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ABSTRACT

Large language model (LLM) training today runs on clusters
spanning thousands of GPUs. While this scale enables rapid
model advances, developing, debugging, and performance-
tuning, the training framework inevitably becomes complex
and costly. This is because engineers often need to repro-
duce production behaviors to diagnose failures or evaluate
optimizations, thereby demanding frequent and even ex-
clusive access to production-scale clusters—which becomes
increasingly hard given that the majority of GPUs are al-
ready committed to production workloads. Simulation re-
lies on complex performance models that are difficult to
maintain, and downscaled experiments often fail to capture
scale-dependent behaviors.

We present CrystalLLM to decouple large-scale execution
from the need to access large clusters, enabling engineers to
run and observe ranks of interest under faithful large-scale
behavior using only a few GPUs. CrystalLLM constructs a
high-fidelity execution graph via a slicing-based approach
that captures computation, communication, and dependen-
cies of the target scale. Then, CrystalLLM performs hybrid
emulation where selected ranks execute the original program
while the remaining are replayed as virtual participants.

Experiments on large-scale LLM training workloads show
that CrystalLLM accurately reproduces performance and
memory behavior, achieving only 0.58% average error in
iteration time and less than 0.01% error in peak GPU memory
usage. CrystalLLM can emulate clusters of up to 8192 GPUs
using fewer than 1% of the physical GPUs required by the
original deployment.
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1 INTRODUCTION

Training large language models (LLMs) has been scaling at
an unprecedented speed. Production systems today routinely
involve thousands to tens of thousands of GPUs [7, 13, 27, 31,
46], and emerging frontier models are expected to push this
scale even further. While significant research has focused
on improving training performance at such levels [5, 6, 36—
38, 47, 50], much less attention has been paid for the cost
of developing, debugging, and optimizing the systems that
enable these workloads.

In practice, LLM training follows a DevOps workflow in
which engineers continuously analyze training telemetry,
implement optimizations, and deploy updates during ongo-
ing runs. This workflow critically depends on the ability to
reproduce and analyze field behavior under realistic condi-
tions. Unfortunately, as the cluster scale grows, the cost of
system experimentation increases proportionally. Reproduc-
ing a performance issue, validating a design change, or con-
ducting a what-if analysis often requires access to the same
production-scale cluster that runs the training job [24, 41].
Allocating thousands of GPUs solely for debugging or exper-
imentation is both expensive and operationally disruptive,
making rapid system iteration increasingly difficult.

Two existing solutions partially alleviate the issue, but
neither suffices. One option is simulation [2, 14, 19, 26, 35,
42, 44, 51], which lowers hardware cost by replacing real
execution with profiled traces and analytical models. But
simulation accuracy depends on the fidelity of those models,
and maintaining them is increasingly difficult as training
stacks evolve rapidly across frameworks, compilers, kernels,
network, and hardware generations [5, 6, 20, 32, 37, 47]. The
other option is to run real stack at smaller scale. However,
downscaling changes exactly the behaviors engineers care
about: world size, parallelization strategy, batch size, and
scheduling choices all reshape communication structure,
memory layout, and bottlenecks [34, 38]. Hence, conclusions
drawn from downscaled experiments often fail to transfer
to production. In short, we lack a way to study large-scale
training behavior faithfully without paying excessive cost.

This paper presents CrystalLLM, a system that enables
faithful emulation of large-scale LLM training using limited
hardware resources. The key insight behind CrystalLLM is
that large-scale interaction structure does not require all
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ranks—the per-GPU worker processes of a distributed train-
ing job—to execute simultaneously on physical GPUs. In-
stead, scale can be virtualized by capturing the execution
structure of a training job and selectively replaying it while
running only a subset of ranks on real hardware. By decou-
pling the logical training scale from physical GPU allocation,
CrystalLLM allows engineers to observe large-scale behavior
while using only a small fraction of the original hardware.

CrystalLLM achieves this through a two-phase design.
First, CrystalLLM constructs a high-fidelity execution graph
that captures computation, communication, and dependency
relationships across all ranks of a training job. This graph
is generated using a context-switching execution mecha-
nism that multiplexes many logical ranks onto a small set
of GPUs. Second, CrystalLLM performs hybrid emulation
in which selected ranks execute the real training program
on physical GPUs while the remaining ranks are replayed
as virtual participants that preserve the communication and
synchronization behavior of the original deployment. This
design allows engineers to run unmodified training code
while observing realistic, large-scale interactions.

In summary, this paper makes the following contributions:

o We identify faithful emulation of large-scale LLM training
as a systems problem that neither simulation nor down-
scaled execution solves, and show that scale can be vir-
tualized: only the ranks of interest need physical GPUs,
while the rest participate through replay (§2, §3).

We design CrystalLLM’s two-phase architecture: a graph
preparation subsystem that captures a full-scale job’s exe-
cution graph using only a few GPUs, via context-switched
collection and slice-based timing calibration (§4); and a
hybrid emulation runtime in which sandbox ranks run
the unmodified program while virtual ranks replay the
graph to drive their communication, made practical by
virtualized initialization and communication pruning (§5).
We evaluate CrystalLLM on large-scale training workloads
of up to 2,048 GPUs: across diverse models and paralleliza-
tion strategies, it predicts iteration time with 0.58% average
error and peak GPU memory with negligible error, using
fewer than 1% of the original hardware, and supports prac-
tical experimentation and debugging workflows (§7, §8).

CrystalLLM is available at:
https://github.com/AlibabaResearch/CrystalLLM.git.

2 MOTIVATION
2.1 The Dilemma of DevOps in LLM Training

LLM training engineers operate in a DevOps loop: they ana-
lyze telemetry and failures from prior or ongoing runs to set
optimization targets (e.g., lower step time, reduced memory
overhead); implement changes that span Python orchestra-
tion, the distributed runtime, communication libraries, and
CUDA kernels; verify them on a small number of GPUs;
and roll them out to the production job at permitted points

such as checkpoint boundaries or restarts, rolling back when
regressions appear [41].

This loop faces a fundamental constraint: GPU scarcity.
Under the competition of releasing frontier models every 3-6
months [8], the majority of GPUs are occupied by production
workloads, leaving only a small fraction (hundreds or even
tens) for development, debugging, and validation. Engineers
can implement and locally validate changes quickly, but
confirmation often arrives only after large-scale deployment.

Small-scale verification provides only partial confidence.
Performance is determined by interactions across system
layers—GPU microarchitecture, communication, and the
memory hierarchy—any of which can become the bottleneck,
and optimizations such as communication-computation
overlap [3, 49] must be designed against this full picture;
problems such as synchronization anomalies, collective
contention, and memory pressure often surface only at scale.
Meanwhile, the stack keeps moving: kernels are frequently
redesigned and fused [5, 6, 37, 47], and new GPU generations
arrive roughly every two years [18] with different compute,
memory, and interconnect characteristics. Conclusions
therefore age quickly, and each shift sends engineers back
to the scarce large-scale resources for re-validation.

2.2 Simulating Large-scale Clusters?

Engineers have long sought methods to evaluate the perfor-
mance of ML training workloads without requiring large-
scale GPU deployments. Prior work has explored simulation-
based systems [2, 14, 19, 26, 33, 35, 42, 44, 51]. These systems
approximate large-scale training behavior by constructing
and replaying intermediate representations using techniques
such as execution trace collection, operator-level profiling,
and analytical modeling, enabling performance estimation
without full-scale execution, and are effective for early de-
sign exploration.

However, simulation accuracy depends on the fidelity of
the underlying models: more detailed models capture more
behavior but take more engineering to build and maintain,
and this trade-off steepens as the stack grows more complex
and evolves faster. SimAI [42] maintains a mocked version
of the ML framework alongside the real one; Phantora [33],
though simulating at a lower level, still models each CUDA
operation and network behavior by hand. Some behaviors—
GPU kernel scheduling, thermal throttling—are opaque to
the modeler and resist accurate modeling. And as the assump-
tions embedded in a model drift from the evolving system,
profiling and re-implementation recur [33]. For questions
that require reproducing production behavior, this modeling
cost is paid again with every change to the stack.

2.3 Downscaling the Testing Environment?

Another option is downscaling: running the full stack on
a reduced deployment to approximate production behav-
ior, typically by shrinking model parameters, batch sizes, or
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parallelism degrees (e.g., DP, PP, TP, and EP) [36, 38] while
preserving the original execution paths as much as possible.

Constructing a faithful downscaled environment, how-
ever, requires careful reconfiguration. Consider observing
the pipeline communication between two middle stages to
improve communication—-computation overlap: with fewer
GPUs than production, the remaining parallelism dimensions
(DP, EP, and TP) must shrink to preserve the pipeline con-
figuration, and dependent parameters—the virtual pipeline
parallelism (VPP) degree, the global batch size—must be re-
configured accordingly [29]. The result is a configuration
that diverges from deployment: for instance, shrinking the
batch size below the VPP degree leaves too few microbatches
to drive the pipeline schedule, a case that requires special
handling yet never arises online.

Even when carefully constructed, downscaled experi-
ments often fail to reflect large-scale behavior. Training
performance is scale-sensitive: bottlenecks shift with scale
(e.g., from computation to communication and memory
capacity) [29], so conclusions may not generalize and
can even mislead optimization decisions. CPU activation
offloading [34, 36] illustrates this: deciding which activations
to offload and when to load them back trades memory
savings against interference with ongoing computation and
communication; because downscaling alters the memory
layout, per-GPU workload, and pipeline schedule, the
measured offloading benefit no longer matches production.

2.4 Selective GPU Execution: A Promising Idea

Field development workflows suggest a different intuition.
When debugging or analyzing large-scale training runtime,
engineers rarely need to inspect the behavior of all ranks si-
multaneously. Instead, they typically focus on a small subset
of ranks of interest (e.g., 8 GPUs), while the remaining ranks
simply participate in the distributed execution. For example,
engineers often examine the end-to-end step time by observ-
ing when the last rank completes an iteration, or inspect
the execution path of a specific rank to understand program
logic or diagnose failures. Similarly, debugging issues such
as out-of-memory (OOM) errors or communication stalls
typically requires detailed inspection of only a few ranks
rather than the entire deployment.

This observation raises a potential opportunity: can we
execute only the ranks of interest physically while maintain-
ing the rest of the system logically? Such an approach could
preserve deployment-scale interaction structures while sig-
nificantly reducing hardware requirements. Ideally, we can
build a hybrid emulator that decouples logical scale from
physical hardware: it first records, offline, how the job exe-
cutes at scale—what each rank does, and when—so that a few
GPUs suffice to reproduce this behavior faithfully. Engineers
then specify the ranks of interest, which run the real train-
ing program on physical GPUs, while the remaining logical

ranks are virtualized to replay the recorded behavior and
preserve the interaction structure of the full deployment.

2.5 Envision: A Trace-driven Emulator
Based on our in-production experience, we envision an em-
ulation system that achieves three goals:

e Low resource footprint. The system should emulate the
large-scale workload with only a few GPUs.

o High fidelity. The system should faithfully reproduce the
behavior of the ranks of interest as large-scale runs.

o Code reuse. The emulation system should directly reuse
the current LLM training code base to avoid unnecessary
development or maintenance overhead.

A natural approach is record-and-replay where we record
execution trace of a program and replay it in the test envi-
ronment. But, there are two challenges.

Challenge 1: You need scale to see scale. Replay presup-
poses a faithful representation of large-scale behavior—what
runs, in what order, and for how long. Capturing such a
representation, however, seems to require running the job at
full scale, precisely the cost we aim to avoid; and once ranks
are multiplexed onto fewer GPUs, the measured timing no
longer reflects the original execution.

Challenge 2: Preserving large-scale behavior at small
scale. Even given a faithful graph, the ranks of interest be-
have realistically only if the remaining thousands of ranks
participate: communication must actually arrive, and collec-
tives must complete. Hosting so many virtual participants
on a few GPUs risks exhausting memory and contending
with the sandbox for the very resources under measurement.

3 CRYSTALLLM DESIGN OVERVIEW

Our goal is to build a low-resource-footprint and high-
fidelity emulation system that allows engineers to run their
existing code while executing only the ranks of interest in
large-scale training, enabling efficient performance evalua-
tion and faithful reproduction of program behavior.

We hence develop CrystalLLM in two phases: preparation,
which captures a high-fidelity execution graph of the large-
scale job on a few GPUs, and emulation, which runs the
unmodified program on the ranks of interest while replaying
the graph around them, as if deployed at full scale.

3.1 Assumptions and Scope

Assumptions. CrystalLLM follows an offline-capture,
online-replay strategy: the execution graph is captured on
a small test cluster, then replayed to drive emulation. This
strategy holds under three assumptions. (1) Deterministic ex-
ecution. Given the same program and training configuration,
every run issues the same operation sequence, so graphs
captured across runs can be merged and replayed consis-
tently. Once the configuration changes, the graph must be
re-captured. (2) DP symmetry. Offline capture multiplexes a
few GPUs over many logical ranks, so collection time grows
with the number of distinct ranks. Asymmetric dimensions
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Figure 1. System overview. Phase 1 (graph preparation, §4) collects the bare graph via context switching (Stage 1) and fills and calibrates timing (Stage 2)
to produce the execution graph. Phase 2 (hybrid emulation, §5) runs the ranks of interest on sandbox GPUs while virtual ranks replay the graph on

assistant GPUs.
(e.g., pipeline stages) must be captured individually, whereas
data-parallel (DP) replicas produce structurally identical
graphs: capturing a single model replica suffices, and its
graph is reused across all replicas (§4.2). This symmetry
extends beyond structure: in steady-state pretraining,
symmetric ranks exhibit statistically indistinguishable
timing, so the captured graph reflects the normal (average)
behavior of the job at scale, rather than transient outliers
on individual replicas (e.g., a random straggler). (3) Timely
data supply. Online replay must keep pace with the sandbox:
communication data of virtual ranks must be GPU-resident
before the sandbox reaches the corresponding operation.
This holds when the prefetch bandwidth (host-to-GPU PCle,
e.g., 64 GB/s) exceeds the network bandwidth consuming it
(e.g., 50 GB/s per NIC) (§5.1).
When CrystalLLM is appropriate. CrystalLLM is appro-
priate for existing training jobs whose execution and com-
munication graphs are deterministic across runs, including
mainstream pretraining stacks such as Megatron-LM [38],
DeepSpeed [36], and FSDP [50]. It targets questions that can
be answered by observing selected ranks over one or a few
iterations.
When not to use CrystalLLM. CrystalLLM is not the right
tool in the following cases. (1) When runnable code for the
feature being evaluated or the target hardware does not yet
exist, simulation is more appropriate because CrystalLLM
relies on actual execution of the target software on target
GPUs. (2) Fixed-graph replay is invalid when runtime data
changes the control flow or communication structure, as in
some RL post-training workloads. (3) Behaviors that require
genuine computation by all ranks over many iterations—
including convergence or numerical drift, congestion created
jointly by all traffic, and transient-straggler distributions—
require full-scale execution. CrystalLLM may identify an
actually faulty sandbox node relative to a normal baseline
(§8), but replay does not synthesize rare failures.
Prototype coverage. Our prototype currently supports
PyTorch training programs that communicate through
NCCL [20] (NVIDIA’s collective communication library).

Fused compute-communication kernels are not yet sup-
ported; extensions to additional stacks or kernels must
preserve a single invariant—the sandbox retains the kernel
behavior it would have at full scale.

3.2 System Workflow

Phase 1: Graph preparation (§4). The first preparation sub-
system constructs a high-fidelity execution representation
(i.e., an execution graph) for all ranks in the program. Crystal-
LLM’s centralized coordinator (D) first executes the original
program on a small number of GPUs by scheduling only a
subset of ranks at a time and coordinating their progress. It
multiplexes execution across ranks and records an execution
graph for each rank. This process produces a bare graph
that encodes operations and dependencies without accurate
timing (2).

To obtain accurate timing under limited GPU resources,
CrystalLLM collects execution graph timings locally within
each slice 3—a subset of ranks executed at a time on the
available GPUs—and then merges and calibrates them to con-
struct a globally consistent execution timeline. The system
executes slices one by one. In each slice, the available GPUs
are partitioned into two roles: sandbox GPUs (@) and assis-
tant GPUs (5). A subset of ranks runs as real ranks on sand-
box GPUs, while the remaining are replayed as virtual ones
on assistant GPUs to serve as communication counterparts
and preserve correct timing (e.g., responding to collective
communication). CrystalLLM iterates over these slices in a
round-robin manner (e.g., 0-7, 8-15, ...), ensuring that each
rank is executed once as a real rank.

After collecting per-slice execution timings (s), Crystal-
LLM performs cross-slice calibration to reconstruct the com-
plete high-fidelity execution graph that captures globally
consistent large-scale behavior (7).

Phase 2: Hybrid emulation (§5). After graph prepara-
tion, CrystalLLM performs emulation in the second subsys-
tem (8. In this phase, only the specified ranks of interest are
executed using the original program on sandbox GPUs, serv-
ing as the primary observation points. The remaining ranks
are instantiated as virtual ranks and replayed on assistant
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Figure 2. Snippet from CrystalTrace capturing dependencies of 1F1B.

GPUs using the constructed execution graph; these virtual
ranks perform real communication with sandbox ranks (9).
Unlike the previous, this phase runs a single emulation in-
stance where all virtual ranks are replayed using the com-
plete execution graph with accurate timing. This enables
CrystalLLM to accurately measure metrics of interest (e.g.,
end-to-end iteration time and GPU memory usage over time)
for sandbox ranks without requiring full-scale hardware .
The required sandbox size depends on the stage. Collecting
the graph structure runs on any number of GPUs, as timing
is discarded at this stage (§4.2). For timing-sensitive stages—
slice timing filling and hybrid emulation—CrystalLLM provi-
sions the sandbox at node granularity, with enough nodes
to host one tightly-coupled parallelism group (max(TP, EP)
ranks; e.g., two 8-GPU nodes for EP=16). These groups com-
municate at per-layer, microsecond cadence (e.g., TP col-
lectives over NVLink), a granularity at which virtual peers
risk perturbing the observed timing; meanwhile, a sub-node
sandbox saves little, as it still needs an assistant node to
carry its inter-node traffic while complicating intra-node
replay. In common configurations, emulation thus requires
as few as two machines: one sandbox node and one assistant
node. The number of assistant GPUs must match that of the
sandbox GPUs to ensure sufficient network bandwidth.

4 ESTABLISHING HIGH-FIDELITY GRAPH

To enable replay during emulation, we design CrystalTrace,
a replay-oriented graph representation (§4.1) that captures
essential information while faithfully preserving large-scale
behavior at low cost. We construct this graph using a small
number of GPUs (§4.2) and ensure accurate timing (§4.3).

4.1 CrystalTrace Execution Graph

CrystalLLM constructs an execution graph that captures both
communication and computation across all ranks, providing
a complete view for replay. For each rank, the graph must
answer three questions: (1) what operations are executed
(computation and communication spans), (2) in what order
they execute (intra- and inter-rank dependencies), and (3)
how long they take (duration of each span).

A common approach is to use the PyTorch Profiler [32]
with tools such as Chakra [39] and Meta HTA [28]. However,
PyTorch Profiler incurs significant overhead—we observe
up to 20.04% iteration time increase in a 128-GPU Qwen3
training job [46]—because it is not designed for replay. It
captures operator-level events that are unnecessary for our
purpose. Since our goal is to determine when communication
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should be issued during replay (not to re-execute computa-
tion), only communication timing and dependencies need to
be preserved; operator-level details are redundant.

Motivated by this insight, we design CrystalTrace, a new
tracing format that captures only the minimal information
required for replay. CrystalTrace operates at a coarser sched-
uling granularity (e.g., per microbatch), where each schedul-
ing unit defines the minimal dependency boundary across
downstream communication.

Figure 2 shows a snippet of the graph. It consists of nodes
and edges: each node represents a computation span or a com-
munication event, identified by a unique id and a duration,
measured on the GPU with CUDA events; each edge encodes
a dependency between two nodes (id;, idy ). We distinguish
two dependency types: (1) directional, where one operation
must complete before another begins (e.g., communication
followed by computation within a rank), and (2) synchro-
nization, where all participating nodes must reach the op-
eration before any can proceed (e.g., collectives or matched
send-receive pairs).

Finally, CrystalTrace records timing from the GPU side
only, without tracing explicit CPU-side events. Because ac-
tual communication timing is determined by GPU execution—
not by when the CPU issues the call-CPU-side timestamps
are unnecessary for replay. Nor is the CPU’s influence lost:
CPU bottlenecks (e.g., data-loading stalls or kernel-launch
queuing) manifest as longer gaps between the GPU events
that CrystalTrace records, and are thus replayed as-is. By
focusing exclusively on execution structure and communica-
tion boundaries, CrystalLLM captures only what is necessary
for faithful replay, significantly reducing tracing overhead.

4.2 Stage 1: Collecting CrystalTrace

Collecting CrystalTrace for all ranks requires running the
full training job at scale, but this conflicts with the require-
ment of using only a small number of GPUs. To address
this, CrystalLLM introduces a context-switching execution
system that decouples logical execution from physical scale,
enabling graph collection on a small number of GPUs.

At a high level, CrystalLLM maintains a pool of logical
ranks, each with its own execution state. At any moment,
only N ranks are active on the N available GPUs, while
the remaining ranks are paused in CPU memory (or spilled
to disk). The CrystalLLM coordinator schedules subsets of
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ranks onto the GPUs and runs them until they block on a
communication point. When a rank blocks, its execution
state and communication context are saved, and the system
switches to other runnable ranks. By iteratively advancing all
ranks, CrystalLLM captures the full execution graph without
requiring large-scale hardware. Because each rank executes
the original program with real tensor values, this approach
guarantees that the program follows the correct code paths
and handles value-dependent logic faithfully.
End-to-end workflow. CrystalLLM runs unmodified train-
ing programs transparently and manages all ranks through
a centralized coordinator. The input can be any large-scale
training job (e.g., 256 GPUs with PP=4, TP=4, DP=16), as the
parallelism configuration is not relevant.

As shown in Figure 3, at the start of each iteration, the
coordinator schedules up to N (e.g., 4) ranks onto available
GPUs and begins recording their execution graphs. Each
rank runs until it reaches a communication point (e.g., an
all-reduce). The coordinator then checks whether all partici-
pants of the collective are active. If not, the collective cannot
proceed. For example, in Figure 3, ranks R0, R1, R2, R3, R6,
R8, R10, and R11 belong to the same collective, but not all
are active simultaneously, causing execution to block. The
active rank then stores its communication input tensors in
host memory, checkpoints its GPU context, and swaps out
to free the GPU.

Next, the coordinator schedules ranks that can unblock the
collective (e.g., R6, R8, R10, and R11), prioritizing such ranks
to reduce context switching (Appendix §A). Once all par-
ticipants reach the collective and their inputs are available,
CrystalLLM executes the collective on the CPU and produces
outputs. These outputs unblock stalled ranks, which are later
rescheduled and resume execution from where they paused.

This process—execute, block, swap out, gather tensors,
resolve communication, and resume—repeats until all ranks
complete the iteration. By the end, CrystalLLM captures the
full execution graph across all ranks, including operations
(what) and dependencies (in what order). Timing (how long)
is added later during calibration (§4.3).

User-defined communication input. While context
switching correctly handles value-dependent logic, it can
incur non-trivial overhead when GPUs are limited. First,
storage overhead can be substantial: an A100 GPU has 80 GB
of memory, so replaying a 128-GPU job requires storing
up to 128 X 80 GB (~ 10 TB) of data in host memory for

swapping; to scale beyond host memory limits, CrystalLLM
can spill inactive contexts to disk using CRIU [4]. Second,
GPU context switching itself is expensive: checkpointing
and restoring a near-full 80 GB context can take more than
two minutes using cuda-checkpoint [30].

To avoid these overheads, CrystalLLM provides an alter-
native for advanced users who have prior knowledge of their
workload: directly specifying the input and output tensors
required for communication, bypassing context-switching
entirely. These tensors can be obtained from pre-recorded
communication data from prior large-scale runs or generated
using user-defined rules. Most tensors, such as weights and
gradients, feed numerical computation rather than control
flow, and values within a reasonable range typically suffice;
user-defined rules matter for the few tensors whose values
steer the program’s execution logic. Our Megatron-LM work-
loads involved three: dataloader statuses—rank 0 broadcasts
its dataloader status after construction, and a failure termi-
nates training, so we inject a “successful” status; training
samples—embedding-layer ranks receive token indices via
broadcast within their TP group, and out-of-vocabulary in-
dices trigger index-out-of-bounds errors, so we inject valid
in-vocab values; MoE dispatch all-to-all splits—an allgather
of gating results sizes the subsequent all-to-all buffers,
and overly large splits cause unintended OOMs, so we inject
values that keep the splits within a reasonable range.

With user-provided tensors, each rank can execute inde-
pendently using its corresponding inputs on the available
GPUs, as shown in the lower part of Figure 3. For a 235B
MoE model on a 2,048-GPU target collected with 32 GPUs,
pure context switching takes about 9 hours, whereas user-
specified tensors reduce collection to 64 rounds of roughly
one minute each (~64 minutes). The rounds can be further
cut by a factor of 1/N, where N is the data-parallel (DP)
group size, since execution graphs are identical across DP
groups: only one model replica (32 ranks) needs collection—
a single round, about one minute. Re-collection is needed
only when the graph’s organization changes, i.e., parallelism
settings or collective-communication metadata; compute- or
memory-only changes (e.g., kernel fusion, recomputation)
reuse the graph and only re-calibrate timing.

4.3 Stage 2: Timing Filling and Calibration

After collecting the bare graph, we know what operations
execute and in what order, but not how long they take. This is



because graph collection introduces overheads (e.g., context
switching) that distort timing.

To recover accurate timing with limited GPUs, we divide

the training job into subsets, or slices. We execute slices se-
quentially, using all available GPUs per slice. In each slice, a
subset of ranks runs with real computation and communi-
cation, while assistant GPUs emulate the remaining ranks.
After all slices are executed, each rank has been run at least
once as a real rank, yielding accurate slice-level timing. We
then combine slice-level graphs and calibrate their timings
to construct a globally consistent execution graph.
1. Slice-by-slice timing filling. We execute the workload
in slices. In each slice, a subset of ranks runs the original
program on available GPUs, while the rest are replayed as vir-
tual ranks on assistant GPUs using the bare graph (capturing
what and in what order) to provide realistic communication
behavior. Native behaviors on real ranks, such as multi-
stream communication—-computation overlapping, are thus
naturally preserved; virtual ranks simply act as communi-
cation peers through the same framework stack, supplying
the communication data recorded or user-defined in Stage
1. This allows each real rank to observe realistic interac-
tions and enables accurate measurement of computation and
communication durations.

For example, in a 1024-rank workload, a slice may execute

ranks 0-7 on sandbox GPUs, while ranks 8-1023 are replayed
on assistant GPUs. CrystalLLM iterates over such subsets in
a round-robin manner (e.g., 0-7, 8—15, ...), ensuring every
rank is executed once as a real rank.
2. Inter-slice timing calibration. Timing within each slice
is locally accurate but not globally aligned. We therefore
use dependency information in the execution graph to align
timestamps across slices.

As shown in Figure 4, consider a pipeline-parallel job
(degree 4) split into two slices. Each slice produces its own
execution graph (e.g., slice 0 and slice 1) with locally accurate
timing. We then correlate across slices using dependencies:
for example, a receive in slice 1 depends on a send in slice 0,
so we shift the receive to occur after the send. Propagating
such constraints across the graph reconstructs consistent
cross-rank timing and removes artifacts from limited-GPU
execution. After calibration, we obtain a high-fidelity execu-
tion graph that reflects large-scale training behavior.

5 HYBRID EMULATION

After collecting the execution graph, we perform emulation
to obtain performance metrics. We next describe how the
execution graph is replayed (§5.1). We then present how
our design minimizes GPU cost during hybrid emulation by
mapping virtual ranks onto physical assistant GPUs with
low overhead through virtualized initialization (§5.2) and
communication pruning (§5.3).

5.1 Assistant GPU Workflow for Emulation

We execute the real program on sandbox GPUs while replay-
ing many virtual ranks on assistant GPUs, enabling faithful
large-scale behavior with only a few GPUs.

For virtual ranks, CrystalLLM initially instantiates only
the subset of them that directly communicate with sandbox
GPUs (detailed in §5.2). Once initialized, these ranks partici-
pate in replay. During replay, virtual ranks do not perform
real computation. Instead, they traverse the pre-collected ex-
ecution graph using its timing and dependency information,
assisting sandbox GPUs in completing communication. The
graph contains both computation and communication nodes.
When reaching a computation node (e.g., microbatch #4), a
virtual rank waits for the recorded duration. When reaching
a communication node (e.g., send #3), it performs the actual
communication with sandbox ranks.

To support this process, CrystalLLM manages replayed
tensors through a runtime prefetch pipeline. The tensor
contents come from communication data recorded during
graph collection or injected as user-defined communication
inputs. Tensors required for upcoming collective operations
are prefetched during idle communication periods to avoid
contention. We prioritize loading tensors directly from disk
into a GPU buffer pool; if GPU memory is full, tensors are
staged in a CPU buffer pool until space becomes available.
Together, these buffers act as staging caches.

In practice, the GPU buffer pool is typically sufficient. For
example, in a 512-GPU job with a single assistant GPU ma-
chine, each GPU provides over 100 GB of buffer space for
replay (excluding CUDA context usage such as NCCL); with
smaller-memory GPUs, the same aggregate buffer instead
comes from more assistant GPUs. Moreover, only tensors
involved in communication between sandbox ranks and ac-
tive virtual ranks need to be managed, significantly reducing
buffering requirements.

As a result, when a communication node is reached, the
required tensor is already resident on the GPU, fulfilling the
timely data supply assumption (§3.1): prefetch (PCle) band-
width outpaces the network bandwidth that consumes the
data. After communication completes, the tensor is evicted.
This design allows a single GPU to efficiently serve multiple
virtual ranks and communication groups on demand.

5.2 Virtual Ranks Initialization

Virtual ranks must be placed on assistant GPUs to inter-
act with sandbox GPUs, but hosting thousands of them in-
curs substantial overhead. This overhead primarily stems
from two factors. First, large-scale training creates numer-
ous communication groups (e.g., DP, TP, PP). Each virtual
rank requires its own communicator and buffer (e.g., 500
MB per group), which can quickly exhaust GPU memory.
Second, initializing thousands of these groups on a few phys-
ical GPUs causes severe contention for shared resources like



CUDA contexts and driver locks, turning initialization into
a partially serialized process that can take hours.

To address this, CrystalLLM introduces NCCL group re-
duction, which reduces overhead by selectively instantiating
only the necessary groups and ranks. During group cre-
ation, sandbox ranks remain unchanged and are initialized
normally. For virtual ranks, we instantiate only the NCCL
groups whose members overlap with sandbox ranks. Groups
that do not communicate with the sandbox are bypassed
at the PyTorch c1od layer and are never instantiated, sig-
nificantly reducing the total number of active groups. For
example, when emulating 2,000 virtual ranks, we reduce the
number of active NCCL groups from 8,617 to 82.

While reducing the number of NCCL groups helps, instan-
tiating all members within each group remains unnecessary
and can be further reduced. As shown in Figure 5, direct com-
munication between the ranks of interest and virtual ranks
occurs only among neighboring ranks, depending on the col-
lective algorithm (e.g., ring or tree). Therefore, we can safely
prune non-neighboring virtual ranks as long as we preserve
numerical correctness. This reduces both initialization cost
and runtime communication overhead.

Concretely, when all members of a group enter commu-
nicator initialization (e.g., init_process_group), they partici-
pate in a TCPStore-based barrier, where each rank increments
a counter and waits until all expected ranks have joined.
However, since we instantiate only neighboring ranks, the
number of active ranks no longer matches the expected group
size. To address this, we designate a leader among the as-
sistant ranks to additionally issue requests to TCPStore on
behalf of all non-neighbor ranks. This effectively accounts for
the missing participants and allows the initialization barrier
to complete without modifying the world size or user-level
code. Furthermore, during NCCL communicator initializa-
tion, each machine typically explores its intra-node topol-
ogy to identify its logical neighbors. We hijack the NCCL
initialization control channel to manage this information
exchange. Because the emulated cluster is homogeneous, a
leader—again chosen among the neighbor ranks—can seam-
lessly synthesize and exchange the correct intra-node topo-
logical data on behalf of all pruned ranks. This effectively
establishes the correct NCCL topology and communication
channels, successfully virtualizing the backend without the
sandbox noticing any missing peers.

5.3 Runtime Communication Pruning

Since we remove inactive, non-neighboring ranks, the origi-
nal collective communication pattern is changed at runtime
(Figure 5). We must therefore ensure that the semantics of
collective operations remain correct under this transforma-
tion; to this end, we modify NCCL’s data transmission logic
to guarantee numerical correctness.

Most NCCL collectives build on two primitive patterns:
reduction, which aggregates values toward a destination,
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Figure 5. Runtime communication pruning: only vRanks adjacent to
the sandbox on the ring (a) or tree (b) path participate.
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Figure 6. Collective numerical correctness under pruning (ring all-
reduce; sandbox Ranks 43-44, neighboring vRanks 42/45, pruned non-
neighbors omitted). Each row is a chunk. (a) Reduce: the leftmost
vRank pre-subtracts sandbox contributions (K—1, K—2) so sandbox-
owned chunks accumulate correct full values (VAL); other chunks carry
arbitrary values (ANY). (b) Broadcast: the leftmost vRank supplies full
values for all chunks.

and broadcast, which propagates values outward [20]; the
remaining operations, such as all-to-all and point-to-point
send/receive, move data directly without arithmetic. Ensur-
ing correctness for reduction and broadcast therefore covers
the collectives in our workloads.

We illustrate our approach using ring all-reduce, which
consists of both reduction and broadcast stages; the same
principles apply to other collectives. In the reduction stage,
each rank splits its data into multiple chunks and is responsi-
ble for aggregating one chunk (e.g., sum, max, or min) from
all other ranks. Let datay) denote the contribution of rank

Jj to chunk i, and let datagl)l =3 j data;i) denote the fully
reduced value. The key property is that each rank only needs
to ensure the correctness of its assigned chunk. After one
full ring round of (K — 1) communication steps, where K is
the number of ranks in the ring, each rank holds datagfl for
its assigned chunk i. In the broadcast stage, each rank then
propagates its completed chunk to all other ranks through
another ring round (K — 1), ensuring that all ranks obtain
the full result.

Figure 6 illustrates how CrystalLLM preserves collective
correctness under rank pruning. The example includes neigh-
boring virtual ranks (e.g., vRank 42 and vRank 45) and sand-
box ranks (e.g., Rank 43 and Rank 44); other pruned non-
neighboring ranks are omitted for clarity. In the reduction
stage, we leverage the key property of ring all-reduce: each
rank is responsible only for its assigned chunk. Therefore,



after pruning, we only need to ensure that sandbox ranks
compute their assigned chunks correctly. Once the ranks
of interest (e.g., ranks 43 and 44) obtain the correct values

for their chunks, i.e., datagﬁ) and datagﬁ), the state after the
reduction stage is equivalent to that of the original execution,
and the values of other chunks do not affect the outcome.
To achieve this, the leftmost virtual rank prepares ad-
justed values that compensate for missing contributions
from pruned ranks. For each chunk, the goal is to ensure
that the value received at the owning sandbox rank matches
datagfl. For the chunk owned by rank 44, since the ring

path reaches rank 44 via rank 43, the leftmost virtual rank

Ejﬁ) - datag‘}) - dataﬁ‘g, so that as the data

propagates, rank 43 adds back datagM and rank 44 subse-

prepares data

quently adds back dataﬁ“, reconstructing the correct final

full)' Similarly, for other sandbox-owned chunks,
we subtract the contributions of ranks along the remaining
path before reaching the owner (including the owner itself).
For chunks not owned by sandbox ranks, their values do not
affect the final outcome observed in the sandbox and can
therefore be assigned arbitrary values.

In the broadcast stage, each rank propagates its completed
chunk to all other ranks. At this point, the leftmost virtual
rank needs to provide correct final values for all other chunks
not owned by the sandbox ranks. Since sandbox ranks (e.g.,
ranks 43 and 44) receive the fully reduced values datagd)I
for their respective chunks during this stage, ensuring cor-
rectness for these chunks is sufficient to guarantee overall
correctness from the sandbox’s perspective.

Tree-based algorithms [20] follow the same principle.
NCCL builds hierarchical trees for inter-node communica-
tion, with intra-node ranks forming a chain behind a head
rank that carries the node’s inter-node traffic; correctness is
again enforced at the boundary where a sandbox head rank
meets a virtual rank. For a given data chunk, the sandbox
head plays one of three roles: 1) Root: the chunk’s final
reduction completes here, so its child virtual rank sends
a compensated value that, combined with the sandbox’s
own contribution, yields the correct result; the subsequent
broadcast then propagates it downward. 2) Leaf: the data
it sends upward is reduced elsewhere and does not affect
the sandbox, so correctness relies on its parent virtual
rank returning the correct final value during broadcast.
3) Intermediate: its local reduction is later overwritten by the
broadcast, so its child virtual rank can send arbitrary values
while its parent supplies the correct final value. As with the
ring, these boundary rules preserve numerical correctness
while making broad use of arbitrary values.

Beyond numerical correctness, pruning introduces no non-
determinism: sandbox NCCL executes the same number of
transmissions with the same volume as the original collec-
tive, and the placement of sandbox and virtual ranks is static

value data'**

across runs. Repeated emulations therefore differ only by
inherent hardware jitter, comparable to the run-to-run vari-
ance of real executions (§7.3).

6 IMPLEMENTATION

CrystalLLM first collects the execution graph using a cen-
tralized program coordinator, and reuses it to enable virtual
rank replayers for slice timing collection and emulation.

We implement a coordinator that orchestrates all logical
ranks during graph collection. It intercepts unmodified train-
ing programs and remaps logical ranks onto a limited set
of GPUs via context switching. We patch the PyTorch c1ed
layer to intercept communication and enable CPU-side col-
lective execution without requiring all participants to be ac-
tive. A CPU collective executor, built on torch.distributed,
processes inputs once all required tensors are available and
produces outputs that are stored and reused when ranks
resume, ensuring correctness without full concurrency.

The replayer serves both slice-level timing collection and
final emulation. The key difference lies in how the execution
graph is used. During slice execution, virtual ranks replay
only the graph structure without accurate timing, as this
does not affect the timing of real ranks within each slice;
any drift is corrected during global calibration. In contrast,
during final emulation, virtual ranks execute the calibrated
execution graph with complete timing information.

We also extend NCCL to support communication pruning.
At initialization, virtual ranks embed a magic number in
their host_hash, so that ranks recognize each other’s identity
when exchanging connection information. During execution,
if a channel involves no neighbor of sandbox ranks (i.e., not
on a path to sandbox ranks), NCCL skips the data transfer
and instead generates completion metadata to satisfy the
collective, reducing overhead while preserving correctness.

7 EVALUATION

We evaluate CrystalLLM across four dimensions. First, end-
to-end results (§7.1) show that CrystalLLM achieves high-
fidelity predictions for both iteration time and memory allo-
cation, with average errors of 0.58% and below 0.01%, respec-
tively. Second, we evaluate emulation efficiency and scalabil-
ity across target configurations (§7.2). Third, we conduct mi-
crobenchmarks to assess execution fidelity and quantify the
benefits of our key optimizations—initialization acceleration
via rank virtualization, transmission reduction via communi-
cation pruning, and timing alignment via inter-slice calibra-
tion (§7.3). Finally, we compare CrystalLLM with state-of-
the-art simulators, including Phantora [33] and SimAlI [42],
showing that CrystalLLM achieves higher estimation accu-
racy for complex training workloads (§7.4).

Experimental setup. We conduct experiments on a
2,048-GPU testbed (8 GPUs per node) using the open-source
Megatron-LM implementation of Qwen 3 MoE pretrain-
ing [1]. We evaluate three model configurations (M.1-M.3)
spanning 235B to 1.01T parameters (Table 1).



Table 1. Model structures evaluated.

Model Params Layers Heads Experts (TopK)

M.1 235B-A22B 94 64 128 (8)
M.2 503B-A20B 62 32 256 (8)
M.3 1.01T-A43B 62 64 256 (8)

Table 2. Parallelization strategies evaluated (Megatron distributed
optimizer enabled in all setups).

Strategy TP PP VPP EP GA
A 1 4 0 8 8
B 2 4 2 8 16
C 1 16 0 8 32
D 1 8 0 16 16

*TP: Tensor Parallel, PP: Pipeline Parallel, VPP: Virtual Pipeline Parallel
(number of virtual stages per pipeline stage; 0 = disabled), EP: Expert
Parallel, GA: Gradient Accumulation.

Table 3. Emulation footprint per target scale (S = sandbox nodes, A =
assistant nodes, 8 GPUs each).

Target M.1/M.2 M.3-S.C M.3-S.D
(all strat.) (EP=8) (EP=16)
512 1S+1A 1S+1A 2S+2A
1,024 1S+2A 1S+2A 2S+4A
2,048 1S+3A 1S+3A 2S+4A

To cover diverse parallelization strategies under memory
constraints, we vary tensor parallel (TP), pipeline parallel
(PP), and expert parallel (EP) sizes and gradient accumulation
steps, yielding four configurations (S.A-S.D, Table 2). Table 3
lists the emulation footprint used for each target scale, i.e.,
the number of physical nodes CrystalLLM actually occupies.

7.1 End-to-end Prediction Accuracy

End-to-end iteration time estimation. We evaluate three
cluster scales (512, 1,024, and 2,048 GPUs), each with three
model configurations and two parallelization strategies. Iter-
ation time is the framework-reported duration of one step,
including computation and communication. Each test runs
the pretraining code at the full target scale for 85 iterations,
and we report the median of the middle 70, excluding warm-
up. CrystalLLM emulates the same workload with identical
configurations and scripts. Emulation footprints follow Ta-
ble 3. Simulators have inherent limits on these workloads
(e.g., missing memory-allocation simulation or PP and MoE
support), so we compare against them separately on the con-
figurations they support (§7.4); downscaled runs are no sub-
stitute either, as shrinking the DP degree changes distributed-
optimizer sharding and triggers out-of-memory (OOM).

As shown in Figure 7, CrystalLLM tracks the baseline
across all scales, with an average error of 0.58% and a maxi-
mum of 1.98% under diverse parallelization strategies. The
use of actual GPUs for task execution, coupled with the high-
fidelity execution graph, empowers CrystalLLM to achieve
highly accurate latency estimations.

End-to-end peak memory allocation estimation. We
evaluate peak memory at the same three scales using Py-
Torch’s max_memory_allocated. Each baseline has 10 warm-
up iterations, followed by 3—-10 measured iterations.

For MoE models, memory usage varies across devices due
to uneven expert workloads after dispatch. We evaluate two
cases: (1) Balanced, using Megatron Core to ensure uniform
distribution, and (2) Imbalanced, where we inject precom-
puted skewed logits via our MoE mock router (Appendix §B)
to create non-uniform workloads.

Figure 8 shows that CrystalLLM estimates peak memory
with errors consistently below 0.01%. Furthermore, Crystal-
LLM successfully reproduces OOM errors encountered in
the baseline experiments. CrystalLLM achieves high-fidelity
memory estimation by accounting for consumption across
the entire software stack, ensuring that its peak memory
predictions are both comprehensive and accurate.

7.2 System Efficiency

We evaluate CrystalLLM’s physical resource requirements
and end-to-end emulation time across scales. Driven by the
common practice of expanding the PP degree to accommo-
date larger model states, we scale our M.2 workload from
512 to 8,192 GPUs. Specifically, we proportionally increase
the PP size from 4 to 64—the deepest pipeline the model
supports—while holding the DP size constant.

To avoid linear overhead as PP grows, CrystalLLM paral-
lelizes emulation by scaling Assistant Nodes with the target
scale (red line in Figure 9). A 1:1 Assistant-to-Sandbox Node
ratio enables concurrent profiling of pipeline stages. For ex-
ample, a 512-GPU target (PP=4) requires four sequential steps
on one Assistant Node; a 1,024-GPU target (PP=8) retains
four steps with two Assistant Nodes, keeping emulation time
comparable to the baseline.

This strategy keeps the end-to-end emulation time highly
stable (under 80 minutes) up to 8,192 GPUs; graph collection
takes only about 4 minutes, constant across scales, since
proportionally scaled assistant nodes keep the number of
collection rounds unchanged (PP=4 on one node and PP=8
on two nodes both take 4 rounds). Without proportional scal-
ing, a 1,024-GPU ablation with one Assistant Node (second
bar) must process all 8 stages sequentially, increasing the
time by about 1.6x (125 minutes)—this is how scaling breaks
down: as linear time inflation rather than memory or com-
pute saturation. Crucially, CrystalLLM maintains massive
efficiency: emulation proceeds at the same per-iteration wall-
clock time as a real run (§7.1), yet emulating an 8,192-GPU
cluster requires only 32 physical nodes in total (16 Assis-
tant, 16 Sandbox), utilizing < 0.4% of the target GPUs and
achieving > 99% resource savings. In the implementation of
hybrid emulation, CrystalLLM mitigates the overhead associ-
ated with redundant virtual rank initialization and inter-rank
communication, thereby ensuring high system efficiency.



ZZA Baseline ["ava) CrystaILLM}

Scale: 512 GPUs Scale: 1024 GPUs

Scale: 2048 GPUs

w12 +0.48%12 +0.17%12
] k [ K]
2o 9 5 o _ ’:.:
 6{ 0 12 6 : e 6 77 7
§ : 7 g K
= ( d b X 3 ( b3 /N
s 3 ) ( 3 , NI 3 % H
5 b ) ( , % 1< b /04 LR
9 0 h Va oV 0 A /X K h 0 d KA /P AX]
- 235B 235B 503B 503B 1.01T 1.01T 235B 235 503B 503B 1.01T 1.01T 235B 235B 503B 503B 1.01T 1.01T

(S.A) (S.B) (S.A) (S.B) (S.C) (S.D) (S.A) (S.B) (S.A) (S.B) (5.C) (S.D) (S.A) (S.B) (S.A) (S.B) (S.0) (S.D)

Figure 7. End-to-end iteration time estimation results.
[IEI MoE Balance (Baseline) EZ4 MoE Balance (CrystalLLM) [N MoE Imbalance (Baseline) <2 MoE Imbalance (CrystaILLM)]
> Scale: 512 GPUs Scale: 1024 GPUs Scale: 2048 GPUs
o 2 b
0.9 % 2 ! s 0.91 A ’
5 X N RN - #x K m g
= Mo A B W B OEREY wmm ®
3¢ AR Ak MR oM M W M AY AE B
j: KN BN AR R KN RN N W R
s 03 ’;4 BN N 1 K o3 ’:‘ ’g RN RN 1 ’:«
S 5 A RN PRI P 0 s o LXK R KN GRS K
P 235B 235B 503B 503B 1.01T 1.01T 235B 235B 503B 503B 1.01T 1.01T
(S.A) (S.B) (S.A) (S.B) (S.C) (S.D) (S.A) (S.B) (S.A) (S.B) (5.C) (S.D)
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Figure 8. End-to-end peak memory allocation estimation results. All estimation errors are consistently below 0.01%.

|m Emulate B Time Fill &Calibration| - ||:I Natural Variance = CrystaILLM|
= 3 Compute Kernels NCCL Kernels
= 120 16 4 ~
E 3 & 10
g 80 122 8
E 8 & = 01
o
g > 2 £ -10
o [r=rCh 0 .
€12 10281028048 4096192 > : : : : " " : : : : " "
104%102%2054°409°g1 3 2358 235B 503B 503B 1.01T 1.01T 2358 235B 503B 503B 1.01T 1.01T
(S.A) (S.B) (S.A) (S.B) (S.C) (S.D) (S.A) (S.B) (S.A) (S.B) (S.C) (S.D)

Scale
Figure 9. Emulation time breakdown.

7.3 Micro benchmarks

Execution fidelity. To validate the execution accuracy in-
side CrystalLLM, we compare its PyTorch Profiler traces
against training baselines. We perform a fine-grained, kernel-
level comparison using the absolute deviation in kernel dura-
tion. For the training baseline, we sample 32 ranks within the
same DP group and calculate the median execution duration
of each kernel. The inherent hardware jitter—the deviation of
actual execution times from this median—is represented by
the Natural Variance boxes. Then, we compare the emulated
kernel durations against the corresponding baseline medians,
with the resulting errors shown by the CrystalLLM boxes.
As shown in Figure 10, for all configurations under the scale
of 1024 ranks, the emulated variance falls within the range
of natural hardware variance. Beyond duration, we evaluate
scheduling fidelity via relative kernel start times (normal-
ized by total iteration time). Figure 12 visualizes the 1024-
rank 503B (S.B) case, plotting the natural variance across 32
baseline ranks (gray) against CrystalLLM’s deviation from
the baseline median (blue). CrystalLLM tightly tracks the
median, bounded within the +0.5% natural hardware jitter.
Across all configurations, the maximum observed start time
error is 3.64%. This kernel-level fidelity underpins the accu-
rate prediction of configuration changes that alter the kernel
composition, such as disabling Flash Attention (Table 4).

Figure 10. Kernel duration deviation from the baseline median under the 1024-rank scale.

Virtual rank initialization optimization. To enable ef-
ficient large-scale emulation, CrystalLLM features a cus-
tomized initialization mechanism. We evaluate its perfor-
mance by measuring the time and memory required to ini-
tialize and execute a global barrier operation across varying
cluster scales (64 to 8192 ranks). The testbed consists of two
8-GPU nodes: one acts as the sandbox (running one real rank
per GPU), while the other hosts all virtualized ranks. We com-
pare CrystalLLM against a baseline that uses standard NCCL
(via shared NCCL_HOSTID), where each virtual rank maintains
an independent process and CUDA context.

As shown in Figures 11a and 11b, the baseline incurs lin-
early scaling overheads. At merely 512 ranks, initializing
CUDA contexts, establishing communication channels, and
allocating NCCL buffers consumes 544.5 GB of CPU memory
and 103.7 GB of GPU memory. Consequently, initialization
takes 756.0 seconds to complete, and the baseline inevitably
encounters OOM errors at scales > 1024 ranks. In contrast,
CrystalLLM maintains a strictly constant resource footprint
regardless of the logical cluster size. By strategically allo-
cating resources only for "active" virtual ranks (i.e., direct
topological neighbors of the sandbox nodes), CrystalLLM
eliminates massive redundant contexts and buffers. Conse-
quently, CrystalLLM successfully initializes an 8192-rank
emulation in just 44.3 seconds, occupying a mere 5.4 GB of
GPU memory per physical device.
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Figure 11. Memory usage reduction and initialization acceleration of large-scale emulation in CrystalLLM.
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Virtual rank communication pruning. While the opti-
mization above minimizes initialization overhead, Crystal-
LLM must also mitigate runtime resource contention during
collective operations. Using the same two-node testbed, we
evaluate AllReduce execution. In the Vanilla solution, virtual
ranks blindly replay standard NCCL kernels, intensely con-
tending with sandbox ranks for Streaming Multiprocessors
and memory/PCle bandwidth, thereby skewing execution
timing. To ensure high fidelity, CrystalLLM prunes redun-
dant data transmissions among virtual ranks, preserving
only cross-node RDMA traffic. Figure 13 shows the trans-
mission latency across varying message sizes at a 32-rank
scale. Without pruning, the Vanilla approach suffers up to a
148x% latency inflation. By applying our pruning techniques,
CrystalLLM closely tracks the physical baseline, yielding
a maximum error of 0.2% against real executions. Further
evaluations up to 128 ranks are in Appendix §C.1.
Inter-slice calibration. To demonstrate the effectiveness
of inter-slice timing calibration, we chose the 235B model in
strategy S.B and replayed the graph before and after inter-
slice calibration. The emulated iteration time before inter-
slice calibration quickly drops from 5.7s to 5.13s, demonstrat-
ing that without proper alignment, the emulation error can
easily go higher than 10%.

7.4 Compared with Simulators
Phantora. Since Phantora [33] does not yet support pipeline
model parallelism (PP) or MoE models, we evaluate Crys-
talLLM against it on small-scale tasks within its supported
configurations. We assess their accuracy in estimating itera-
tion time and peak memory allocation under identical model
and parallelization configurations. The setup is tailored to a
32-GPU testbed using Qwen 3 4B configuration, with the TP
size set to 4 to ensure a fair comparison.

As shown in Figure 14, CrystalLLM outperforms Phantora
in both metrics. Notably, while Phantora shows a 12% error

Figure 13. Latency overhead.
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Figure 14. CrystalLLM compared with Simulators.

in typical cases, its prediction fidelity drops significantly
as the sequence length decreases—with the error rising to
64% as the GPU-side computational pressure is decreased.
This discrepancy primarily stems from two factors: (1) Phan-
tora approximates actual kernel duration using raw network
bandwidth, failing to account for the complex, multi-step
nature of collective kernels; and (2) Phantora launches multi-
ple mock processes on CPU to represent individual training
ranks, advancing the simulation via inter-process communi-
cation with a central simulator. Due to the CPU contention
among multiple processes, Phantora could not accurately
capture the impact of CPU-side Python interpreter latency
on the overall execution duration. As a result, Phantora de-
faults to omitting these latency components, leading to a
systematic underestimation of the total iteration time.
SimALl. To further evaluate the performance of simulators in
large-scale MoE training scenarios, we feed the model con-
figurations and parallelization strategies into SimAI [42] and
compare its results against CrystalLLM. Notably, SimAI does
not support memory allocation simulation and is therefore
excluded from the memory-related comparison.

Figure 14 presents the results for the 235B (M.1) model
with strategy S.A at different scales; comprehensive results
for other configurations are deferred to Appendix §C.2.
SimAl deviates substantially from the baseline, with an
average error of 77.2%. We attribute this discrepancy to
two primary factors. First, while SimAlI relies on workload
files to describe the training process, the workload-file
design fails to capture the inter-rank dependencies and
asymmetric behaviors inherent in pipeline model parallel
(PP), omitting the communication bubbles associated with
PP. Second, SimAl neglects the unique characteristics
of MoE models compared to dense ones, ignoring the
computational overheads of MoE operations such as gating,
permute, dispatch, and combine. These findings underscore



Table 4. Emulation accuracy under different training configurations.

Optimization Iteration Time (s) Peak Memory (GB)
Baseline CrystalLLM Baseline CrystalLLM
Baseline 5.62 (+0.29/—0.08) 5.70 133.76 133.76
Flash Attention Off  7.74 (+0.24/—0.08) 7.70 135.22 135.22
P2P Overlap Off 5.71 (+0.38/—0.09) 5.82 133.74 133.74
Offload Optimizer  11.98 (+0.51/—0.24) 11.61 112.07 112.07
Recompute 7.07 (+0.37/—0.08) 7.21 98.13 98.13

that simulators often require manual effort to maintain and
update simulation models for evolving architectures.

8 USE CASES AND EXPERIENCE

Our production use cases build on two properties of Crys-
talLLM. First, it faithfully reproduces the normal (average)
behavior of a training job at scale; this reproduced behav-
ior serves both as the metric for comparing configurations
and as the expected baseline against which anomalies stand
out. Second, the reproduced environment is isolated from
production and repeatable, so heavyweight inspection that
production prohibits can be applied freely. The cases below
specialize these two properties.
Tuning training configurations. A training configuration
is, in essence, an allocation of system resources—SMs, HBM,
PCle, NVLink, host CPU and memory, and the network—
which frameworks typically expose through parallelism di-
mensions (e.g., DP, TP, PP, EP) and memory-strategy inter-
faces (e.g., recomputation, offloading). Tuning it in produc-
tion is hard for three reasons. The space is large: several par-
allelism dimensions and more than a dozen memory knobs
interact non-linearly—a raw cross product beyond 10° combi-
nations, of which thousands remain viable—while analytical
estimates drift as kernels fuse or allocator behavior changes.
Trials are expensive: at current model sizes, the smallest
complete run takes more than a hundred GPUs—close to
an infrastructure team’s entire development quota, often
forcing downscaled experiments—and one full test (real data,
checkpoint loading, reaching steady state) takes 20-30 min-
utes, so a manual tuning round costs about a day and lands
on the optimum within the engineer’s experience. The op-
timum keeps moving: for multimodal workloads, sequence
lengths vary by over 10X across training stages, each lasting
days to weeks, leaving a narrow tuning window per stage.
CrystalLLM counters each: it searches parallelism and
memory configurations at production fidelity (Table 4), sur-
passing hand-tuned configurations by 3-5% MFU in our prac-
tice; it occupies only 16-32 GPUs, fitting the idle fragments
of a test cluster; and since memory strategies and sequence
lengths rarely change cross-machine communication, one
collected graph served 90 strategies in one search. During
the search, the sandbox densely samples resource telemetry
(see profiling below); when attribution is needed, engineers
hold the remaining dimensions fixed and vary a single one,
validating each change in isolation instead of waiting for the
next full-scale run, where many changes land together and
their interactions confound attribution. Such attributions

accumulate into reusable knowledge that feeds back into
system and model design.

Memory analysis. Memory behavior—allocator reuse, frag-
mentation, peak usage—emerges from the allocator’s inter-
action with the exact tensor sizes, orders, and lifetimes of
a real run, and is hard to predict analytically. CrystalLLM
reproduces this behavior in an isolated, repeatable environ-
ment, where engineers can take memory snapshots at will.
Three cases from our deployment.

MoE memory estimation: token routing is dynamic and
shifts across training stages; early-stage imbalance can
lengthen iterations by over 5% and swing memory by
up to 20 GB, so aggressive memory configurations risk
OOM while conservative ones waste GPUs. CrystalLLM
allows engineers to plug in a mock router that replays
production-observed imbalance features (Appendix §B) and
estimates the dynamic memory accurately (Figure 8).

Fragmentation attribution: after adopting a new attention
kernel, the maximum trainable sequence length unexpect-
edly dropped by 13%; snapshots showed that activations
became fine-grained, and small tensors occupied segments
that previously held large contiguous activations, lowering
reuse and raising the reserved watermark by 9% of the per-
rank GPU memory.

Memory bugs: in one code version, temporary tensors were
not released in time and the reserved-minus-allocated gap
grew abnormally; snapshots pinpointed the leak, and the fix
shrank the gap from 19% to 8% of the per-rank GPU memory.
Targeted cluster health checks. Gray failures are notori-
ously hard to pinpoint: benchmark suites [45] hardly cover
the full software stack and its corner cases. In one incident,
a job launched with an iteration time of 6.38s, against an
expected median of 5.63s drawn from historical monitoring—
14% slower. The infrastructure team collected the execution
graph offline (§4) as the normal behavior, then screened
the cluster with CrystalLLM before relaunching the job:
machines were paired, one node as sandbox running the
real training code and the other as assistant, swapping roles
afterwards—each pass costing about 20 minutes.

One sandbox node reported 6.40s versus a 5.70s median
across the other pairs; inspection revealed thermal throttling
that down-clocked its GPUs to 900MHz. The job recovered
after the node was taken offline. Generic suites miss this
issue because it manifests only under the target job’s sus-
tained execution mix. Thus, rare behaviors are localized as
deviations from the reproduced normal baseline rather than
emulated directly. CrystalLLM remains the faithful, repro-
ducible environment; its faster fault localization suggests a
broader class of applications.

Fine-grained profiling and tool development. Heavy-
weight or immature observability tools are often prohibited
online due to their overhead, pressure on the logging system,
or risk of their own bugs. CrystalLLM’s isolated environment
lifts these constraints: all results in this paper were collected



with unmodified nvidia-smi, PyTorch Profiler, and NVIDIA
Nsight Systems. The same environment also supports build-
ing new tools: in one case, we developed tracing tools on
CrystalLLM. Debugging concentrated on injection: CUDA
version incompatibilities, and the tuning of hook points and
trigger conditions. Downscaled runs could reproduce some of
these issues, but the hooks fire only on code paths exercised
under the production configuration (e.g., specific sequence-
length ranges), so the most stable way to iterate was against
the unmodified configuration—which CrystalLLM provides
on a few GPUs.

9 RELATED WORK

Answering pretraining questions with fewer GPUs.
Planning, tuning, and debugging large-scale training all call
for tools that consume far fewer GPUs than the target cluster,
but they tolerate different levels of abstraction. Simulators
answer questions from a description of the system: analyt-
ical ones [35, 44] need only operator counts, bandwidths,
and topology—usable before any hardware exists—while
profiling-driven ones [2, 14, 19, 26, 42, 51] replay kernel
timings measured on real GPUs inside a model. At near-zero
per-configuration cost, they are the right tool for sweeping
design spaces and ranking candidates.

A method can answer only what its input encodes: alloca-
tor fragmentation, SM scheduling, and interpreter latency
have no counterparts in a description; modeling them faith-
fully amounts to reimplementing the system (§2.2). Repro-
ducing these behaviors requires the artifact itself—real code
on real hardware. Downscaled observations may not trans-
fer back because the configuration changes (§2.3); full-scale
runs require the target GPU count. CrystalLLM preserves
the runnable code and target hardware model, giving up only
quantity—the physical concurrency of all ranks: enough to
determine whether this stack at scale meets its iteration-time
target, fits in memory, and reproduces production failures.
Emulating scale in other domains. Emulating a large
system on few machines has a long history; each lineage
gives up quantity through a different mechanism. Time di-
lation [16, 17] slows every node’s clock so that the same
hardware appears to offer N the bandwidth or compute—in
that setting, scale is a rate that a clock can fake. In pretrain-
ing, scale is not a rate: a larger job changes the parallelism
configuration and every rank’s execution graph, which no
rescaling of kernel durations reproduces.

Network emulation [12, 40, 43] multiplexes many light-
weight endpoints per machine and synthesizes the fabric
between them—the endpoints still execute the real applica-
tion. A faithfully executing rank cannot be made cheap this
way: multiplexed onto one GPU, its kernels no longer run at
native speed. CrystalLLM instead stops executing the other
ranks and replays them, which works because DP replicas
are statistically symmetric and the communication schedule

is static; datacenter traffic, emerging from all flows jointly,
offers no such representative subset.

Boundary emulation: CrystalNet [25] boots real switch
firmware within a change’s scope and mocks the rest—the
principle behind CrystalLLM’s neighbor-rank pruning (§5.3);
FireSim [21] and SimBricks [22] push this to cycle level. But
each mocked device acts from its own static snapshot, so the
surroundings scale by replication; a virtual rank’s actions—
what to send, and when—follow from the dependency struc-
ture of the entire job at target scale, which is why CrystalLLM
must first capture the execution graph (Phase 1).

Learned approximation: MimicNet [48] simulates one clus-
ter at full fidelity and approximates the rest with models
trained on it; CrystalLLM replaces the approximation with
execution—virtual ranks send NCCL traffic at full volume—so
a refresh is a minute-level re-collection, not retraining.

Record-and-replay [10, 11, 15] re-injects recorded inputs

to reproduce causality at arbitrary speed; CrystalLLM like-
wise re-injects communication tensors and builds on GPU
checkpointing [4, 30], but timing itself is the observable here,
so durations are replayed exactly and content is recorded
only at the sandbox boundary.
Emulating LLM training. The closest systems differ in how
much of the real artifact survives into the loop. Phantora [33]
runs the unmodified program on mock CUDA and NCCL
backends; execution stops being real at the backend, which
explains its growing error as GPU-side pressure drops (§7.4).
Echo [9] collects traces on a single device much as Phase 1
does, but replays them into a simulator with modeled com-
munication. Chakra [39] and Mystique [23] replay traces
as standalone benchmarks rather than sustaining full-scale
interaction around real ranks. CrystalLLM keeps the real
program, real GPUs, and real NCCL end to end, replacing
only remote ranks’ computation with measured durations.

10 CONCLUSION

We present CrystalLLM, a system that faithfully emulates
large-scale LLM training using a small fraction of its hard-
ware. By capturing a high-fidelity execution graph on a few
GPUs and replaying it around the ranks of interest, Crystal-
LLM reproduces deployment-scale performance and memory
behavior while running unmodified training code. In pro-
duction, it has turned experimentation that once required a
dedicated cluster into a routine that fits idle test nodes. We
are extending CrystalLLM toward broader training frame-
works and more asymmetric workloads, and we release the
system to support future research and industry adoption.
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This appendix contains supplementary material that has not
been peer-reviewed.

A COORDINATOR AND PRIORITY-BASED
CONTEXT SWITCHING ALGORITHM

The coordinator employs a greedy scheduling strategy that
maximizes system-wide progress by prioritizing processes
with the highest potential for unblocking other waiting op-
erations. Algorithm 1 presents the core switching logic.

When a process encounters a collective operation that
cannot be executed immediately, the coordinator must de-
cide which frozen process to activate on the same GPU. The
selection process (lines 3-19) applies several filtering crite-
ria to identify viable candidates. First, it excludes finished
processes and those pinned to different GPUs (lines 7-10),
ensuring only relevant processes compete for the target GPU.
Most critically, it filters out processes whose head-of-line
blocking operation is not ready (lines 11-12), as switching to
such processes would yield no forward progress.

Among eligible candidates, the coordinator selects the
process with the maximum number of pending operations
(lines 13-16). This greedy heuristic is based on the insight
that processes with more pending work are likely to unblock
a larger number of dependent operations when given GPU
time, thereby maximizing overall system throughput.

The main coordination loop (lines 21-34) handles incoming
collective notifications by first updating the pending opera-
tion counts for all waiting ranks (line 23). If all participants
in a collective operation are currently resident on GPUs,
the operation executes directly without context switching
(lines 24-25). Otherwise, the coordinator performs context
switching by freezing the requesting process, activating the
selected candidate, and storing communication tensors to
disk (lines 29-31) for later retrieval when all participants
become available.

This approach effectively transforms the limited GPU re-
sources into a larger virtual execution environment, enabling
trace generation for large-scale training scenarios using
significantly fewer physical GPUs while maintaining cor-
rectness through careful dependency tracking and progress-
oriented scheduling.

B MOE MOCK ROUTER

For MoE models, memory allocation typically varies across
devices because experts on different devices may process
uneven amounts of data after the dispatch phase. The final
data distribution is determined by the gating mechanism.
After the input data on each rank passes through the gat-
ing layer, each rank obtains the probabilities (or logits) of
its local tokens being dispatched to each expert. All ranks
participating in expert parallelism then perform communi-
cations to exchange these local probabilities. By combining
these probabilities with the routing strategy (e.g., top_k), the
final global data distribution is determined.

Algorithm 1 Priority-Based GPU Context Switching

1: Input: Trigger rank r;, Worker status S

2: Output: Best switching candidate

3: function SELECTSWITCH(r;)

4 gpu <« S[r¢].gpu_id

5 max_pending < 0, best < NULL

6 for rank € S do

7: if S[rank].status = FINISHED then continue
8 end if

9: if S[rank].gpu_id # gpu then continue
10: end if

11: if S[rank].head_op.status #+ READY then continue
12: end if

13: if S[rank].pending_ops > max_pending then

14: max_pending « S[rank].pending_ops

15: best « rank

16: end if

17: end for

18: return best

19: end function

20:

21: function HANDLECOLLECTIVE(msg)

22: r < msg.sender

23: UPDATEPENDINGOPS(msg.remaining_ranks)

24: if ALLPARTICIPANTSONGPU(msg.participants) then
25: EXECUTEDIRECT(msg)

26: else

27: candidate < SELECTSWITCH(r)

28: if candidate # NULL then

29: FREEZERANK(7)

30: AcTIVATERANK (candidate)

31: STORETENSORS(msg.tensors)

32: end if

33: end if

34: end function

35:

36: function UPDATEPENDINGOPS(waiting_ranks)

37: for rank € waiting_ranks do

38: S[rank].pending_ops < S|[rank].pending_ops + 1
39: end for

40: end function

To control the non-uniform dispatching of MoE models
and observe the resulting memory footprint after dispatch,
we designed the MoE Mock Router. This component utilizes
the Balance Ratio (br) to regulate distribution probabilities.
The br represents the ratio of the actual data volume pos-
sessed by a specific rank to the volume it would possess
under a perfectly uniform distribution. A br > 1 indicates
that the rank is over-utilized relative to the average. Since
each micro-batch must pass through all layers within a single
iteration, multiple gating operations occur, each requiring
control via br. We characterize the distribution of br in one it-
eration using statistical metrics including br_min (minimum),
br_max (maximum), br_avg (average), br_std (standard devi-
ation), br_med (median), and br_skew (skewness). Based on



Table 5. Extended evaluation of AllReduce transmission latency (ms) across different message sizes and cluster scales.

Size Baseline Vanilla Emulation CrystalLLM
16 32 64 128 16 32 64 128 16 32 64 128
16M 0.27 0.58 0.41 0.50 0.28 85.92 181.98 639.44 0.27 0.55 0.27 0.97
128M 1.22 1.17 1.56 2.17 1.22 92.98 734.74 981.97 1.18 1.12 1.82 3.97
1G 6.32 5.65 6.40 8.11 6.38 208.17 1070.08 4351.50 6.19 5.56 6.34 12.72
8G 47.72 43.61 44.34 45.04 47.92 1663.51 4256.79 12742.20 47.21 43.34 44.71 67.04
32G 189.09 173.25 177.08 177.62 189.22 6655.51 16950.36 50815.80 187.96 173.11 176.70 267.42
§ [m Baseline S CrystallLlM I simA|}§ &
. d . 5 ¥
512 Scale: 512 GPUs S 17 Scale: 1024 GPUs 9 3
2o o e
- ’ ‘! | o
c 6 B ST 5o
] K~ [ o
g 3 ol Rl
g, N 1 (KRN N §
- 2358 2358 5038 5038 1,01T 1.01T 2358 5038
GA) (BB (A (5B (5.0 (5D A B (SA) (5B

Figure 15. End-to-end iteration time estimation results compared with SimAIL

these statistics, the MoE Mock Router derives the br distri-
bution and pre-calculates the logits for all ranks within an
expert parallel group. These pre-calculated logits are sub-
sequently injected into the logits tensor generated by the
gating mechanism during each invocation.

To ensure that these pre-calculated values do not incur
additional GPU memory overhead, they are pinned in host
memory. The Mock Router performs an asynchronous in-
place copy to the GPU-resident logits tensor only when the
gating operation is triggered, effectively overwriting the
original values without allocating new device buffers.

C EXTENDED EXPERIMENTAL RESULTS

C.1 Latency Evaluation of AllReduce

Table 5 presents an extended evaluation of the AllReduce
transmission latency, detailing performance across varying
message sizes (from 16 MB to 32 GB) and expanding the
emulation scale up to 128 ranks. The results highlight the
severe resource contention inherent in the Vanilla emulation
approach, which suffers from exponential latency inflation
as the message size and cluster scale grow. In contrast, Crys-
talLLM’s communication pruning strategy consistently mini-
mizes overhead, closely tracking the physical baseline across

all tested configurations. However, as the scale reaches 128
ranks, CrystalLLM exhibits noticeable latency deviations for
large messages (e.g., 267.42 ms vs. 177.62 ms at 32 GB). This
is expected: hosting all virtual ranks on a single physical
node saturates its PCle bandwidth and SMs. As detailed in
Section 7.2, CrystalLLM gracefully resolves this hardware
bottleneck by scaling out virtual ranks across multiple assis-
tant nodes to restore emulation fidelity.

C.2 Results of CrystalLLM vs. SimAI

Figure 15 presents the comparison between CrystalLLM and
SimAT across all model and strategy configurations used in
Section 7.4. SimAl is excluded from the memory evaluation
as it does not support memory allocation simulation. Consis-
tent with the analysis in Section 7.4, SimAI underestimates
iteration time across all configurations, with an average error
of 77.2%, mainly because its workload files omit the commu-
nication bubbles of PP and the computation overheads of
MoE-specific operations.
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