiple frontend frameworks and backend simulators
across tasks. The case studies consider the system-level co-design
tasks where GPUs and accelerators like TPUs are modeled, whereas
prior work has tended to focus on combinations of CPU + MPI, sin-
gle node co-design, or software optimizations for existing hardware.
We also discuss validation of PARAGRAPH against TPU traces (Sec-
tion 4.2). As far as we know, no comparable infrastructure to bridge
applications and network simulation in support of such multi-node
co-design tasks exists today.

2 RELATED WORK

Many methods exist to model hardware for future large-scale sys-
tems. They differ in modeling fidelity, flexibility, scalability, and ease
of use. The main categories of methods are analytical performance
modeling, modeling with cycle-accurate or cycle-approximate sim-
ulators, and hardware prototyping. We summarize these techniques
below except for hardware prototyping, as our focus is on analytical
and software-based simulation techniques.

Analytical models such as LogP predict performance given the
amount of communication, available injection bandwidth, and la-
tency [9]. These models assume idealized network behavior and
typically yield asymptotically accurate scaling predictions. Roofline
models are another category that can include network communica-
tion [5, 58]. These models are the easiest to use but provide limited
fidelity. They only consider injection and ejection link utilization
and cannot model in-network congestion, arbitration, or adaptive
routing. PARAGRAPH uses rooflines to estimate node performance
(computation instructions and memory access time) and interfaces
with a simulator for modeling of dynamic network behavior. Future
work will explore the use of event-driven models for other system
components, like the memory system, to provide higher fidelity
on-node performance predictions.

Network simulators are the most popular tools for large-scale
system research, as they model networks with high fidelity, which
is the distinguishing feature of multi-node systems. However, it
is typical for network simulators to oversimplify application and
node models. Simulators for HPC networks, like booksim [19] and
SuperSim [32], rely on simplistic synthetic traffic generators. Many
simulators, e.g., the CODES simulator [8] with the TraceR trace
reader [18], provide trace-driven application modeling by replaying
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dependency-oriented MPI trace logs. Simulators for internet and
data center networks, like NS [35] and OMNeT++ [54], implement
communication protocols, e.g., TCP, IP, parts of system-level soft-
ware implemented in the Linux stack. However, they also rely on
artificial traffic generators to produce simulation inputs, and there
is no direct modeling support for the structured (e.g., collective)
communication typical in HPC and deep learning (DL). PARAGRAPH
does not compete with these simulators directly. Instead, it is de-
signed to provide application models and communication protocols
to such simulators.

The Structural Simulation Toolkit (SST) permits simple artificial
traffic patterns, but also allows MPI and SHMEM application models
called motifs [43]. Motifs are skeletal versions of the program with
fixed compute times and predefined communication patterns, typi-
cally hand-crafted with the help of an application domain expert.
PARAGRAPH can describe application models using its IR, similar
to how motifs work. However, it also allows automatic workload
extraction if used with existing compiler infrastructure. SST also
provides source-to-source skeletonization via the LLVM compiler
infrastructure [57], but this feature requires domain experts to an-
notate the code with pragmas manually. PARAGRAPH builds on XLA
HLO [15], a higher-level compiler infrastructure, as described in
Section 3. PARAGRAPH overcomes several limitations of SST. It sup-
ports multiple frontends and backends, e.g., for TPUs, GPUs on the
backend, non-MPI and non-SHMEM applications, DL applications
on the frontend. It provides automatic workload extraction via IR-
to-IR transformation, with no annotation and no domain expertise to
alternate the code. This approach also provides better correlation
between real applications execution and their model as exactly the
same code is executed in both hardware and simulator.

ASTRA-SIM facilitates HW/SW co-design by providing applica-
tion models and describing system-level software such as communi-
cation libraries [42]. However, it focuses on DL application models
exclusively and implements them using parameterized traffic gen-
erators that are similar to SST motifs. By contrast, PARAGRAPH can
extract DL application models directly from high-level frameworks
like TensorFlow and JAX [1, 4], which allows PARAGRAPH to use
new models and support more types of applications.

Detailed models, such as those described with register transfer
language (RTL) or cycle-accurate models, provide the best applica-
tion and node fidelity. Many of them, such as the gem5 full-system
simulator, can execute full programs [3], albeit with a large slow-
down and a focus on modeling a single node. Gem5 uses Garnet [2],
the network simulator designed to model Networks-on-Chip (NoC)
with limited scalability. This fact and the focus on fine-grained
CPU instructions make gem5 hard to use in large-scale system
modeling. There are several fast FPGA-driven simulators available
for system modeling tools. QFlex [38] supports full-system mod-
eling and multi-node systems but focuses on a smaller scale and
needs QEMU integration. DIABLO [52] provides an FPGA-based
evaluation methodology for warehouse-scale computing (WSC),
allowing the modeling of systems of size O(1,000) to O(10,000)
nodes, but it is also tied to a CPU-based simulator that only im-
plements the SPARC v8 architecture. PARAGRAPH’s representation
works with coarser-grained HW-agnostic instructions, such as a
“matrix multiply instruction” That approach allows PARAGRAPH
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to reduce modeling time significantly and provides flexibility to
model systems built with GPUs and other accelerators.

There is existing work to couple compiler-derived IRs, like LLVM,
with cycle-accurate simulators [27, 29, 30, 50]. These focus primarily
on single-accelerator and networks-on-chip design, as opposed to
multi-node system-level networks as with PARAGRAPH. The distinct
problem PARAGRAPH addresses is the development of an IR that is
higher-level than a compiler IR and being easy to integrate with
simulators.

Being adapted from HLO’s IR, the PARAGRAPH IR shares features
with other parallel IRs, like PDG [13], SPIRE [21], LLVM PIR [22],
HPVM [25], Intel’s ISPC [40], and HSAIL [45]. However, most of
these focus on code generation for SIMD/SIMT units and address
SPMD hardware that utilizes a shared address space. SPIRE mod-
els explicit send and recv instructions but lacks collectives like
AllReduce and A11ToAll as first-class entities. Several DL-focused
IRs, like TVM, Glow, and Halid, focus on a single-processor perfor-
mance and lack native support for collectives [7, 41, 44]. ProGraML
focuses on optimizing single-processor code using machine learning
algorithms [10]. Finally, XLA HLO and Multi-Level Intermediate
Representation (MLIR) are similar to PARAGRAPH in their support
of communication instructions but lack point-to-point communi-
cations [15, 28]. Compared to all of these efforts, PARAGRAPH is
distinct in targeting network simulators for distributed systems,
which permits aggressive simplification of the program represen-
tation. For instance, PARAGRAPH needs no support for optimizing
transformations and does not need to maintain a fully executable
program representation.

3 PARAGRAPH ARCHITECTURE

The high-level workflow of PARAGRAPH that we sketched in Fig. 1
is further expanded and refined in Fig. 2. Its three key components
are the PARAGRAPH IR, its translator, and a runtime, summarized
next and then elaborated upon in Sections 3.1 to 3.3.

To start, an application code (Fig. 2a) is compiled using existing
tools to produce a standard IR. For example, the XLA compiler might
produce the HLO IR shown in Fig. 2b. (The code fragments of Fig. 2
have been simplified for ease of presentation.) This IR is a parallel,
near-source level, graphical representation, and is designed primar-
ily for program analysis and optimization. Importantly, HLO’s IR
expresses a distributed-memory parallel computation in a SPMD
style; regard the IR as representing the program process-code that
is replicated and run on every node of a distributed-parallel sys-
tem. In this example, all data arrays refer to local data, e.g., the
single-precision 64 X 1024 array named %input.1 is local to each
process. (HLO has additional data attributes, not shown, for describ-
ing distributed arrays.) Operations are expressed at a high level,
e.g., %FeedForward.4 is the local result a call to dot, which multi-
plies two local matrices (here, 32-bit floating-point operands of size
64 X 1024 and 1024 X 10). Communication is explicit. Here, the call
to all-reduce performs a collective matrix-all-reduce among three
processors. (In HLO, the number of processors is instantiated in
the IR; one sees this fact in this example as the “replica group” with
three ranks, 0, 1, and 2.) Lastly, the IR expresses control or data de-
pendences among the operations, e.g., dot produces %FeedForward. 4,
which a subsequent add consumes.
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(a) Pseudocode (b) HLO IR

import tensorflow as tf input.1 = £32[64,1024]{0,1} parameter(8)
input, target = load_data(64)
model = tf.keras.models.Sequential([

tf.keras.layers.Flatten(input_shape=(1024,)),
tf.keras.layers.Dense(10)

%weight.2 = f32[1024,10]{1,0} parameter(1)

%target.3 = £32[64,10]{1,0} parameter(2)

hs_contracting_dims={0}, rhs_contracting_dims={1}
loss_fn = tf.keras.losses.MeanAbsoluteError()

model.conpile(loss=loss_fn)
model.fit(input, target)

1hs_contracting_dims={0}, rhs_contracting_dims={0}

replica_groups={{0,1,2}}

Fmmmmmmmmmmmmmmmmmmmm

(d) ParaGraph/HLO graph

(e) ParaGraph graph after translation

%FeedForward.4 = £32[64,10]{1,0} dot(f32[64,1024]{0,1} %input.1, f32[1024,10]{1,0} %weight.2),

%Activation6rad.5 = £32[64,10]{1,0} add(f32[64,10]1{1,0} %FeedForward.4, £32[64,10]{1,0} %target.3)
%Weightrad.6 = £32[1624,10]{1,0} dot(£32[64,1024]{0,1} %input.1, £32[64,10]{1,0} %Activation6rad.5),

%WeightAllReduce.7 = £32[1024,10]{1,0} all-reduce(f32[1024,10]{1,0} %Weight6rad.6),

(f) ParaGraph API

input, weight, target ->
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(c) ParaGraph IR

%input.1 = delay(), bytes_out=262144, seconds=0.250

%weight.2 = delay(), bytes_out=40960, seconds=0.039

%target.3 = delay(), bytes_out=2560, seconds=0.002

%FeedForward.4 = delay(%input.1, %weight.2), bytes_in=383104,
bytes_out=2560, flops=1310720, seconds=1.25

%ActivationGrad.5 = delay(%FeedForward.4, %target.3), bytes_in=5120,
bytes_out=2560, flops=640, seconds=0.607

sWeight6rad.6 = delay(%input.1, %ActivationGrad.5), bytes_in=264764,
bytes_out=40960, flops=655360, seconds=0.625

%WeightAllReduce.7 = all-reduce(%WleightGrad.6), bytes_out=46960

communication_groups={{@,1,2}}
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Figure 2: The PARAGRAPH workflow. (a) Application (pseudocode); (b) compiler IR; (c) PARAGRAPH IR, derived from the compiler IR; (d) a visual graph represen-
tation of the dependences encoded by an IR; () an example of substitution and lowering of an all-reduce primitive to a concrete implementation (RS stands for
reduce-scatter, AG stands for all-gather); (f) schematic of PARAGRAPH and simulator interaction, via PARAGRAPH’s scheduler while interpreting the graph (left)
and initiation of simulation events (right); (g) illustration of a simulator executing. The code fragments have been simplified for ease of presentation.
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! GraphScheduler

The compiler’s IR must then be converted to PARAGRAPH’s IR
(PGIR), Fig. 2c (Section 3.1). PGIR preserves the high-level struc-
ture of operations and dependences and adopts the same SPMD
structure. However, the PARAGRAPH IR is simpler. It removes many
attributes related to code optimization and execution and adds
just a few according to what information the simulation will need.
For example, the simulator might only need to know that a given
operation induces a delay of a certain length between network-
message events, which is represented in PGIR as delay “operations.”
The close correspondence between the HLO IR and PGIR makes it
straightforward to translate the former to the latter.!

Both the compiler IR and PGIR are graphical, that is, the textual
representations encode a computation graph, and hierarchical to
support nested structures. It is arguably easier to see and understand
these visually, as illustrated in Fig. 2d. Vertices are operations and
directed edges indicate that a sink has a control or data dependence
on the source. Following HLO’s terminology, we refer to vertices in
either the HLO or PARAGRAPH IRs as “instructions,” although this
should generally be understood to mean macro-operations like ma-
trix multiply or all-reduce rather than processor-level instructions.
We use the visual IR forms in the rest of the paper but emphasize
that they have the more precise forms.

PARAGRAPH’s translator can further rewrite the PGIR, as seen
in Fig. 2e (Section 3.2). It does so to prepare for interfacing with
a simulator backend. Here, an all-reduce collective has been low-
ered into a specific implementation. This translation occurs either
because the co-design task includes modeling of a communication

LAt the time we began work on PARAGRAPH, the MLIR was still in its infancy [28].
However, we believe it would also be possible to convert MLIR to PGIR or to implement
PGIR within MLIR.

Nic 3

Simulator Queue

library and analyzing alternative implementations for collective
operations or because the backend simulator does not directly sup-
port them (thereby necessitating a lower-level implementation).
Also observe from this example that PGIR is hierarchical: in this
case, the lowered form is nested within the collective’s vertex. The
depth of such nesting is arbitrary. Finally, the substitution tem-
plates are composable and the translator is extensible, so users
can add rewrite rules or create entirely new rewrite libraries for
other primitives and operations beyond collective communication.
The composability is supported by using the hierarchical structure
of PGIR to mimic object or function composition that appears in
programming languages.

The last two panels, Fig. 2f and Fig. 2g, illustrate PARAGRAPH’s
runtime and its interaction with the backend simulator (Section 3.3).
The runtime defines a thin API that a simulator can use. The sim-
ulator calls the API as part of event-processing at the simulated
network endpoints. Meanwhile, the PARAGRAPH runtime interprets
the IR to emulate the program’s execution and responds to the
simulator with new events. Thus, PARAGRAPH maintains its own
internal scheduling queue associated with interpreting and emulat-
ing the IR (left of Fig. 2f) and interacts with the simulator via its
event queue (right of Fig. 2f). The complexity of integration is low,
per Section 3.3.

A critical design feature of PARAGRAPH is that its workflow lever-
ages existing infrastructure, namely, the application and compiler
on the frontend and a network simulator on the backend. They re-
main decoupled, with PARAGRAPH creating a bridge between them.
This architecture provides flexibility for implementing different
modeling and simulation workflows (see Section 4).
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Figure 3: ParaGraph instruction classes (IR vertex types).

3.1 Graph representation

According to the taxonomy of Stanier and Watson [51], PGIR is a
graphical hierarchical IR with macro-operations as the graph nodes
and hybrid (control and data flow) dependencies as the edges. It is
based on the HLO IR, which is used by XLA, the domain-specific
compiler for linear algebra programs [15]. However, PGIR is defined
by its purpose of connecting the actual compiler IR with simulators,
which cannot execute code, and hence differs from other compiler IRs.
Program operations or instructions in PGIR need only be mapped to
events that network simulators can understand, such as time delays
or communication over the network. Statements are not executed
to produce any results, but modeled to predict execution time. As
such, PGIR streamlines the compiler’s IR, discarding notions of
registers, memory, or ability to optimize or generate executable code.
Nevertheless, by maintaining a close correspondence between PGIR
and the input compiler’s IR, PARAGRAPH reduces the gap between
the application’s code and what is interpreted and emulated during
simulation (see Section 3.3). For example, PARAGRAPH can accept
optimized compiler IR as input to increase the modeling accuracy.

HLO’s hierarchical SPMD form targets a broad class of programs
that may be expressed as computational dataflow graphs. Such pro-
grams include XLA’s primary target, TensorFlow-based deep learn-
ing programs, as well as emerging support for PyTorch [33]. Beyond
deep learning, XLA also supports general-purpose frameworks and
languages, e.g., JAX [4] and Julia [14], as well as a growing number
of scientific computing applications (Section 1). We estimate that
the gap between PGIR and MLIR is small due to MLIR’s similarity to
HLO [28] and interfacing with it, as well as Glow or LLVM, would
be opportunities for future work [27, 44].

Recall that vertices in PGIR represent macro-operations or “in-
structions” (following HLO IR’s terminology). There are five broad
categories of instructions, as summarized in Fig. 3. General purpose
instructions represent anything that is not communication or con-
trol flow. These become time delays or service instructions (Null).
Control instructions represent simple control flow constructs, such
as conditionals, loops, and function calls. Individual communica-
tion instructions represent point-to-point communication between
processors; Collective communication instructions represent col-
lective communication primitives within a group of processors;
Protocol-level communication instructions support different messag-
ing protocols used in low-level software or hardware.

PGIR instructions may carry additional attributes or metadata
related to performance and networking. Performance modeling
attributes include information needed to synthesize delays. For
instance, they can be the number of floating-point operations (flops)
and bytes in or out of the vertex if a particular analysis wishes to
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use a roofline model to model compute-node performance [58].
Network attributes include communication groups, tags, and IDs
for matching send and receive operations. Attributes are extensible
if, say, a given analysis needs more complex performance models
or a particular network simulator needs other information.

PGIR can be used to represent the program’s computational
structure hierarchically. That is, some instruction vertices may in-
clude pointers to subgraphs of instructions. The main purpose is
to support graph translation (rewriting and lowering) as described
in Section 3.2, performing composability in a way similar to object
or function composition in programming languages. However, it
also helps to support other nested structures, such as control flow
instructions. Like pure functional languages, subroutines have a
single entry point and a single return point, with no wormholes be-
tween subroutines. However, subroutines can execute concurrently
if they belong to different instructions with no interdependencies.
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Figure 4: Phases of all-reduce translation for unidirectional ring (UniRing).
New instructions are nested inside the translated ones expanding the hierar-
chy of the graph.

/
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3.2 ParaGraph algorithm translation

PARAGRAPH provides an instruction translation mechanism, or
translator. The main purpose is to allow substitution and lowering
of instructions or subgraphs into other subgraphs. For example,
the application may invoke AllReduce while the simulator only
understands Send and Recv operations. Or, as part of a co-design
workflow, a user may wish to test different implementations of
AllReduce. Importantly, substitutions are composable. For instance,
an all-gather operation can be implemented as a gather followed by
a broadcast, where there are different implementations of gather
and broadcast [6]. A user of PARAGRAPH can extend the library of
available substitutions.

As a concrete example of this process, consider the A11Reduce on
a unidirectional ring shown in Fig. 4 for a network simulator that
only supports send and receive operations. Initially, the PGIR might
contain only the vertex corresponding to the Al1Reduce instruction.
The translation library might contain a possible substitution consist-
ing of ReduceScatter (RS) followed by AllGather (AG). On a ring of
P processors, these would correspond to P — 1 neighbor exchanges
for both RS and AG implementations. Dependence edges present in
the substitution ensure that neighbor exchange performs sequen-
tially and that RS precedes AG. One of our case studies (Section 4.2)
exploits this hierarchical compositionality of substitutions to imple-
ment both bidirectional ring and optimized 2-D torus algorithms
for Al1Reduce [26]. This example is just one of many possible oppor-
tunities afforded by the PARAGRAPH infrastructure. Other system
libraries, such as math libraries for FFT or matrix multiplication,
could be implemented and modeled similarly [49].
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3.3 ParaGraph runtime

The PARAGRAPH runtime is its component that interfaces with the
network simulator. The runtime reads and interprets the PGIR. It
maintains, for each logical process of the application, a queue of
ready instructions, i.e., operations ready for execution. The interface
to this queue of ready instructions is the thin API shown in listing 1.
The API can be used to select the next ready instruction, query
its logical cost (simulated execution time), and “execute” it. The
runtime checks for newly satisfied dependencies and enqueues any
new ready instructions.

The simulator is commonly implemented as a discrete event
simulation (DES) engine. System level network simulators model
both network devices and the endpoints generating and consuming
network traffic. PARAGRAPH interfaces with the endpoint model of
the simulator. PARAGRAPH associates application processes with
endpoints modeled by the simulator. The endpoint can use the
PARAGRAPH API to execute the IR, by fetching ready instructions
and taking an appropriate action for each one. For instance, the
simulator might update the simulation clock to reflect the delay of
a computational instruction or schedule a communication event
for communication instructions.

The case studies in Section 4 include two examples of integrating
PARAGRAPH with real simulators, namely, the open-source simula-
tor SuperSim [32] and a proprietary NVIDIA simulator, N10, that
uses bksim [23]. These integrations only took about 500-1,000 lines
of code. (We leave integration with other popular simulators, e.g.,
SST [43] and NS-3 [35], to future work.)

GraphScheduler* Create(Graph* graph);

void Initialize(double current_time);

std: :vector<Instructionx> GetReadyInstructions();

InstructionStarted(Instruction* instruction,
double current_time);

InstructionFinished(Instruction* instruction,
double current_time);

Listing 1: ParaGraph API with simulators

Internally, the PARAGRAPH runtime instantiates a copy of the
PGIR for every logical process, each of which will become associated
with a simulator endpoint. The runtime implements a state machine
for all the instructions and subroutines. Each instruction may be
in one of five possible states: (1) Blocked, meaning the instruction
has unsatisfied operands (dependences); (2) Ready, meaning all
dependences are satisfied and the instruction is waiting to be sched-
uled; (3) Scheduled, meaning the instruction is moved to the queue
of instructions available to the simulator endpoint; (4) Executing,
meaning the simulator has fetched this instruction but has not yet
marked it as completed; (5) Finished, meaning the simulator has
marked the instruction as completed. The state of instructions is
updated at each API call.

The simulator instantiates a GraphScheduler object to associate
with a logical process. Since the PARAGRAPH runtime maintains sep-
arate instances of the PGIR for each logical process, it is thread-safe
for parallel simulators. The simulator uses GetReadyInstructions to
get a list of ready instructions; calls InstructionStarted to signal to
the PARAGRAPH runtime that the instruction has “started execution;”
performs any simulator actions, like advancing simulation time or
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scheduling new events; and calls InstructionFinished when the
instruction should be marked as complete. If the simulator can only
handle a specific subset of instructions (Fig. 3), substitutions may
be performed during translation (Section 3.2).

The Conditional and While instructions involve special handling
by the runtime. For Conditional instructions, the runtime picks
one of several inner subroutines using deterministic pseudorandom
number generator based on the probability field of each subroutine
registered with the inner subroutine. This field may be set manually
or using instrumentation. For While instructions, the instruction
node carries an explicit iteration counter, so runtime executes the
body a specific number of times. Both the branching probabilities
and iteration counters would come from profiling or other attributes
available in the compiler IR (and otherwise assume default values
configurable by the user).

4 CASE STUDIES

We conducted four co-design case studies. They reflect simulation-
based “what-if” analysis workflows. The scenarios involve hypo-
thetical systems that might otherwise be harder to model without
PARAGRAPH’s ability to connect the application’s software to a
high-fidelity hardware model. We emphasize these methodological
contributions of PARAGRAPH over the specific simulation results.
In particular, the case studies show how PARAGRAPH can accom-
modate a variety of workflows through combining different tools
and employing different modeling approaches.

Unless stated otherwise, the simulations use SuperSim, a flit-
level network simulator designed to model large-scale networks
accurately [32]. SuperSim’s interface accepts only Delay, Send, and
Recv instructions. PARAGRAPH’s translator (Section 3.2) supplies
the collectives on top of that interface, and SuperSim performs pack-
etization and forwarding of messages through the network. The
simulations use the parameters shown in Table 1, where the router
cycle time was picked to match TPUv3 network bandwidth [20].

Among the four case studies, the one in Section 4.2 validates
modeled time from PARAGRAPH against a TPUv3 trace. The study of
4.3 validates a motif-like stencil application implementation trans-
lated by PARAGRAPH against the same application implemented
natively in the SuperSim simulator.

Table 1: SuperSim simulation parameters

Network topology 2D torus 4x4, concentration 2, 32 terminals
up to 16x16, concentration 2, 512 terminals

Network channel latency  1.561 ns (i.e., 0.3 meter cables)
Router architecture  output queued (OQ)
Router cycle time  1.561 ns
Router radix 12 (4 torus links, 8 links to 2 cores
Router core latency  109.27 ns (70 cycles)
Number of VCs = 2
Routing algorithm dimension order routing
Input buffer size 200 flits
Output buffer size infinite
Flit size 128 bytes
Message size 1 flit
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4.1 Optimal all-reduce algorithm search

This case study co-designs an all-reduce algorithm with a TPUv3-
like system of deep learning accelerators connected by a 2D-torus.
PARAGRAPH’s translator supplies the two collective algorithms we
wish to compare: a ring-based all-reduce, which is widely used in
communication libraries and deep learning frameworks [36, 47]
and bandwidth-optimal [6], against a “2-D all-reduce algorithm”
designed for a 2-D torus [26]. In this workflow, we used an all-
reduce generator that emits PARAGRAPH IR directly rather than
translating from a compiler’s IR. For the hardware, we consider two
32-core systems: a 4x4 torus of dual-core accelerators and an 8x4
system of single-core accelerators. We also vary local bandwidth
between each core and the on-chip router connected to the network.

Ring AllReduce performance over 32-cores Torus SLE AllReduce performance over 32-cores

—8— 4x4, 2 cores, 1x BW —8— 4x4, 2 cores, 1x BW
1 4x4, 2 cores, 2x BW 1 4x4, 2 cores, 2x BW
—&— 4x4, 2 cores, 4x BW —&— 4x4, 2 cores, 4x BW
—4— 8x4, 1 core, 1x BW —4— 8x4, 1 core, 1x BW
—&— 8x4, 1 core, 2x BW —&— 8x4, 1 core, 2x BW
—#— 8x4, 1 core, 4x BW —#— 8x4, 1 core, 4x BW

Time, s

zlA 215 213 2 0 2 2 214 216 21@ 2 0 2 2
AllReduce size, B AllReduce size, B

Figure 5: Optimal hardware configuration search for ring-based (left) and
torus-based (right) all-reduce. Dual core configurations are seen to pro-
vide better latency. Ring and torus-based all-reduce require local bandwidth
matching two external links for ring-based all-reduce and four for torus-
based.

We start by analyzing the benefits of combining accelerator cores
onto the same chip for ring-based all-reduce. Figure 5 (left) shows
that a 4x4 torus with dual-core accelerators outperforms an 8x4
single-core configuration with respect to the latency (small message
sizes). Communication between cores does not require full router
arbitration and happens much faster.
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2-D all-reduce algorithm improves link utilization via concurrent
bidirectional ring reduce-scatter followed by all-gather. The right
of Fig. 5 shows that increasing local bandwidth by 4x improves
the performance of all-reduce as it allows full utilization of all four
torus links.

From these results, we focus on a configuration with a 4x4 torus
of dual-core accelerators and 4x local bandwidth and then compare
ring, torus, and mesh-based algorithms. Slicing a part of the system
results in a mesh, so it is essential to consider mesh-based all-reduce
in addition to the torus. Without the wraparound links, processors
on a “line” can only reach another processor via one direction. That
doubles the message size compared to the exchange possible on a
bidirectional ring, but in that case processors are busy only half of
the time. For a line P processors, edge processors send data only
once but receive it P — 1 times. The processor in the middle will
send and receive data only P/2 + 1 times, as half of the processors
are to its left and half of the processors are to its right.

In the context of multicore design, we also need to decide how
we perform communication between the cores. We consider two
different local exchange configurations. The first is a separate local
exchange (SLE), which is performed after the exchange in both
torus dimensions during the separate exchange step. We have three
smaller rings, and the links between routers are not active during
the local exchange. The second is integrated local exchange (ILE),
which adds cores to the dimension iterated the last, resulting in
two rings, with the second ring being larger. This approach utilizes
links better than SLE.

AllReduce performance comparison

213 Optimal AllReduce scalability

2713 —m— Bidirectional Ring —e— Torus SLE
—&— Mesh SLE Torus ILE
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2714 Torus SLE N ;6 X816
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(a) Performance comparison of
various all-reduce algorithms on

4x4 torus of dual-core accelerators.

There is no single best algorithm

(b) Optimal all-reduce algorithm
for torus topologies of various sizes.
Each system size requires its own
optimal parameter search.

Figure 6: Schematics of communication flows in dual-core accelerator on a
bidirectional ring. Bandwidth between cores and router has to match full
bandwidth between router and its peers for full performance.

However, large message performance depends on the available
network bandwidth and its utilization. To fully utilize bandwidth
between routers, the bidirectional ring algorithm maintains two
streams, clockwise and counterclockwise, as shown in Fig. 6. We
need to match this bandwidth locally, doubling the bandwidth of
the links between the cores and the router. Further increase in band-
width improves performance a little more as link undersubscription
eases bottlenecks in queueing and arbitration.

Despite being bandwidth optimal, a ring-based all-reduce can
only inject traffic into two links out of four in the 2D torus. The

for all message sizes, so optimal
algorithm should be a composition
of several.
Figure 7: Optimal all-reduce search.

The results in Fig. 7a indicate that the optimized 2D torus/mesh
all-reduce outperforms a ring-based one due to fewer exchanges and
better link utilization. Probing deeper, we consider all-reduce per-
formance separately for small (10 KB) messages and large (10 MB)
messages in Fig. 8. A small all-reduce SLE outperforms ILE for both
mesh and torus due to fewer neighbor exchanges. On average, the
mesh-based all-reduce appears to be more effective than the torus-
based one. However, the error bars indicate that the spread of all-
reduce completion times is wider for various processors than with
both ring and torus-based implementations. Better performance
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stability makes torus SLE a top choice, as network performance
usually depends on the tail latency. For a large all-reduce, the torus
ILE algorithm is a clear winner due to better link utilization.

1e—5 10 KB AllReduce performance 10 MB AllReduce performance

1.2 mmm Bidirectional Ring mmm Bidirectional Ring
B Mesh SLE .00025 BN Mesh SLE
B Mesh ILE B Mesh ILE
1.0 B Torus SLE W Torus SLE
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0.0 4x4 4x4 4x4 0.00000 4x4 4x4 4x4
2 cores 2 cores 2 cores 2 cores 2 cores 2 cores
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Figure 8: Small (left) and large (right) size all-reduce algorithms comparison
on 4x4 torus of dual-core accelerators. Mesh-ILE achieve best small all-reduce
performance on average, but larger error bar makes torus ILE a better option.
Torus-SLE is a clear winner for large size all-reduce.

An optimal all-reduce algorithm should combine torus-SLE for
small messages and torus-ILE for large messages. However, we need
to determine the crossover point, which might vary with system
scale. Comparing all-reduce performance on 4x4, 8x8, and 16x16
torus systems, Fig. 7b indicates that the larger the system size, the
larger the crossover size. Ideally, these crossover points would be
made available to the compiler or communication library so that
they always choose the optimal algorithm to use.

Hardware and software configurations interact, and this study
exemplifies the process of optimizing software library using a hard-
ware model. Without the ability to co-design, it might otherwise
have taken several generations of hardware implementations and
subsequent software tuning to discover the best system configura-
tion. PARAGRAPH can assist in tuning both hardware and software
during a single optimization process over a space of candidate
hardware configurations.

4.2 Matching an application trace

This case study compares measurements from an application trace
that was recorded on real hardware against a variety of simu-
lated results. The trace comes from the MLPerf training benchmark
(v0.7) [31] running on a system with 32 TPUv3 dual-core accelera-
tors organized in an 8x4 slice of a 2-D torus network and is measured
at the IR level, so communication details are not resolved below
the collectives level. The workflow uses PARAGRAPH to connect the
TensorFlow application extracted from XLA, a production-grade
machine learning compiler, with SuperSim configured to match the
TPUv3 system (Table 1). Overall modeled time for MLPerf applica-
tions amounted to O(100 — 1000) ms, with communication time in
the range O(1 — 10) ms.

First, we compare the trace’s timing measurements with two
simulations, one that uses a simple roofline as the node model
and another that uses the trace’s instruction timings as the node
model. We consider the difference between modeling the node us-
ing roofline model for computation instructions, the node model
utilizing computation statistics extracted from the trace, and an

Normalized time, %
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Time predicted by ParaGraph normalized by trace

100
50
B ParaGraph + compute roofline
B ParaGraph + compute trace
0 mmm Trace

dirm resnet50 ssd nmt bert transformer

Figure 9: Comparison between ParaGraph model driven by roofline model
for computation instructions, ParaGraph model that extracts computation
statistics from trace, and the actual trace. Most of the modeling error is com-
ing from using the roofline model.

actual benchmark trace to validate PARAGRAPH’s approach. Fig-
ure 9 shows that MLPerf is sensitive to the node model. Whereas
a roofline optimistically assumes 100% TPU utilization, MLPerf in
practice attains just 30-75%. That corresponds to the TPU utilization
one can see profiling MLPerf applications, e.g. by using cloud TPU
profile tools. Substituting actual timings for the computational in-
structions (i.e., non-communication instructions) nearly eliminates
the gap in performance estimates from simulation.
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Figure 10: Comparison of modeled time for various all-reduce algorithms and
the traced time, normalized by trace time.

Next, we focus on just the communication time, comparing simu-
lated times against trace measurements. As we use the information
about non-communication instructions timings directly from the
trace, their timestamps coincide with the trace itself, and only com-
munication instructions’ timestamps differ between modeling and
trace. Since the workloads only utilize data-parallelism and do not
communicate much, as seen in Fig. 11, we report times only for the
all-reduce operations to improve readability. The trace measures a
closed-source all-reduce implementation, whereas our simulations
use PARAGRAPH's. Figure 10 shows that the closest correspondence
to the trace option comes from the ring or mesh-SLE algorithms,
both of which are within 10% of the traced time. Reducing the
gap further would require more detailed knowledge of the actual
implementation and possibly also other networking details.

From the validation perspective, we can see that discrepancy be-
tween modeled and traced timestamps for communication instruc-
tions is rather small. This difference owes to the lack of knowledge
on specific hardware timings and the exact all-reduce algorithm
implementation.
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Figure 11: Fraction of training cycle that all-reduce takes for considered DL
applications. Except DLRM, it is normally under 5% time.



ParaGraph: An application-simulator interface and toolkit
for hardware-software co-design

Lastly, we examine the effect of changing the collectives algo-
rithm on the performance of selected deep learning applications. We
perform MLPerf models weak scaling study for system sizes, from
2x2 to 8%8 torus scaling from 8 to 128 cores. Figure 12 shows the
differences between mesh-SLE as a realistic option and torus-ILE
as an idealistic one. We know that the TPU system has a 2D-torus
topology, and a slice of it is a 2D-mesh with no wrap-around torus
link, so using torus-based all-reduce is impossible in practice, but
we want to see how much performance we lose compared to torus-
based system. We can see that torus ILE can achieve up to 50%
performance improvement for all-reduce communication time. The
impact is larger for DLRM [34] and large language models like
BERT [12] and Transformer [55].

AllReduce comparison in DL applications weak scaling.
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Figure 12: Comparison of mesh-SLE and torus-ILE all-reduce algorithms on
DL applications weak scaling from 2X2 to 8x8 dual-core accelerators. We can
see that significance of all-reduce algorithm increases with the system size
increase.

Overall, this case study highlights the ability to analyze or incor-
porate hardware traces in PARAGRAPH. Also, PARAGRAPH does not
preclude the use of more accurate node models, and mixing types
of models is certainly possible.

4.3 Simplifying application modeling
This case study showcases PARAGRAPH s ability to simplify work-
load generation compared to what is typically required by “native”
application implementation for network simulators. The workflow
is similar to that of Section 4.1 but for a 27-point stencil benchmark
consisting of three phases: compute, point-to-point neighbor ex-
change, and synchronization to disseminate results via all-reduce.
There was a prior native implementation of this benchmark written
specifically for SuperSim, which needed about 750 lines of C++.
Interestingly, the generic PARAGRAPH endpoint, which works with
any PGIR input, is about 30% smaller than that. For the PARAGRAPH
workflow, we implemented a generator that constructs a PGIR for
the stencil. For the aggregate exchange of 100 KB, the PARAGRAPH
model reports 45.88 ms, while the native SuperSim model reports
46.66 ms, resulting in less than 2% discrepancy in modeled time.
One side-effect of using PARAGRAPH evident in this case study
is the ability to amortize the cost of workload development. For
instance, here we developed an SST-style motif for the workload
with comparable effort [43]. However, since PGIR is decoupled
from the simulator, the same workload could be reused with a
different simulator. Furthermore, with fewer lines of code than
the original application model, SuperSim can now simulate any
workload represented by PARAGRAPH.
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4.4 In-network reduction analysis

This case study concerns how to configure bandwidth for a fat-
tree network with hardware support for reduction operations, or
in-network reductions [23] for deep learning workloads. The work-
loads are full JAX-based DL applications compiled with XLA, and
the PARAGRAPH workflow interfaces them to N10, a proprietary
NVIDIA network simulator. N10 includes a model of a switch that
supports in-network reductions and implements all-reduce oper-
ations directly. As such, lowering by PARAGRAPH’s translator is
not required. For our experiments, N10 is configured to match the
NVSwitch network [37].

AllReduce performance on various 32 nodes FatTrees
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Figure 13: All-reduce performance analysis on different tapered fat tree
topologies with in-network reductions. In-network reduction consistently
provides a 2X performance gain over in-processor reduction for all topolo-
gies. However, it is surprising that all topologies do not perform exactly the
same.

We consider in-network reductions for three topologies: full,
2:1 tapered, and 4:1 tapered fat trees. We test all-reduce using the
generator of Section 4.1 for a simulated system with 32 GPUs. Re-
garding the fat tree topology, there are two levels of switches: edge
switches and core switches. Each of the four edge switches connects
to 8 GPUs (so 4x8 = 32 GPUs total); the four edge switches are all
connected to two core switches. A tapering ratio of r : 1 means that
the total bandwidth between an edge switch and all of its connected
GPUs is r times larger than the total link bandwidth between the
edge switch and all of its connected core switches.

In-network reductions provide about 2x performance improve-
ment over conventional reductions, as shown in Fig. 13. This ob-
servation matches our expectations. However, tapering the fat tree
degrades performance slightly for 2:1 oversubscription and sig-
nificantly for 4:1. That contradicts Section 4.1, which shows that
all-reduce can only depend on neighbor exchange performance, in
which case tapering the fat tree topology should have no effect.
That is, the in-network reduction implementation behaves as if it
is based on an all-reduce that uses some kind of all-to-all pattern,
which would be clearly suboptimal and should be further optimized.

Next, we ask what happens for three popular neural networks,
data-parallel ResNet-50 and Transformer [17, 55], and hybrid model-
and data-parallel Megatron [48]. The results in Fig. 14 show that
in-network reductions do not improve performance much for data-
parallel models, but we see that tapering worsens their performance,
and in-network reductions help to reduce the gap. In contrast, the
hybrid-parallel Megatron experiences a performance boost from
in-network reductions while being indifferent to network tapering.
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Figure 14: Performance analysis of various deep learning applications on
different tapered fat tree topologies with in-network reductions. Data par-
allel Resnet-50 and Transformer show smaller performance gains from in-
network reductions but larger performance variation between topologies,
while hybrid-parallel Megatron demonstrates the opposite behavior.

With respect to in-network reductions, the differences between
Transformer and Megatron are especially striking: despite having
a similar architecture, they employ different parallelization strate-
gies, thus highlighting the importance of modeling hardware and
software interactions. The preceding results reflect that the data-
parallel strategy enables overlap of computation and communica-
tion, whereas this strategy is not implemented in the application for
model parallelism which puts communication on the critical path.
A typical approach to model communication and computation over-
lap is “all or nothing”—it is either not modeled at all or modeled for
each layer of the neural network. By contrast, these opportunities
(or lack thereof) across the full workload are exposed directly in
PGIR and thus can be simulated via the PARAGRAPH runtime.

Regarding tapering, the differences are similar to what we ob-
served in Section 4.1. Data parallel workloads generate all-reduce
operations over the whole network, thus bottlenecking an over-
subscribed topology if an all-to-all pattern is used. Model parallel
workloads generate all-reduce traffic over parts of the system and
are thus less susceptible to network oversubscription.

Overall, this case study shows how PARAGRAPH aids in model-
ing end-to-end system performance for forward-looking hardware.
Beyond specific insights about the impact of in-network reduction
or tapering, it demonstrates key methodological features of PArA-
GRrAPH, including (a) extraction of high-level application features,
like opportunities to overlap computation and communication, from
full JAX-based programs, and representing them directly in PGIR;
and (b) being able to swap in alternative backend simulation tools.

5 CONCLUSION

A key aspect of PARAGRAPH is its versatility in mixing and matching
components to construct end-to-end simulation workflows. The
design of the lightweight IR and runtime is our main claim for
novelty and potential impact in multiple areas, including network
architecture, software systems research, and system co-design.
The case-study workflows of Section 4 involved motif-generators,
compiler-extracted applications, and traces on the frontend; differ-
ent algorithmic variations in the “mid-end”; and different simulators
(SuperSim and N10) on the backend. This flexibility is enabled by
PARAGRAPH’s graph-based program representation “tuned” for in-
terfacing with network simulators, its translation infrastructure,

Mikhail Isaev, Nic McDonald, Jeffrey Young, and Richard Vuduc

and its runtime. It also comes with “batteries included” to work
with XLA-supported applications, whose prevalence we expect will
continue to grow. To enable new use cases, PARAGRAPH is freely
available open-source software. For our part, we plan to extend this
work to support additional simulators, including SST. In the future,
we also foresee PARAGRAPH's instruction set being extended to
cover primitives necessary to model distributed math libraries for
HPC applications performance analysis, e.g., various Basic Linear
Algebra Subroutines (BLAS) and FFTs implementations.
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A PAPER ARTIFACT DESCRIPTION
APPENDIX

A.1 Computational Artifacts
Yes

A.2 Artifact Description Details

The paper presents PARAGRAPH, an open source framework to
connect compilers with network simulators. It can be wrapped in
a library and called from within the network simulators. In the
Section 4 we extensively use SuperSim, an open source flit-level
network simulator. We showcase it as an openly available example
of PARAGRAPH integration.

PARAGRAPH is released on github as part of ParaGraph-Sim
organization. It uses bazel to build and test it, but it also can be
built with cmake, or downloaded using spack package manager.

PARAGRAPH is released with a few useful tools that help building
flexible modeling workflows:

e Graph_convertor converts graphs between text-based and
binary protobuf formats.

e Graph_translator translates graph according to provided
json configuration file. If desirable translation does not exist,
PARAGRAPH can be easily extended to cover new translation
algorithms.

e Simulator provides a simple simulator that executes PARA-
GRAPH instruction using their seconds field as execution
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delay. It can be used as an analytical model for debugging or
quick performance estimation.

e Paragraph-creator library implements motif-like applica-
tion models. Currently available are allreduce generator used
in Sections 4.1 and 4.4 and stencil generator used in Sec-
tion 4.3.

e Hlo_bridge allows to model applications implemented in
frameworks that support XLA compiler, e.g. TensorFlow and
JAX applications.

e Hlo_examples has a collection of HLO graphs that can be
converted to PGIR. They correspond to popular neural net-
works implemented in TensorFlow and used as part of MLPerf
training (v0.7) benchmark, or various applications imple-
mented in JAX. Several notebooks show how to generate
HLO graphs from JAX Python applications.

e Scripts can be used too replicate experiments or as an ex-
ample of building various modeling workflows.

To use PARAGRAPH application model on a simulator, we need to
construct a modeling workflow. It may vary depending on the needs
and chosen tools. Typical steps in such workflow are following:

(1) Obtain a composite PARAGRAPH graph — an SPMD view of
the program translated into PGIR or implemented in it.

(2) Prepare translation configuration according to simulator abil-
ity to execute PARAGRAPH instructions. For example, as Su-
perSim understands only send, recv, and delay instructions,
all other instructions, e.g. all-reduce, should be translated
into this set.

(3) Individualize graph and translate it according to a specific
configuration. This step prepares dedicated graph file for
every network end-point that is going to be modeled during
the experiment.

(4) Run simulator to obtain its results and PARAGRAPH log files.
This step also includes preparing configuration scripts for
simulator to set it up according to the modeled system design.

A.3 Software Artifact Availability

PARAGRAPH and its accompanied utilities are available as part of
github organization ParaGraph-Sim at https://github.com/paragra
ph-sim. All the tools should work from their corresponding main
branches according to the README . md files.

The easiest way to replicate the results reported in chapters
Sections 4.1 and 4.2 is to use the scripts located at https://github
.com/paragraph-sim/scripts. Icpp_experiment_graph_gen.py is
used to generate graphs, run experiments, and dump raw data
and PARAGRAPH logs. Some experiments, e.g. larger scale runs of
neural network applications, require a large amount of storage
space during graph translation and modeling. For example, if PGIR
graph takes 5SMB each, we model it for 128 cores, and use 5 different
all-reduce translation options, total storage for graphs only (not
including configuration scripts and log files) will be 5MBx5x 128 ~
3GB.

PARAGRAPH core library and the tools essential for typical work-
flows, e.g. graph_convertor, graph_translator, are available
at https://github.com/paragraph-sim/paragraph-core. PARAGRAPH
traffic generators implemented in PGIR, such as allreduce generator
used in Sections 4.1 and 4.4 and stencil generator used in Section 4.3


https://doi.org/10.1145/2480741.2480743
https://doi.org/10.1145/2694344.2694362
https://doi.org/10.1145/2694344.2694362
https://doi.org/10.1145/169627.169855
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://doi.org/10.1109/MM.2011.78
https://doi.org/10.1109/MM.2011.78
https://doi.org/10.1145/1498765.1498785
https://github.com/paragraph-sim
https://github.com/paragraph-sim
https://github.com/paragraph-sim/scripts
https://github.com/paragraph-sim/scripts
https://github.com/paragraph-sim/paragraph-core

ParaGraph: An application-simulator interface and toolkit
for hardware-software co-design

are available as part of paragraph-creator library available at
https://github.com/paragraph-sim/paragraph-creator. HLO-bridge
necessary to convert compiled neural network models from Appen-
dix A.5 is available at https://github.com/paragraph-sim/hlo-bridge.
We demonstrate integration with SuperSim network simulator
available at https://github.com/ssnetsim/supersim. Integration is
performed in files available in the same repository under https://gith
ub.com/ssnetsim/supersim/tree/main/src/workload/paragraph. To
run a toy example with PARAGRAPH graph, SuperSim can be run
with the json configuration file available at https://github.com/ssn
etsim/supersim/blob/main/config/ring;qparagraph.json.

A.4 Hardware Artifact Availability
N/a.

A.5 Data Artifact Availability

All-reduce data generator used in Section 4.1 and Section 4.4 is
located at https://github.com/paragraph-sim/paragraph-creator/tr
ee/main/src/allreduce.

MLPerf HLO graphs and TPU tracing information used in Sec-
tion 4.2 are located at https://github.com/paragraph-sim/hlo-exam
ples/tree/main/tensorflow/mlperfiraining,0.7.

Stencil data generator written in ParaGraph used in Section 4.3
is located at https://github.com/paragraph-sim/paragraph-creator/
tree/main/src/stencil.

Stencil data generator written in SuperSim used in Section 4.3 is
located at https://github.com/nicmed/mkpg/tree/main/src.

HLO graphs of neural networks used in Section 4.4 are located
at https://github.com/paragraph-sim/hlo-examples/tree/main/jax.

Megatron model is generated using script available at https://cola
b.research.google.com/drive/1JU-e0P4AfqSkV-MXzrrMGwaLed9P
RJed.

A.6 Proprietary Artifacts

Experiments presented in Section 4.4 were run with a proprietary
network simulator N10 described in [23]. It is not openly available
and cannot be provided for reproducibility purposes.

A.7 General Info

A.7.1 Artifact 1.
Persistent ID: https://github.com/paragraph-sim/paragraph-core
Artifact name: ParaGraph
Relevant hardware details: Intel(R) Xeon(R) CPU E5-2620 v4
@ 2.10GHz

A.7.2  Artifact 2.

Persistent ID: https://github.com/ssnetsim/supersim
Artifact name: SuperSim
Citation of artifact:

@inproceedings{mcdonald2018supersim,
title={{SuperSim: Extensible Flit-Level Simulation
of Large-Scale Interconnection Networks}},
author={McDonald, Nic and Flores, Adriana and Davis,
Al and Isaev, Mikhail and Kim, John and Gibson,
Doug},

ICPP ’22, August 29-September 1, 2022, Bordeaux, France

booktitle={International Symposium on Performance
Analysis of Systems and Software (ISPASS)},
year={2018},
organization={IEEE}
}

Relevant hardware details: Intel(R) Xeon(R) CPU E5-2620 v4
@ 2.10GHz

A.8 System

Operating systems and versions: Ubuntu 16.04.7 LTS, newer x86
linux-based OS should work well.

Compilers and versions: bazel-3-7-2, gcc 9.4.0, c++17, Python
3.7.1.

Applications and versions:

All applications should be ParaGraph — commit 0d@f9e7;

HLO bridge — commit 7d7eec3;

SuperSim - commit 7d1ffbe.

Libraries and versions:

According to bazel build requirerments.

Input datasets and versions:

HLO examples — commit b7680b0;

Creator library for allreduce and stencil generators — commit
02f0d37;

URL:

https://github.com/paragraph-sim/paragraph-core

https://github.com/paragraph-sim/hlo-bridge

https://github.com/paragraph-sim/hlo-examples

https://github.com/paragraph-sim/paragraph-creator

https://github.com/ssnetsim/supersim
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