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Abstract
Modern machine learning (ML) training workloads place sub-
stantial demands on both computational and communication
resources. Consequently, accurate performance estimation
has become increasingly critical for guiding system design
decisions, such as the selection of parallelization strategies,
cluster configurations, and hardware provisioning. Existing
simulation-based performance estimation requires reimple-
menting the ML framework in a simulator, which demands
significant manual effort and is hard to maintain as ML frame-
works evolve rapidly.

This paper introduces Phantora, a hybrid GPU cluster sim-
ulator designed for performance estimation of ML training
workloads. Phantora executes unmodified ML frameworks as
is within a distributed, containerized environment. Each con-
tainer emulates the behavior of a GPU server in a large-scale
cluster, while Phantora intercepts and simulates GPU- and
communication-related operations to provide high-fidelity
performance estimation. We call this approach hybrid sim-
ulation of ML systems, in contrast to traditional methods
that simulate static workloads. The primary advantage of
hybrid simulation is that it allows direct reuse of ML frame-
work source code in simulation, avoiding the need for reim-
plementation. Our evaluation shows that Phantora provides
accuracy comparable to static workload simulation while
supporting three state-of-the-art LLM training frameworks
out-of-the-box. In addition, Phantora operates on a single
GPU, eliminating the need for the resource-intensive trace
collection and workload extraction steps required by tradi-
tional trace-based simulators. Phantora is open-sourced at
https://github.com/QDelta/Phantora.

1 Introduction

Large machine learning (ML) models have become a driv-
ing force behind advancements in natural language process-
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ing [10,30,39], computer vision [13], computer graphics [29]
and recommendation systems [25,27,47]. As models grow in-
creasingly complex, high-performance model inference [19]
and training [50] have become the main focus in the ML sys-
tem community. Recent advancements in the field span from
efficient GPU kernel optimizations [11, 12, 19], to paralleliza-
tion strategies [50], and scheduling algorithms [31]. When
deploying ML training jobs, it is often beneficial to estimate
the system’s performance (e.g., training time per iteration,
model FLOPS utilization), which can help operators decide
how many hardware resources to allocate for a particular job,
and plan for future hardware needs.

There has been a growing interest in performance esti-
mation methods for ML systems. Analytical models (e.g.,
roofline [43]) provide rapid estimates but lack accuracy. More
recently, both industry and academia have shifted towards
static workload simulation. Figure 1 shows the two methods
of static workload simulation and their problems. A common
method is trace-based simulation [7, 14, 16, 17, 24, 33, 44, 51],
where execution traces are collected from real runs of ML
workloads on large clusters. These traces are then processed
to extract workloads: a trace is lifted into higher levels of
abstraction to make it suitable for configuration and event-
driven simulation. Another method is SimAI [42], which im-
plements a mocked version of ML frameworks in order to
generate events that can be used in a simulator. However, both
methods have to reimplement the scheduling logic of the sim-
ulated ML framework (e.g., DeepSpeed [34], Megatron [37],
TorchTitan [21]) and trace-based simulation may even need to
implement a reversed scheduling logic in workload extraction.
Reimplementation makes them difficult to maintain due to
fast-evolving ML training frameworks.

In this paper, we explore the following question: Can ML
framework source code be directly reused in simulation-based
performance estimation? Modern ML frameworks already
provide a rich set of configurable parallelization strategies
(e.g., pipeline parallelism, expert parallelism, data parallelism)
and rematerialization strategies (e.g., ZeRO [32], FSDP [48],
activation recomputation [18]). By reusing these implementa-
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Figure 1: Comparison of simulators and problems of static workload simulation. Light green boxes show unmodified components;
gree boxes show minimally modified components; blue boxes show simulator components and pink boxes show user input.
Trace-based simulation requires workload extraction (reversing framework logic) and costly trace collection on large clusters.
SimAI relies on mocked ML frameworks.

tions, we can evaluate different parallelization and remateri-
alization strategies without relying on the simulator’s reim-
plementations. In addition, the performance benchmarking
code embedded in training scripts can be reused directly, al-
lowing users to interact with the simulator in the same way
they would when tuning ML system performance on a real
GPU cluster. Most importantly, avoiding reimplementation
of the framework greatly reduces the maintenance burden,
making the simulator more sustainable as ML frameworks
evolve rapidly.

We present a fundamentally different performance estima-
tion approach for ML systems, called hybrid simulation. Our
key idea is that we can integrate real system execution di-
rectly with event-driven simulation, creating an illusion for
ML frameworks that they are running on a real GPU cluster.
Based on this approach, we build Phantora, a GPU cluster
simulator for ML system performance estimation. The core
design is to use a containerized environment, equipped with
a single GPU to directly run an ML system for simulation.
Each running container simulates the execution of a multi-
GPU server, where each rank operates one simulated GPU
and is provided with one virtual clock. Phantora intercepts
all the communications and GPU kernel invocations from the
ML framework. CUDA kernel execution times are profiled on
the single GPU, while communication execution times are cal-

culated using an event-driven network simulator. When a rank
launches a CUDA kernel or initiates communication, Phan-
tora adjusts the rank’s virtual clock accordingly to maintain
accurate simulated time.

We still face three key research challenges. First, it is chal-
lenging to maintain the core abstractions (e.g., CUDA, NCCL)
so that unmodified ML frameworks can directly run. Second,
it is challenging to integrate a real, running system with an
event-driven network simulator. To elaborate on the second
challenge, an event-driven network simulator progresses in
discrete time steps, and the timing for the next event is cal-
culated by prior events in the system. However, in hybrid
simulation, our distributed ML system (the set of containers)
may inject a network flow at any time, causing the network
simulator’s calculation to be incorrect. Finally, certain dis-
tributed ML workloads may quickly exhaust the memory
capacity of the simulation environment.

Phantora maintains the core abstractions used by PyTorch
and uses runtime patching to dynamically rewrite their de-
pendencies (e.g., timer), so that the ML frameworks (e.g.,
Megatron [37], DeepSpeed [34], TorchTitan [21]) can run
as is on top of Phantora. Phantora addresses the integration
challenge by allowing an event-driven network simulator and
a distributed ML system to run in a loosely synchronized man-
ner. When an event that should occur earlier is injected by



the container to the network simulator, Phantora rollbacks the
simulator state and accommodates those past events triggered
by the containers. To enhance scalability, Phantora allows
containers to share memory, significantly reducing the simu-
lator’s memory footprint. We evaluate Phantora using three
state-of-the-art Large Language Model (LLM) training sys-
tems: Megatron [37], DeepSpeed [34], and TorchTitan [21].
All three systems run out-of-the-box without any modification
to the source code, and Phantora can support their feature sets
without the need for corresponding reimplementation. Their
terminal outputs remain identical (except training losses) to
those produced when running on a real GPU cluster. Our
small-scale NVIDIA H200 testbed evaluation demonstrates
that Phantora achieves simulation accuracy comparable to
state-of-the-art workload simulation methods. Phantora’s sim-
ulation result on TorchTitan matches its reported performance
on large-scale NVIDIA H100 and A100 clusters [4, 21].

This paper makes the following contributions:

• We are the first to propose hybrid GPU cluster simu-
lation for ML systems, which eliminates the need for
reimplementing ML frameworks in the simulator.

• We design and implement Phantora, which efficiently
integrates real system execution with an event-driven
simulation to enable hybrid simulation.

• We evaluate Phantora on three state-of-the-art LLM train-
ing systems, demonstrating Phantora’s generality and
accuracy.

2 Background

Performance estimation is valuable for both ML system de-
velopers and infrastructure providers. For system developers,
it enables rapid evaluation of the performance of the sys-
tems they are building. As model sizes grow, many system
parameters require careful tuning, for instance, selecting an
appropriate parallelization strategy [37,50]. Being able to esti-
mate the performance of different strategies makes it easier to
identify the most efficient option. For infrastructure providers,
performance estimation allows planning for future hardware
deployments.

Due to the accuracy limitations of performance modeling
(e.g., roofline [43]), developers have turned to static workload
simulation for performance estimation. Today, two workload
simulation methods exist. The first method is trace-based
simulation [7, 14, 16, 17, 24, 33, 44, 51]. A trace is collected
in a real execution, and a workload can be extracted from a
collected trace. Another method is SimAI [42], where work-
loads are generated via implementing a mocked version of
the ML frameworks. Workload simulation leads to accurate
performance estimation and is increasingly adopted by indus-
try [38].

rank0_trace: [ 
  ... 
  Comm::AllGather(...), 
  Comm::ReduceScatter(...), 
  Comp::Embedding(...), 
  Comp::Attention(...), 
  Comp::Matmul(...), 
  Comm::AllReduce(...), 
  ... 
], 
rank1_trace: [ ... ], 
... 

model_layers: [ 
  Embedding(...), 
  Attention(...), 
  Linear(...), 
  ... 
], 
dp_groups: [ ... ], 
pp_groups: [ ... ], 
tp_groups: [ ... ], 
... 

Trace-based simulators

Workload Simulator

Scheduler

Mocked Framework

Events

Simulator

Result

input

Training Config

“De-scheduling”

SimAI

Manual Config
input partial override

Figure 2: Scheduling logic needs to be reimplemented in cur-
rent simulators for converting high level workload to detailed
computation and communication events.

Why do static workload simulators need to reimplement
ML frameworks? For trace-based simulators, there are two
fundamental reasons why reimplementation of the ML frame-
works is necessary. First, the key goal of simulation is to
explore alternative configurations. Yet, a collected trace re-
flects only the specific configuration used during execution.
To enable configuration exploration, trace-based simulation
requires a workload extraction step that lifts the trace into
abstract workload, revealing higher-level configurations from
actual traces (Figure 2). This extraction step typically relies
on human understanding of ML framework execution, effec-
tively constructing a reversed version of the framework’s logic.
Heuristics can be brittle and may fail to generalize across
frameworks; therefore, trace-based simulation often relies on
extra manual configurations to help with workload extrac-
tion, which increases manual effort. More importantly, after
the user changes the configuration in abstract workload, the
simulator needs to turn user’s configurations into a detailed
execution plan (events) for actual simulation. This scheduling
also needs to correctly reflect the framework’s scheduling
being simulated, which is essentially a reimplementation of
the framework’s logic.

Beyond trace-based simulation, SimAI [42] adopts an alter-
native approach. Rather than extracting workloads from col-
lected traces, it uses mocked frameworks to directly produce
low-level events. However, while this removes the burden of
workload extraction, reimplementing scheduling remains nec-
essary in the mocked frameworks. It tightly couples SimAI
to specific framework and versions: whenever the underlying
ML framework evolves or new framework appears, SimAI’s
logic must be updated accordingly to ensure correctness.

Due to the need of reimplemeting frameworks, both trace-
based simulators and SimAI struggle to provide complete
support of features in current frameworks and new frame-
works. For example, none of the existing simulators support
TorchTitan [21], and none of them can analyze throughput and
memory usage of selective activation checkpointing [18, 21]
at the same time. Simulators may even fail to generate the
exact same model as the framework. For example, when given
the same configuration matching Llama2 7B [39], the size
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of model generated by SimAI differs by 7.4% from native
GPTModel in Megatron [37] model library.

Our approach: Hybrid simulation. Our objective is straight-
forward: to build a general simulator in which ML frame-
works’ source code can be directly reused. Modern ML
frameworks already provide well-maintained implementa-
tions and highly configurable parallelization strategies. Lever-
aging them directly makes the simulator both easier to main-
tain and more broadly applicable across different frameworks.
To achieve this, our approach is to construct a GPU cluster ex-
ecution environment that closely mirrors a real one, allowing
ML frameworks to run on top of the simulated cluster with
no modification. Next, we discuss the research challenges to
realize this approach and the overview of our design.

3 Overview

We face three key research challenges in realizing hybrid
simulation of ML frameworks: (1) supporting unmodified
ML frameworks, (2) ensuring correct and efficient time syn-
chronization, and (3) achieving scalability. First, modern
ML frameworks have complex software and hardware de-
pendencies. They assume the presence of GPUs, NVLinks,
and RDMA networks, and they rely on a wide range of li-
braries. Constructing an execution environment in which an
ML framework can run unmodified is therefore nontrivial.
Second, integrating event-driven network simulation with ML
framework execution presents a fundamental mismatch. Net-
work simulators advance time in discrete time steps, while
ML frameworks execute with continuous, real-time progres-
sion. Reconciling these two timing models is challenging.
Finally, ML frameworks are resource-intensive, consuming
substantial compute, memory, and communication bandwidth.
While we would like to execute them as-is, we must avoid the
prohibitive resource costs of training a full-scale model on a
real cluster.

To support unmodified ML frameworks, Phantora runs an
ML framework in a realistic containerized environment and

interacts with this real system for simulation. 1 Figure 3 shows
Phantora’s architecture. Each container in the environment
acts as a GPU server. Each container runs Python interpreters
that execute ML framework code. There are two operations
that require interaction between the containers and the Phan-
tora simulator: (1) GPU computation and (2) communication.
When a computation kernel is invoked, Phantora uses a single
GPU to profile the kernel’s execution time. For communi-
cation, Phantora utilizes an event-driven flow-level network
simulator to estimate completion time. Phantora only needs
a single GPU because it profiles the performance once for
each (computation kernel, tensor shapes) combination. This is
sufficient because computation kernel performance is usually
independent of the tensor values.2 In this way, an application
cannot distinguish whether it is running on Phantora or a phys-
ical GPU cluster as long as its control flow does not depend
on tensor values (which would be junk values in Phantora).
The time of each rank in every container will be maintained
by Phantora using standard discrete event simulation, and the
application can read this time to calculate its performance. A
naive implementation of the above approach would still re-
quire modifying the ML framework source code. For example,
one might need to change the performance timer implementa-
tion used in framework logging. To support ML frameworks
out of the box, we instead leverage Python’s runtime patching
to dynamically redirect underlying dependencies of an ML
framework.

To appreciate the time synchronization challenge, let’s con-
sider the following past events scenario. Traditional event-
driven simulators require static workloads. For example, in
a typical event-driven simulation workflow, all the events in
the workload are pre-loaded into the event queue of the simu-
lator. The simulator processes these events in chronological
order, updating the simulation state and queuing new events
as necessary. However, with real systems, events are gener-
ated dynamically and injected into the simulator, which can
lead to past event scenarios: the simulator receives an event
generated by the real system after the simulator has already ad-
vanced to the next event, which has a timestamp later than the
real system’s event. One solution is to keep the event-driven
network simulator tightly synchronized with the containers.
In hardware simulators, for example, it is common to use a
tiny time quantum and synchronize all components at every
quantum [28,35]. However, it introduces significant overhead
and defeats the purpose of event-driven simulation in modern
network simulators. Phantora uses loose time synchroniza-
tion between the event-driven simulator and the real system
execution to address this issue and enables fast simulation. To
ensure simulation accuracy, we implement an event-driven
network simulator capable of time traveling to rollback the

1Using process-level isolation is sufficient to run Phantora. We prefer
containers to seamlessly integrate with unmodified frameworks that assume
a multi-host environment.

2There are some exceptions. We discuss this point in §6.
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CUDA streams for flexibility, and use CUDA events to manage the synchronization between them. Phantora needs to correctly
handle these synchronizations to achieve accurate simulation.

states of all flows when events occur in the past.
We apply two techniques to scale Phantora. In LLM train-

ing, each GPU server may load training data and model
weights, which consumes significant host memory. Our eval-
uation (§5.3) shows that a physical server with 256GB host
memory can only simulate 9 GPUs for the training of Llama2
7B model without our technique. We introduce a novel mem-
ory sharing mechanism for different containers running on
the same host, which significantly reduces the memory foot-
print. Second, Phantora measures only the actual CPU time
consumed by each process, rather than the wall clock time.
This choice preserves simulation accuracy in the presence of
CPU core contention, where wall-clock measurements would
otherwise overestimate execution time due to frequent context
switches between the containers.

4 Details of Phantora

4.1 Supporting Unmodified ML Frameworks

Each rank executes unmodified ML framework code, using
PyTorch and NCCL libraries, and interacts with the CUDA
Runtime. We implement the Phantora Tracer in the PyTorch.
This tracer collects all invoked PyTorch operators and the cor-
responding performance-related parameters, and pushes all
information as computation events to the event queues in the
Phantora simulator. It is worth noting that this tracer does not
affect the execution of PyTorch, and the operators are still dis-
patched to the corresponding CUDA backend to initiate com-

putation in the CUDA Runtime. We replace the native CUDA
Runtime with Phantora CUDA Runtime, which does not actu-
ally execute any CUDA calls. Instead, it only maintains nec-
essary metadata to emulate actual CUDA Runtime behaviors.
For example, cudaMalloc/cudaFree in Phantora does not ac-
tually allocate/deallocate GPU memory, but only tracks GPU
memory usage and returns cudaErrorMemoryAllocation
when an allocation will make usage exceed the configured
memory capacity. In addition, it pushes CUDA calls as events
to the event queue in Phantora simulator. Similarly, we re-
place the native NCCL library with Phantora NCCL library.
Phantora NCCL library does not initiate communication, but
forward all communication operations (e.g., allreduce) to
the simulator by pushing communication events to the event
queues. Furthermore, Phantora maintains a dependency graph
of events to emulate CUDA’s asynchronous semantics, i.e.
CPU launches computation and communication kernels and
specify dependencies through streams/events.

Figure 4 shows an example workflow of Phantora and two
ranks. These two ranks are running a distributed workload of
attention and all-reduce on the attention result. The launch
of FlashAttention [11, 12] is captured by Phantora CUDA
Runtime and pushed to Phantora simulator. PyTorch opera-
tors traced by Phantora Tracer are also pushed to Phantora
simulator as computation events. Phantora simulator will then
invoke native computation libraries to profile these computa-
tion kernels. The profiler uses a performance estimation cache
to store the performance results of operators that have been
already faithfully executed. When invoking the same opera-



tors in the future, Phantora will directly use results stored in
the cache. In this example, the FlashAttention call of Rank
1 will not be profiled again, instead, Phantora simulator will
use the cached profiling result of Rank 0’s FlashAttention.

To accurately capture the dependencies and synchroniza-
tions of computation and communications and emulate the
behavior of actual CUDA Runtime, Phantora needs to care-
fully handle related CUDA calls. Phantora event queue is
designed to natively support dependencies and is used to emu-
late CUDA streams and events–two core constructs in CUDA
asynchronous programming. Operations on the same stream
will have implicit dependency in chronological order, and
operations on different streams have no dependency unless
explicitly specified via CUDA events. In Figure 4’s example,
computation and communications are launched on different
streams for flexibility, and the dependency between them is
enforced via an additional CUDA event. Phantora correctly
emulated that via dependencies in the event queue.

Phantora NCCL captures communication operations and
pushes them to the Phantora simulator. For example in Fig-
ure 4, ncclAllReduce is first called by Rank 0. This is API
is non-blocking so Phantora NCCL will return immediately
after pushing the call to the simulator, but the simulator will
not start network flows until all ranks in the same communi-
cator are prepared (in this example, wait for Rank 1 to call
ncclAllReduce with c0), which is in compliance with NCCL
semantics. To accurately model the execution time of collec-
tive communication operations, Phantora adopts a standard
flow-level network simulator adapted from NetHint [8], re-
ferred to as netsim. The netsim simulator takes a cluster
topology configuration as input, where users can specify vari-
ous properties of the cluster, including switch port bandwidth,
cluster interconnection, and multipath routing and load bal-
ancing strategies. The throughput of flows at each time is
computed based on the max-min fairness. Within netsim,
we implement the communication patterns of different col-
lective operations. For instance, we model allreduce using
a ring-based approach, as configured in NCCL in our eval-
uation. When receiving communication operators, Phantora
submits the corresponding data transfer flows to netsim with
the appropriate timestamps. netsim then simulates network
behaviors and computes the completion time of each flow
based on network congestion and available bandwidth [8, 45].

Time synchronization is enforced through CUDA synchro-
nization calls, which should block the host until certain GPU
completion point (e.g., cudaStreamSynchronize). When
these APIs are called, the Phantora CUDA Runtime pushes a
synchronization event to the event queue and starts waiting
for a response. After processing the preceding events in the
event queue and completing this synchronization event, the
simulator returns a response, including a completion time (a
logical timestamp), to the rank’s Phantora CUDA Runtime.
The rank’s virtual clock is then updated based on this comple-
tion time. In the example shown in Figure 4, The virtual clock
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Figure 5: Challenges of synchronizing time between real
execution and event-driven simulation.

of both Rank 0 and Rank 1 will be updated to the completion
time of all-reduce after cudaStreamSynchronize.

Runtime patching for ML frameworks. For certain frame-
works, there might be unconfigurable behaviors that do not
satisfy Phantora’s assumption. To ensure no modification to
the framework code and provide a close-to-natural user ex-
perience, we leverage the dynamic features of Python to run-
time patch certain functions. For example, the built-in perfor-
mance logging of TorchTitan utilizes time.perf_counter
that needs to be replaced by Phantora timers. With runtime
patching, Phantora can directly work with ML frameworks
installed via “pip install”.

Intercepting CUDA kernel invocations and communica-
tion. One key design decision we have to make is how to
intercept CUDA kernel invocations and communications. A
strawman solution could intercept ML system execution only
at the CUDA kernel level, which is widely used in profilers
such as Nsight Systems [2]. But at this level only untyped
pointers to arguments are provided, so the inspection of argu-
ments would require extra configurations for each kernel.

Hence, we resort to a hybrid approach where most computa-
tion operations are intercepted at ML systems API level (e.g.,
PyTorch operators), while communication operators and some
specific computation operations like FlashAttention [11, 12]
are intercepted at runtime libraries level (e.g., NCCL, CUDA
Runtime). This hybrid approach allows Phantora to maintain
generalizability without introducing the development effort
of inspecting every CUDA kernel involved. For computation
operations, Phantora is aware of the type of operations and
the shapes of the input tensors. Phantora implements a cache
manager to reuse earlier profiling results of an operation with
the same input shapes, eliminating redundant execution.

4.2 Loose Time Synchronization of Real Exe-
cution and Event-Driven Simulation

Phantora needs to correctly synchronize the real execution and
the event-driven simulator for accurate end-to-end simulation,
as events generated by the real execution may impact the
event-driven simulator. Without proper synchronization, such
impacts may be neglected or wrongly considered, leading to
inaccurate simulation.
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Figure 5 demonstrates a typical workload that requires
correct synchronization. Rank 0 and 1 independently launch
communications that may share network resources. At time
T1, Rank 0 begins to wait for its communication and asks the
simulator for the completion time. The simulator, however,
cannot directly proceed to the completion point based on cur-
rent information and respond T ′

1 , as a future communication
from Rank 1 starts at T2 may affect this completion time if
T2 < T ′

1 . Note that this is not an issue if the simulated work-
load is static (e.g., the use cases of today’s static workload
simulators). For static workload, the simulator already knows
the existence of event at T2, so it can simply move the sim-
ulated time forward to T2 instead of T ′

1 , and update the state
of the system. However, in our case because Rank 1 is a real
execution, the simulator does not know whether or when it
will launch communication.

One approach to resolve this issue is to determine a small
time quantum, and move time forward in both real execution
and simulation. This is a common technique in hardware
simulation. WWT [35] uses such an approach for simulating
cache-coherent shared memory multiprocessors, and it deter-
mines the time quantum based on cross-core communication
latency. However, using a fine-grained time quantum can sig-
nificantly slow down the simulation speed, which is exactly
why it is not used by most of today’s network simulators.

Our key observation is that the characteristics of ML sys-
tems provide an opportunity to change the running time of
operations during hybrid simulation. Specifically, the time
taken by a given operation (e.g., a specific communication)
does not affect the actual control flow of the real system. For
example, changing the time consumed by a matrix multipli-
cation in a rank’s runtime does not affect which is the next
operator invoked by the rank. Therefore, we can rollback the
simulator state and correct the real system state efficiently
during simulation. We apply this insight by optimistically
synchronizing clocks between the simulator and each rank’s
runtime in Phantora. When past events occur, the simulator
rollbacks to a prior time, processes the past events, corrects
time for a set of events in the past, updates the clock with
each rank’s runtime, and continues the simulation process.

Time rollback. A traditional event-driven simulator keeps a
priority queue of “events”, where the priority is the start time
of the event. This allows the simulator to process the event in

the chronological order. Phantora augments this simulator by
adding the ability to time travel to any particular time in the
past. To realize this feature, the network simulator keeps the
throughput history of all flows. Consider the same example
in Figure 5. A new event arrives at a time T2 earlier than the
current time T ′

1 . For simplicity, let’s assume there are no other
events between T1 and T ′

1 and let S(T ) denote the state of
all the network flows at time T . As Figure 6 shows, the net-
work simulator can compute state S(T2) based on the stored
throughput history between S(T1) and S(T ′

1). This is because
between neighboring events, network flows are assumed to
have stable throughput, which is a common assumption made
by existing event-driven network simulators. Such a time roll-
back can affect previously computed completion time of some
network flows. The network simulator then sends these up-
dated completion times to Phantora’s event queue to update
other events’ start/completion time by traversing the depen-
dency graph. For example, if another event previously started
at T ′

1 for its dependency on this communication, then its start
and completion time may be adjusted accordingly.

With this rollback mechanism, Phantora will still ensure
forward progress if the system being simulated ensures for-
ward progress. In Phantora, the simulated ML system only
has finite past events, so there will only be finite rollbacks
and the simulator will make forward progress after rollbacks
are complete.

Garbage collection of historical states. The ability to time
travel to the past comes with the cost of storing the simulation
states at all the event timestamps. These states include the
dependency graph stored in Phantora’s event queue and the
historical flow states in the network simulator. As the simula-
tion progresses, storing these historical states can occupy a
lot of host memory. Phantora implemented garbage collection
to address this issue. The key insight is that after all the ranks’
time has passed T , it is impossible to inject an event before
T into the network simulator. Thus, all the simulator states
before T (including both the dependency graph and the flow
states) can be safely discarded.

Network simulator with time rollback. Our flow-level sim-
ulator enables time rollback with low additional runtime over-
head. The simulator assumes per-flow fairness across the
network and solves the max-min fair flow allocation problem
using an iterative water-filling algorithm. At each iteration,
the simulator identifies the bottleneck link and computes the
necessary delta adjustments for flow rates.

To support time rollback, we provide two APIs: one for
updating the start time of an existing flow, and another for
advancing the simulation by one step or up to a specified
time. The simulator records the throughput history for each
flow, which is represented by a few floating point numbers.
Since throughput changes are regular events to a network
simulator, without garbage collection, the memory overhead
is proportional to the number of discrete events the simu-



lator processes. Although a rollback can potentially update
multiple flows, these computations are based solely on the
throughput history and can be computed in an incremental
manner, making them computationally efficient compared to
solving the max-min fair flow allocation problem.

4.3 Improving Phantora’s Scalability
Phantora has the following two techniques to achieve scalable
simulation.

Scalability Technique #1: Model parameter sharing on
CPU. ML systems may initialize models in CPU mem-
ory, either randomly or using pre-trained weights stored on
disk. Once initialized, the models are transferred to the GPU
for subsequent tasks. In real GPU clusters, this initialization
phase is generally not a bottleneck, as GPU memory size is
usually smaller than the CPU memory size. However, when
Phantora simulates a large cluster using limited hardware re-
source, this peak memory usage could become a scalability
constraint. To address this limitation, Phantora implements
parameter sharing, which allows model parameters on the
same simulation server to be transparently mapped to the the
same region of shared memory. This ensures that at most one
copy of the model is initialized per server. Phantora assumes
that the control logic of ML systems does not depend on ten-
sor values, allowing safe sharing of model parameters without
impacting execution.

Scalability Technique #2: Use CPU time instead of system
time. Similar to memory, CPU can also become a bottleneck
for Phantora. Existing ML training systems are usually multi-
process. If the number of CPU cores used for simulation is
smaller than the number of processes launched, CPU oversub-
scription can slow down the execution of the ML systems and
cause inaccuracies in simulation results. To address this prob-
lem, Phantora only counts the actual CPU time each process
spent instead of the system time passed (wall clock). Thus,
although the simulation process is still slowed down, the ac-
curacy of the results will not be affected. Phantora can also be
configured to ignore the CPU time completely, leaving only
the GPU operation time and CUDA synchronization waiting
time to be included in the results.

5 Evaluation

Our Phantora prototype consists of 9K lines of Rust, 1.8K
lines of C, and 500 lines of C++: 1.8K lines of C and 1K lines
of Rust for Phantora NCCL and CUDA Runtime, 3.6K lines
of Rust for the flow-level network simulator, 3.4K lines of
Rust for the event queue, 1K lines of Rust for the computation
simulator, and 500 lines of C++ for Phantora Tracer.

We evaluate Phantora on three aspects. First, we test Phan-
tora’s generality in supporting different ML frameworks, and
their runtime behaviors. Second, we test a set of standard

metrics for simulators, such as accuracy, simulation speed
and scalability. Finally, we do a case study on selective acti-
vation recomputation [18] to show Phantora’s capability on
estimating ML system performance and GPU memory usage
for features that existing static workload simulators have not
fully reimplemented.

5.1 Generalizability

Effort for supporting ML frameworks. Phantora currently
support three LLM training frameworks: Megatron [37],
DeepSpeed [34] and TorchTitan [21]. Users can simply pip
install these frameworks from official PyPI without build-
ing from source or using a different package index. All the
runtime patches are applied when users import our helper
library. Specifically, the size of runtime patches of these three
frameworks are: Megatron: no patch needed. DeepSpeed: 4
lines of code where a NCCL setup validation is disabled.
TorchTitan: 1 line of code where time.perf_counter is re-
placed with Phantora timer. In contrast, SimAI uses about 8K
lines of Python for the mocked frameworks.

We believe supporting other PyTorch based frameworks in
Phantora should also require minimal effort. Further, Phantora
does not depend on model architecture. Our evaluation results
focus on LLMs. See Appendix A for our evaluations using
non-LLM workloads.

Modifications to the training script. For every training
script, Phantora Tracer needs to be explicitly enabled at the
beginning and disabled at the end. This, together with import-
ing of our helper library, adds about 6 lines of extra code per
training script.

In addition, when running Megatron [37] with Phantora,
gradient clipping must be disabled. This feature performs fal-
lible CPU operation (specifically, square root) of data copied
from GPU, which could lead to math errors as GPU memory
value is effectively random in Phantora.

User experience of Phantora. With Phantora, users are able
to tune their ML system performance as if they are actually
experimenting with a real GPU cluster. Phantora natively sup-
ports customized printing and logging mechanisms embedded
in the ML systems.

The top part of Figure 7 shows the performance measure-
ment and logging code in TorchTitan [21], which represents
how TorchTitan developers want to evaluate performance. In
other existing simulators, printing these metrics would require
a reimplementation of this code in post-simulation analysis.
In contrast, Phantora allows this code to run as is, and users
can see results in exactly the same format as if they actually
run the ML system on a real GPU cluster. The bottom part
of Figure 7 shows the console output of running TorchTitan
on top of Phantora. To the best of our knowledge, Phantora is
the only method that has this type of generalizability.

After developers update either the ML system code (e.g.,



time_delta = timer() - time_last_log
# tokens per second, abbr. as wps by convention
wps = ntokens_since_last_log / (

time_delta * parallel_dims.model_parallel_size
)
# model FLOPS utilization
mfu = 100 * num_flop_per_token * wps / gpu_peak_flops
time_end_to_end = \

time_delta / job_config.metrics.log_freq
time_data_loading = np.mean(data_loading_times)
metrics = {

"wps": wps,
"mfu(%)": mfu,
"time_metrics/end_to_end(s)": time_end_to_end,
"time_metrics/data_loading(s)": time_data_loading,
...

}
metric_logger.log(metrics, step=train_state.step)
logger.info(

f"step: {train_state.step:2} "
f"loss: {global_avg_loss:7.4f} "
f"memory: {gpu_mem_stats.max_reserved_gib:5.2f}GiB"
f"({gpu_mem_stats.max_reserved_pct:.2f}%) "
f"wps: {round(wps):,} "
f"mfu: {mfu:.2f}%{color.reset}"
...

)

Figure 7: Performance estimation code in TorchTitan [5] and
the console output of running TorchTitan on top of Phantora.
The console output is exactly the same as if TorchTitan runs
on a real GPU cluster except losses.

changing parallelization strategies for LLM training), the
model or the performance measurement and logging code,
Phantora can immediately re-run and produce updated con-
sole output. For other existing simulators, the developer may
have to craft extra configurations, collect additional traces or
change post-simulation analysis—all of which significantly
slow down the development cycle.

Phantora also supports feature-rich visualization via Per-
fetto UI [3] to help developers tune their system. Figure 8
shows a visualized simulation trace of TorchTitan exported
by Phantora.

Computation/communication overlap and dynamic mem-
ory behaviors in ML systems. Phantora naturally captures
computation/communication overlap and other runtime behav-
iors in ML systems. Figure 8 shows the timeline of Phantora
executing TorchTitan, where x-axis is simulated time. As
shown in the figure, the NCCL operations (communication)

Figure 8: Perfetto [3] trace exported by Phantora.

overlap with matrix multiplication (computation).
Phantora can also naturally capture dynamic behaviors of

the PyTorch caching allocator as it tracks memory manage-
ment on CUDA Runtime level. Note that ML systems usually
cannot utilize all of GPU memory due to memory fragmen-
tation. Phantora can precisely reflect the fragmentation and
dynamic behaviors of the PyTorch caching allocator, leaving
the only imprecision under CUDA Runtime, i.e., the memory
management in NVIDIA GPU driver.

5.2 Simulation Accuracy

Our hardware testbed. We run Phantora on two on-premise
GPU servers, depending on which server has the closer hard-
ware to the performance report we are comparing with. One
server is equipped with 2 AMD EPYC 9355 CPUs and 4
NVIDIA H200 NVL GPUs connected via NVLink. We use
all four GPUs to collect groud truth performance numbers.
When we run Phantora, we restrict the GPU usage to a single
GPU. We use H200 testbed to reference this testbed. Another
server is equipped with 2 Intel Xeon Gold 6348 CPUs and
a single NVIDIA A100 40G GPU. We use A100 testbed to
reference this testbed.

Comparing with public performance report as ground
truth. TorchTitan provides a comprehensive benchmark re-
sults [4, 21] utilizing up to 128 GPUs with a combination of
FSDP2 and activation checkpointing. Figure 9 shows the ac-
curacy of Phantora to simulate TorchTitan’s benchmark. The
average error is 2.9% with the maximum error of 8.5% on
Llama2 13B. Note that due to the limitation of accessible hard-
ware, H100 reports [21] are evaluated on the H200 testbed,
and A100-80G reports [4] are evaluated on the A100 testbed
with a single A100-40G GPU. The difference of comput-
ing power (FLOPS) between the reported GPUs and testbed
GPUs is minor. The main difference is memory capacity,
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Figure 9: Accuracy and speed of Phantora (large scale): Training throughput reported by TorchTitan [21] using FSDP2,
simulation results and simulation speed of Phantora on the testbeds. The error bars show 95% confidence interval. “ac” means
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Figure 10: Accuracy of Phantora (small scale): Megatron
training throughput of Llama2 7B on H200 testbed with or
without optimizer, Phantora simulation results with or without
optimizer, and SimAI simulation results. The error bars show
95% confidence interval. Note that SimAI currently does not
include optimizer in its simulation.

which is configurable in Phantora and is set to the correspond-
ing amount (80GB) in both experiments.

Comparing with testbed training performance as ground
truth. Figure 10 shows the accuracy of Phantora using
Llama2 7B training with different parallelization strategies
and batch sizes. Compared with the ground truth, the average
error of Phantora is 3.7% with the maximum error of 5.3%
when tensor parallel size is 4 and micro batch size is 1. We
hypothesize that SimAI’s error is larger than expected be-
cause a core component, SimCCL, though open-sourced, had
not yet been integrated into SimAI’s open-sourced mocked
frameworks at the time of the experiment.

5.3 Simulation Speed and Scalability

Simulation speed. Figure 9 also shows the simulation speed
of Phantora on TorchTitan’s benchmark, which demonstrates
Phantora’s ability to quickly evaluate a large scale workload.
For example, Llama3 8B training with 128 GPUs takes around
15 seconds per iteration to simulate using Phantora, which
means the user can easily estimate the training throughput of
this workload in minutes.
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Figure 11: Speed of Phantora: Phantora simulation time of
Llama2 7B training (Megatron, TP=8) using 32 CPU cores
on H200 testbed.

Table 1 shows the simulation speed of Phantora in an actual
training workload on the H200 testbed. The simulation time
remains at the same level as the actual training time, and is
significantly shorter than SimAI. This difference is mainly
because Phantora uses a flow-level network simulator, while
SimAI uses a packet-level network simulator.

Figure 11 shows the Phantora’s simulation speed on
Llama2 7B training using Megatron with different numbers
of GPUs. The training uses data parallelism over tensor paral-
lelism, where tensor parallel size is fixed to 8. The batch size
per GPU is fixed to 1. Figure 11 shows that the simulation time
increases linearly with respect to the workload scale when the
number of GPUs is greater than 100, which is expected given
fixed 32 CPU cores. If we set a limit of 1 minute per iteration,
Phantora can simulate approximately 240 GPUs under this
setting. Note that Phantora simulator is still single-threaded
with one dedicated CPU core, and Megatron containers are
placed on the other 31 cores.

CPU memory usage. Sometimes users may choose to load or
initialize a full model instead of a corresponding shard on each
rank, especially when using a framework like DeepSpeed [34],
which transparently and automatically shard all models. In
this case, as discussed in §4.3, Phantora implemented model
parameter sharing on CPU memory to overcome scalability
limitation. Figure 12 shows the peak memory usage over dif-
ferent simulation scales: Without parameter sharing, 256GB



DP TP batch Testbed Phantora SimAI

1 4 1 0.30s 0.91s 56.9s
1 4 2 0.54s 0.93s 63.4s
2 2 1 0.52s 0.96s 117.7s

Table 1: Speed of Phantora (small scale): Average time per
iteration of Llama2 7B training using Megatron on H200
testbed; Average Phantora running time per iteration and
SimAI running time for one iteration. Both Phantora and
SimAI can use at most 16 cores. Note that SimAI uses packet-
level network simulation while Phantora uses flow-level net-
work simulation.
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Figure 12: CPU memory usage: Peak CPU memory usage of
Llama2 7B training simulation in DeepSpeed with or without
model parameter sharing.

of CPU memory can only support 9 GPUs, while 64 GPUs
only need less than 64GB of memory with parameter shar-
ing. This greatly improves the scalability of Phantora without
forcing users to change the training script.

5.4 Case Study: Activation Recomputation
Selective activation recomputation [18] is a technique to save
GPU memory in large scale training by discarding certain
intermediate activations in the forward pass and recomput-
ing them in the backward pass. It is widely supported in
many ML frameworks like Megatron [37], DeepSpeed [34]
and TorchTitan [21]. However, to the best of our knowledge,
no other existing simulator can simultaneously analyze its
effect on throughput and memory usage, because the exist-
ing simulators have not yet fully reimplemented this feature.
Meanwhile, Phantora can natively support this feature without
implementing any specific logic related to selective activation
recomputation.

Figure 13 shows the simulated peak memory usage and
throughput of Llama2 training on 64 H100 GPUs, comparing
activation recomputation with normal training with gradient
accumulation—a more commonly used technique to achieve
larger global batch size without increasing micro batch size.
Our simulation results largely align with the results in the
original selective activation recomputation paper [18]: selec-
tive activation recomputation greatly reduces memory usage
without introducing significant throughput overheads. This
experiment has shown that Phantora can be used to assess

the performance of new training optimizations without any
redundant reimplementation effort for simulator developers.

6 Discussion

General support of custom kernels. As detailed in §4.1,
Phantora can support custom kernel extensions in an ad-
hoc manner but still requires extra engineering effort. JIT-
compiled kernels, in principle, could be addressed by inter-
cepting the JIT compilation process. Phantora could capture
the compiled artifact for profiling, or capture the intermediate
representation and utilize the simulator’s runtime to trigger
the compilation. We leave this direction for future work.

Value-dependent performance in ML frameworks. Like
other ML system simulators, Phantora currently cannot pre-
cisely reflect some value-dependent performance characteris-
tics. One key example is expert parallelism [20], where perfor-
mance depends on the distributions of activated experts. Phan-
tora can simulate expert parallelism under the assumption of
perfect load balance, but it does not model the performance
overheads caused by expert imbalance. Another example is re-
inforcement learning (RL) for LLMs, where the performance
depends on the generation length. We believe this limita-
tion can be addressed through an annotation interface that
allows users to specify distributions of certain values (e.g.,
activated expert indices, LLM generation lengths). With these
distributions, Phantora can allow users to further estimate the
performance of their system under different scenarios. We
leave this direction to future work.

GPU itself can also have value-dependent performance of
a single operation—for instance, the performance of sparse
or quantized tensor operations may vary on different tensor
values. This could also be addressed through a similar anno-
tation interface where a desired sparsity or quantization level
is provided by the user.

Improving Phantora’s accuracy. Our main goal is maxi-
mizing ML framework code reuse, not to improve simulation
accuracy beyond existing static workload simulations. Sim-
ilar to static workload simulations, Phantora uses standard
discrete event simulation, so other techniques improving sim-
ulation accuracy should also apply to Phantora. For example,
the SimCCL library in SimAI [42] could replace the current
simple ring algorithm in Phantora for more accurate network
simulation of NCCL. As another option, Phantora could inte-
grate a packet-level network simulator to capture finer-grained
behaviors—such as adaptive routing, packet spraying and con-
gestion control dynamics—though this would likely increase
simulation time. However, because communication in ML
workloads is typically dominated by massive, long-lived bulk
transfers, a flow-level approximation is often already very
close to packet-level results.

Improving Phantora’s speed. Similarly, Phantora can adopt
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simulation performance enhancement techniques in existing
static workload simulations. For example, Phantora simulator
could parallelize profiling on multiple GPUs and adopt par-
allel discrete event simulation methods like UNISON [6] to
leverage multiple CPU cores. Additionally, Phantora’s archi-
tecture could allow containers to be easily distributed on CPU-
only clusters by changing the currently used inter-process
communication to communication over network.

Support for heterogeneous environments. Phantora cur-
rently assumes a homogeneous cluster environment matching
the hardware used for profiling. However, the architecture
can be extended to support heterogeneous clusters (e.g., clus-
ters with mixed GPU models) by connecting the simulator
to multiple distinct physical GPUs—one for each hardware
model present in the simulated cluster. Alternatively, if a pre-
populated performance estimation cache is available for the
target devices, Phantora could simulate the cluster without
requiring access to the corresponding hardware.

Non-independent computation/communication overlap
performance. Overlapping communication with computa-
tion is a standard way to hide communication latency in dis-
tributed ML systems. However, this overlap could also slow
down both operations as they share critical internal hardware
resources [22]. Currently Phantora and other simulators do
not consider this effect as it’s hard to simulate and impractical
to profile for every possible overlap. An analytical model
could help in the estimation, but we leave it for future work.

7 Related Works

Interception and Hybrid simulation. We are not the first to
consider integrating an event-driven simulator with a real sys-
tem. In the 90s, the Wisconsin Wind Tunnel (WWT) [28, 35]
explored an execution-driven simulation approach to esti-
mate performance of cache-coherent shared memory systems.
WWT also encountered the problem of synchronizing sim-
ulated time with direct-execution. The approach adopted in
WWT is to simulate every quantum, which is calculated from
the minimum inter-core communication latency. In theory,

we could also build Phantora using this idea by carefully
controlling the execution of containers (using interrupts to
stop/resume container execution), so that containers’ times
are synchronized with the simulator. However, this approach
would make Phantora significantly slower. Another key dif-
ference between Phantora and execution-driven simulation
from the computer architecture community [26] is that Phan-
tora does not faithfuly execute data operations. Phantora does
not track the GPU buffer content and does not execute GPU
computation (except profiling runtime) or communication.

Another effort is to enable event-driven network simula-
tor with real systems. Early work [41] proposed a method-
ology for constructing high-fidelity TCP/IP simulators by
re-entering the UNIX kernel, allowing the simulation to lever-
age the real-life TCP/IP protocol stack and existing network
utilities. This concept evolved into modern network simula-
tors like ns-3 [1], which could act as a special Linux network
device. This allows Linux applications to run over an ns-3
simulated network. However, this approach introduces inac-
curacies in performance estimation. ns-3 does not control
the system time of the Linux environment in the same way
Phantora controls the time of the ML system. As a result, if
ns-3 takes 1 second to simulate 10 ms of network activity, the
Linux application perceives the network as 100 times slower
than it actually is.

The concept of intercepting calls to enable new functional-
ity is well-established in systems research. For instance, Gan-
diva [46] intercepts GPU calls to enable fine-grained time-
slicing and migration for deep learning scheduling. While
Gandiva uses interception for cluster scheduling and fairness,
Phantora employs similar interception mechanisms for the
purpose of transparent performance estimation. By intercept-
ing and emulating related library calls, Phantora enables users
to estimate large-scale performance on a single GPU without
modifying the underlying framework.

Predicting CUDA kernel execution time. Predicting a
CUDA kernel’s execution time is a standard problem in ML
compilers [9, 49]. The reason is that an ML compiler’s goal
is to generate the most efficient CUDA kernel for ML opera-
tions. The approaches compilers take are usually ML-based



performance modeling, which eliminates the need to test every
CUDA kernel’s performance on real hardware. For example,
TVM [9] trains a gradient boosting decision tree by applying
a set of manually-designed features on generated code. How-
ever, our problem of predicting CUDA kernel performance
differs significantly from that of ML compilers. We focus on
a limited set of kernels—those already selected by the ML
systems (e.g., from PyTorch, Megatron [37], DeepSpeed [34]
and TorchTitan [21]). So, Phantora can use comprehensive
runtime profiling of these CUDA kernels instead of other
methods to estimate their performance.

Emulating the control plane and simulating the data plane.
We draw inspirations from CrystalNet [23] for network test-
ing. CrystalNet’s idea is to emulate a network environment
for switch control programs without actually forwarding data.
This allows CrystalNet to fully emulate large production net-
works on only tens of VMs/containers to find network bugs.
Similarly, in Phantora, all the ML system code are running
as is except the GPU operations and communication are sim-
ulated. Although in different contexts, both CrystalNet and
Phantora rely on the assumption that the control flow does
not have data dependency.

8 Conclusion

This paper introduces Phantora, a hybrid GPU cluster simu-
lator for ML system performance estimation. Phantora runs
unmodified ML models and frameworks, intercepting and sim-
ulating GPU- and network-related operations for high-fidelity
performance estimation. It addresses key research challenges,
including supporting unmodified ML frameworks, the inte-
gration of event-driven network simulators with real-time
code execution, along with techniques to improve simulation
scalability. Our evaluation shows that, Phantora achieves sim-
ilar estimation accuracy to state-of-the-art static workload
simulation methods. At the same time, Phantora’s design is
general, supporting three state-of-art LLM training frame-
works out-of-box. Further, Phantora only requires a single
GPU, eliminating the need for the resource-intensive trace col-
lection and workload extraction steps required by traditional
trace-based simulators.
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Figure 14: Non-LLM models: Testbed training time and
Phantora’s simulation results with DeepSpeed. The error bars
show 95% confidence interval.

A Evaluation for Non-LLM Workloads

Phantora’s design does not depend on any particular model
architectures. Here we evaluate Phantora for non-LLM work-
loads.

We use a single NVIDIA RTX 3090 GPU for computation
kernel profiling. The goal is to match the actual performance
of our 4-server testbed where each server has 2 Intel Xeon
Gold 5215 CPUs and 2 NVIDIA RTX 3090 GPUs. There are
8 NVIDIA RTX 3090 GPUs in total. The network topology
and bandwidth of this testbed is the input to our network sim-
ulator. We evaluate a broad set of models on DeepSpeed [34]
that are known to have different performance characteristics,
including ResNet-50 [15], Stable Diffusion [36], and Graph
Attention Network (GAT) [40].

Phantora achieves accurate simulation accuracy. Figure 14
compares Phantora’s predicted training time per iteration and
grouth truth performance numbers collected on the testbed.
the average simulation error is 6.6% under these settings with
the maximum error of 8.1% on diffusion model with 2 GPUs.
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