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Abstract
Deep learning training on HPC systems exhibits significant step-
time variability—data stalls can dominate 50–85% of training time [12,
31]—that limits efficiency. Existing benchmarks and profilers iso-
late individual components: I/O benchmarks replace compute with
sleep, compute profilers ignore I/O, and GPU tracers operate on
separate timescales. This isolation prevents understanding real vari-
ability, which stems from interactions among data loading, com-
pute, and communication competing for shared CPU resources. We
present CoDL, a framework that combines component-isolation
benchmarking with multi-level tracing on a unified microsecond
timeline, enabling diagnosis that reframes optimization from iso-
lated component throughput to CPU–GPU scheduling coordination.
On a single 4-GPU node, evaluation of ResNet-50 shows compute
duration more than doubles (+127.4%) under active data loading
and NCCL AllReduce degrades 2.8×, despite zero direct GPU-kernel
overlap with data loading; the dominant mechanism is data-loading
workers preempting GPU-launch threads on the CPU, inflating
CUDA runtime API latency by 3.3×.

CCS Concepts
• Computing methodologies→ Parallel computing method-
ologies; • Computer systems organization → Heterogeneous
(hybrid) systems.
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1 Introduction
Modern large-scale scientific workloads rely on deep learning (DL)
for discoveries in domains such as bioengineering, climate mod-
eling, and high-energy physics [5, 24]. These workloads are com-
monly trained on high-performance computing (HPC) systems with
thousands of GPUs, petabyte-scale datasets, and frequent inter-GPU
communication [13, 16]. Efficient training therefore depends on co-
ordinated optimization across the full software and hardware stack,
not just isolated kernels. Training is a pipelined system in which
data loading, compute, and communication directly affect one an-
other, so each stage must be tuned with the others in mind (e.g., in-
put staging rate, kernel launch cadence, and collective overlap) [33].

To support tuning, the HPC and ML communities have built a
rich ecosystem of benchmarks and profilers [11, 28, 37, 40, 46]. Most
benchmarks fall into two groups: component-level tests that isolate
one stage for targeted optimization [46], and end-to-end tests that
treat training as a black box and report aggregate throughput [9, 28].
Most tools are also single-layer by design: compute profilers see
framework operations and GPU kernels but miss I/O behavior; I/O
tools see file-system activity but miss compute context; and GPU
telemetry captures hardware events on a timeline that is hard to
align with application events [26]. Such methods improve individ-
ual components but still emphasize isolated behavior over pipeline
interactions (e.g., faster decode, GEMM, or collectives measured
independently) [9, 31].

However, real DL variability is driven by interactions among
components [17, 31], and current practice does not capture those
interactions well. First, many benchmarks isolate a target stage by
replacing other stages with sleep calls, which removes the shared-
resource contention that exists in real training [8]. For example,
data-loading workers, host-to-device transfers, and communication
setup can compete for CPU time and memory paths [20, 32]; sleep-
based substitution hides this interference. Second, monitoring tools
report events at separate levels (application, system, or hardware)
without a single correlated timeline, so causal links across layers
remain unclear. To optimize real pipelines, we need methods that
preserve component interactions and trace them in one unified
view (e.g., aligning data-loader activity, kernel launch latency, and
GPU execution in the same time window).

To address these limitations, we present CoDL, a framework for
systematically studying cross-component interactions and quanti-
fying their contribution to performance variability in large-scale
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DL workloads. CoDL combines two parts: a benchmark framework
with switchable data loaders and configurable compute/communi-
cation toggles, and a tracing framework that records application,
library, and hardware events on a unified timeline. Together, these
capabilities enable controlled interference experiments and cross-
layer diagnosis in realistic training settings. Using ResNet-50 and
UNet-3D, we show that cross-component interference is a dominant
source of step-time variability, and that an apparent I/O bottleneck
can actually be CPU scheduling contention that delays GPU kernel
launches by 3.3× while kernel execution remains near full speed.

The core insight is that cross-component interference in DL
pipelines manifests primarily as CPU scheduling delay on kernel
launch paths rather than as direct GPU contention; the data loaders
never touch the GPU but they preempt the host threads that do.
Surfacing this requires two capabilities together, neither sufficient
alone: (i) controllably toggling each component while preserving
real-workload semantics—sleep-based emulation removes the con-
tention being studied—and (ii) a single microsecond-resolution
timeline that aligns POSIX, framework, CUPTI, and NCCL events
captured from heterogeneous clock domains. The technical chal-
lenges are therefore semantics-preserving mocking at component
boundaries (Sec. 3), GPU–host clock unification at ingestion (Sec. 3),
and a framework-agnostic experiment schema that keeps config-
urations directly comparable across runs. The contributions of this
paper are as follows:
(1) A benchmark framework with switchable data loaders and

configurable compute/communication toggles that enable con-
trolled interference experiments.

(2) A tracing framework that captures application, library, and
hardware events on a unified timeline, enabling cross-layer in-
terference analysis.

(3) Empirical evidence from ResNet-50 and UNet-3D workloads
demonstrating that cross-component interference is the domi-
nant source of training step variability.

2 Background and Motivation
2.1 DL Training Pipeline
A distributed DL training step interleaves three components on
shared hardware.Data loadingworkers read samples from storage,
apply data transformations, and place batches into shared memory
via PyTorch’s DataLoader. Compute dequeues a batch, transfers
it to the GPU, and runs forward and backward passes. Commu-
nication synchronizes gradients across GPUs via NCCL (NVIDIA
Collective Communication Library) AllReduce, overlapped with
backward computation in DDP [27]. These components contend
for CPU cores (data loading workers vs. CUDA runtime threads vs.
NCCL proxy threads), memory bus (shared-memory writes, host-
to-device staging, gradient accumulation), and PCIe bandwidth.

The severity of this contention depends on the data access pat-
tern. Workloads that issue many small reads (e.g., ResNet-50: 16,000
JPEG images per run) tend to keep data loading threads active
across most of each step when the loader’s worker count is sized
to match prefetch demand, creating persistent CPU contention; the
actual saturation depends on worker count, prefetch depth, and the
share of per-sample work spent in CPU transforms versus device
parallelism. Workloads that issue few large reads (e.g., UNet-3D:

168 NPZ volumes per run) leave data loading threads idle during
much of compute under light preprocessing, creating only intermit-
tent contention; when per-sample preprocessing is heavy, even a
small number of reads can sustain CPU pressure [35]. This distinc-
tion predicts that many-small-reads workloads should exhibit high
step-time variance while few-large-reads workloads should remain
stable—a prediction confirmed in Section 4.

2.2 Motivation: Why Existing Tools Miss
Interference

Training step times vary significantly. Prior work has shown
that data stall time can dominate 50–85% of training time [12, 31],
with preprocessing pipeline configuration alone causing 3–13×
throughput differences [17]. This variability is not random noise: it
stems from transient resource availability (cache state, CPU alloca-
tion, storage contention) that changes between steps.

Data loading competes with compute for shared resources.
Across Google’s ML fleet, 20% of jobs spend more than a third
of their compute time in the input pipeline [32], and assigning
too many data loading workers itself causes CPU contention that
degrades rather than improves throughput [20]. These findings,
echoed by studies of asynchronous I/O interference in HPC appli-
cations [43], establish that the interaction is workload-dependent
and difficult to predict, motivating CoDL’s methodology.

Existing benchmarks and profilers miss this interaction.
DLIO [11]—the state-of-the-art I/O benchmark for DL workloads—
replaces compute with a calibrated sleep() call, which releases
the CPU during the compute window and removes the contention
that drives variability in real training. Profiling tools operate at
single levels of the stack: I/O tracers miss compute context, GPU
profilers miss I/O activity, and merging their outputs is unreliable
because different timestamp sources prevent causal alignment [26].
No existing tool captures the DL-pipeline event union—POSIX I/O,
PyTorch framework operations, CUDA kernels and runtime API,
and NCCL collectives—on a unified microsecond timeline while also
providing controllable per-component isolation. General-purpose
HPC profilers (e.g., Nsight Systems [39], HPCToolkit [1], TAU [41],
Score-P [22], THAPI [4]) each cover only part of this event union
and treat data loading as opaque user code, so the cross-component
contention this paper measures remains attributable to either “I/O
variance” or “compute jitter” depending on which tool is used.

These gaps define two requirements: (1) controlled experiments
where components can be selectively enabled or disabled without
removing realistic contention, and (2) a unified timeline across all
stack levels so interference can be diagnosed causally. Section 3
describes how CoDL provides both, and Section 4 quantifies the in-
terference directly: removing data loading workers reduces ResNet-
50 compute time by more than half, confirming that sleep-based
benchmarking misses a dominant performance effect.

3 Design
The overall goal of CoDL is to study cross-component interference
and to understand and quantify its impact on DL training variability.
To achieve this goal, our design has two main parts: a benchmark
framework and a tracing framework. We build these by extend-
ing two state-of-the-art systems that are already tailored for DL
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Figure 1: CoDL Benchmark Framework. Orange boxes are
existing DLIO components; blue boxes are CoDL extensions.

workloads but are primarily I/O-centric: DLIO as the benchmark
base [11] and DFTracer as the tracing base [10]. The extensions are
designed to preserve workload semantics while enabling controlled
interference experiments and unified cross-layer tracing.

3.1 Architecture Overview
The benchmark framework (Figure 1) provides switchable modes
with a three-run protocol; the tracing framework (Figure 2) captures
events on a unified microsecond timeline. Together they isolate
each component’s contribution to variability.

3.2 CoDL Benchmark Framework
The benchmark framework extends DLIO from I/O-focused bench-
marking to cross-component interference benchmarking. It pro-
vides controlled toggles over data loading, compute, and communi-
cation while preserving per-step workload meaning (same model
class, batch shape, and optimization path where applicable). This
enables causal comparisons across runs rather than unrelated exe-
cutions.

3.2.1 Mocking Adaptor. The goal of the Mocking Adaptor is to
selectively mock one pipeline component while keeping the seman-
tics of the remaining components unchanged. The main challenge
is that naive mocking (for example, replacing compute with un-
constrained sleep) changes resource contention and invalidates
interference conclusions. We solve this by using semantics-aware
mock modes: memory-preloaded real tensors for reduced-I/O runs,
synthetic pinned tensors with calibrated timing for no-I/O-worker
runs, and configurable real/sleep compute modes that preserve step
structure. A key design consideration is where to insert mocking
hooks. We choose component-boundary hooks (data ingress and
compute launch boundaries) rather than operator-level hooks be-
cause boundary hooks are less brittle across framework versions
and preserve portability.

Concretely, the mocking hook is inserted at the TorchFramework
.compute() boundary.When a realmodel is configured, thismethod
dispatches to PyTorchLayers.compute(), which executes the ac-
tual forward pass, loss computation, backward pass, and gradient
synchronization. When no model is loaded, the same method falls
back to sleep(computation_time), preserving step structure and
timing. Semantic equivalence is enforced by asserting model ini-
tialization before optimizer construction, verifying GPU device
consistency before DDP wrapping, and emitting identical profiling
events regardless of mode.

3.2.2 Portability Adaptor. The goal of the Portability Adaptor is to
maintain a standardized interface across data loader behaviors and
communication primitives. The challenge is heterogeneity: differ-
ent loader modes expose different APIs, runtime assumptions, and
distributed orchestration paths. We solve this with an intermediate
experiment schema that maps abstract intents (loader mode, com-
pute mode, communication mode, run protocol) to backend-specific
configurations via declarative mappings, improving reproducibil-
ity and reducing duplication. The current implementation targets
PyTorch; the declarative schema is designed to be extensible to
other frameworks (e.g., JAX, TensorFlow) by adding new mapping
backends without modifying the experiment protocol.

3.2.3 Benchmark Execution Modes. The benchmark framework
currently supports three progressive I/O-isolation modes and con-
figurable compute/communication toggles. The default mode uses
PyTorch DataLoader with configurable worker count, prefetch
depth, and multiprocessing context. Memory-Preload performs
one-time bulk loading and serves cached pinned tensors with cali-
brated sleep to remove disk variance while keeping realistic tensor
values. Synthetic mode repeatedly yields a pre-allocated pinned
tensor and removes I/O-worker contention. Compute can run as
real model execution or sleep-based emulation, and distributed
communication can be enabled via DDP with NCCL.

3.2.4 Three-Run Protocol and Calibration. A suite runner orches-
trates the three-run protocol: (1) full pipeline with disk I/O, (2)
memory-preloaded data without disk I/O, and (3) synthetic data
without I/O workers. Between runs, the runner updates configura-
tion files and isolates outputs for direct comparison. Sleep calibra-
tion is derived from full-pipeline logs by extracting per-batch load
and compute durations, filtering warmup, and applying a stable
central estimate before replay.

The calibration procedure extracts per-batch load times and per-
step compute durations from a full-pipeline run, discards warmup
(3 steps) and the final step, removes outliers exceeding 3× median,
and injects the means into mock runs as configuration fields.

3.3 CoDL Tracing Framework
The tracing framework extends DFTracer from I/O-centric tracing
to unified multi-level tracing for causal cross-component analysis.
It captures events from application I/O, framework, GPU runtime,
and communication on a normalized timeline.

3.3.1 Multi-Level Event Collection. At the application level, POSIX
and STDIO calls are intercepted via LD_PRELOAD and GOTCHA and
recorded with timestamps, durations, byte counts, and paths. At the
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Figure 2: CoDL Tracing Framework. Blue boxes are CoDL
extensions to DFTracer; white boxes are existing components.
Arrows show event flow from collection through unification
to analysis.

framework level, PyTorchDynamo integration records forward_pass
and backward_pass events, and explicit markers capture host-to-
device transfer windows. At the GPU level, CUPTI integration cap-
tures CUDA kernels, memory-copy events, and CUDA runtime API
calls. Communication events are separated from general compute
by identifying NCCL kernel patterns in the trace stream.

3.3.2 Timeline Unification. The goal of timeline unification is to
enable causal reasoning across asynchronous events (for example,
overlapped data-loader operations, kernel launches, and NCCL col-
lectives). The challenge is clock heterogeneity: application events
use host clocks, while CUPTI events use GPU-side nanosecond
clocks. We solve this by normalizing all timestamps to a common
microsecond-resolution reference timeline at ingestion time, using
calibrated offsets for GPU-origin timestamps and consistent per-
process event ordering in PFW outputs. A key design consideration
is when to normalize. We choose ingestion-time normalization in-
stead of post-hoc alignment because it reduces merge ambiguity
and limits accumulated drift during long traces.

At initialization, DFTracer records a GPU-side reference times-
tamp 𝑡0 via cuptiGetTimestamp(). All subsequent CUPTI events
(kernels, memory copies, runtime API calls) are normalized as
𝑡event = (𝑡gpu − 𝑡0)/103, converting from GPU nanoseconds to mi-
croseconds relative to tracer start. Application-level events (POSIX/ST-
DIO interceptions and PyTorch markers) use the host clock directly.
Because 𝑡0 is captured at process initialization before any GPUwork
begins, all event timestamps share a consistent per-process refer-
ence point, enabling direct temporal overlap analysis across stack
layers. For multi-node runs, each process maintains an independent
𝑡0; cross-node alignment relies on synchronized job launch rather
than explicit drift correction, which is sufficient for the single-node

experiments in this work but represents a known limitation for
multi-node deployments.

3.3.3 Analysis Pipeline. The analysis pipeline quantifies interfer-
ence in three stages. Distribution comparison evaluates duration
shifts across run modes after steady-state filtering and outlier re-
moval. Interference analysis detects temporal overlap between data-
loading events and target compute/communication events using
a sweep-line method, then groups events by interference sever-
ity. Event ranking prioritizes operations by slowdown, wall-clock
impact, and variability change (CV delta), identifying where cross-
component interference has the largest practical effect.

4 Evaluation
We evaluate CoDL along four questions: whether the methodology
is representative, whether the benchmark and tracing frameworks
are faithful, whether interference can be measured on real work-
loads (UNet-3D and ResNet-50), and whether the mechanism of
interference can be explained.

4.1 Methodology
All experiments run on the Matrix cluster at Lawrence Livermore
National Laboratory (LLNL). Each node contains two Intel Xeon
Platinum 8480+ processors (112 cores total, 3.7 GHz), 512 GB DDR5
memory, and 4 NVIDIA H100 GPUs (80GB HBM3 each), connected
via InfiniBand, with Lustre as the parallel file system. We use two
representative scientific DL workloads: ResNet-50 image classifica-
tion on 387×387 JPEG images and UNet-3D segmentation on 1283
NPZ volumes. Both workloads run on 1 node with 4 GPUs under
DDP with NCCL, with batch sizes of 200 (ResNet-50) and 7 (UNet-
3D). ResNet-50 runs for 125 training steps (5 epochs); UNet-3D runs
for 30 training steps (5 epochs). For each workload, we execute the
three-run protocol from Section 3: r1 (full pipeline with disk I/O, real
compute, and communication), r2 (memory-preloaded data with
real compute and communication), and r3 (synthetic tensors, no I/O
workers, real compute and communication). We report per-event
duration distributions, slowdown across run modes, overlap/con-
currency statistics, and event-level attribution indicators. Trace
data is collected on a unified microsecond timeline; for ResNet-50
r1 this includes ∼100,000 data-loading events, 488 compute events
(across all 4 GPUs; 122 per GPU, of which 68 are steady-state after
warmup and outlier filtering), 508K CUDA kernels, 6.6M CUDA
runtime API calls, and 295K memory-copy operations.

Software stack.TOSS 4 (RHEL-based), CUDA 12.9 (driver 13020),
NCCL 2.27.5, PyTorch ≥2.2.0, DFTracer 4.0.0 (pydftracer 1.0.11, com-
mit a2998d6), CoDL commit 057cead, DLIO commit f145958.

For UNet-3D r1, the trace comprises 168 data-loading events,
12 compute events (3 per GPU after filtering), 14K CUDA kernels,
186K CUDA runtime API calls, and 5.3K memory-copy operations.

4.2 Validating CoDL Framework: Benchmark
and Tracing

To validate the benchmark framework, we compare CoDL with
real compute enabled against a standalone PyTorch training script
under matched model, batch size, optimizer settings, and device
configuration. For each workload, we run the same number of steps,
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Table 1: Fidelity validation: Native PyTorch vs. CoDL com-
pute. Compute includes forward + backward + optimizer step
+ DDP synchronization, so it exceeds the sum of forward and
backward medians.

Workload Event Native CoDL Diff

ResNet-50 Forward pass 7.7ms 7.8ms 1.3%
Backward pass 15.2ms 15.2ms 0.0%
Compute 23.1ms 25.4ms 10.3%

UNet-3D Forward pass 28.0ms 28.1ms 0.4%
Backward pass 82.3ms 82.1ms 0.2%
Compute 110.3ms 115.7ms 4.8%

discard warmup, and compute median per-step durations for for-
ward, backward, and end-to-end compute windows. Table 1 reports
phase-level medians. Forward and backward medians match within
1% for both workloads, while overall compute medians differ by
10.3% for ResNet-50 and 4.8% for UNet-3D. This pattern indicates
that CoDL preserves compute-phase semantics and that residual dif-
ferences are dominated by constant wrapper overhead rather than
altered model behavior. Crucially, this overhead is present in CoDL
configurations (r1, r2, r3) equally, so interference measurements—
always ratios between configurations—are unaffected.

To validate the tracing framework, data-loading and compute
medians differ by less than 1% between near-equivalent configu-
rations (DataLoader vs. Memory-Preload: 0.1%; Memory-Preload
vs. Synthetic: <1%), so instrumentation perturbation is negligible
relative to the 2×–3× interference effects measured later.

4.3 Measuring Interference for Real Workloads:
UNet-3D and ResNet-50

We quantify compute-path degradation under loader contention by
comparing compute duration distributions across r1/r2/r3 (Figure 3),
then explain the mechanism using unified event timelines (Figure 4).
This design separates full contention (r1), reduced I/O contention
with realistic tensors (r2), and no loader-worker contention (r3).
Figure 3 shows the results for both workloads.

ResNet-50 (Figure 3, left). Under full-pipeline data loading (r1),
compute median is 349ms with an IQR spanning 300–550ms. Re-
moving data loading workers (r2, r3) collapses the distribution
to a 130–160ms band, with the r1-vs-r3 median ratio exceeding
2× (+127.4%). The forward pass degrades by +103.4% (55.7ms vs.
27.4ms) and the backward pass by +140.8% (52.8ms vs. 21.9ms),
consistent withmemory-intensive gradient computation under host
contention. Memory transfers slow by +87.8% (17.3ms vs. 9.2ms).
NCCL AllReduce degrades 2.8× (2.5ms vs. 875 𝜇s) because proxy
threads compete with data loading workers for CPU time. Binning
compute events by concurrent data-loading calls shows monotonic
scaling: 146ms at 1–19 concurrent loads, 299ms at 20–40, and
462ms at 41+ (3.2× spread), ruling out random variance.

UNet-3D (Figure 3, right). Compute degrades by only 6.4% (me-
dian 104.5ms vs. 98.2ms in r2), with all phases showing similarly
modest slowdowns and NCCL AllReduce unaffected. Only 8/12
compute events (67%) overlap with data loading, with concurrency

Table 2: Cross-workload interference attribution.

Metric ResNet-50 UNet-3D

Data loading events (r1) 16,000 168
Compute overlap with loading 100% 67%
Mean concurrent loads 13.4 2.0
Compute slowdown (r1 vs r2) +127.4% +6.4%
CUDA runtime API inflation 3.3× 1.5×
NCCL AllReduce slowdown +184.1% <5%

of 2.0 (vs. 13.4 for ResNet-50) and peak 10 (vs. 16). UNet-3D’s heav-
ier compute (∼100ms per step) outruns the data loading cadence,
leaving gaps where compute runs without contention.

4.4 Analyzing and Explaining Interference
The previous subsection establishes that interference exists; this
subsection explains where and how it occurs. We first character-
ize overlap structure by aligning compute-event windows with
loader-event windows on the unified timeline and then aggregat-
ing concurrency statistics over steady-state steps. In ResNet-50,
all steady-state compute events overlap with active data loading
(68/68), with a mean of 241 overlapping getitem events per compute
step summed across the compute window (instantaneous mean
13.4, peak 16, i.e., all workers), and 3.99 of 4 GPUs have active data
loading. This indicates sustained prefetch-driven pressure rather
than occasional bursts.

CUPTI-level isolation clarifies the mechanism. In ResNet-50,
traces include 508K CUDA kernels, 294K device-to-device memory
copies, and 6.6M CUDA runtime API calls. We do not observe direct
kernel overlap with data-loading events, but CUDA runtime API
latency increases from 2.93 𝜇s (r3) to 9.55 𝜇s (r1), a 3.3× increase.
This points to CPU-side scheduling delay on the launch path as the
dominant mechanism, which is difficult to detect with single-level
tools because device execution can still appear healthy.

Figure 4 visualizes this interference: data loading workers (W0–
W15) run continuously, every compute block temporally overlaps
with active loading, and batch delivery never has exclusive CPU
access. Memory transfers and forward/backward passes execute
only after data arrives, by which point the CPU is already saturated.

For UNet-3D, GPU-level traces confirm the same isolation pat-
tern: CUDA kernels (14,108), device-to-device copies (5,232), and
runtime API calls (185,628) all show zero direct overlap with data
loading—matching ResNet-50. However, CUDA runtime API call
duration increases from 50.3 𝜇s (r3) to 74.1 𝜇s (r1), a 1.5× slowdown—
less severe than ResNet-50’s 3.3×, consistent with the lower data
loading concurrency.

Table 2 distills the cross-workload comparison. The samemechanism—
CPU scheduling contention on GPU launch paths—produces an
order-of-magnitude difference in impact depending on data-loading-
to-compute ratio: persistent saturation (13.4 concurrent loads, 100%
overlap) versus intermittent interference (2.0 concurrent loads, 67%
overlap).
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Figure 3: Compute duration by configuration (shared y-axis). ResNet-50 (left): compute spans 187–1,169ms (std=231ms) under
full-pipeline data loading vs. 139–341ms without workers. UNet-3D (right): near-identical distributions across all configurations
(std=4.5–7.8ms).

5 Related Work
We situate our work relative to DL benchmarks, tracing tools,
overlap-aware training systems, and storage I/O characterization.

DLBenchmarking Landscape.DLIO [11] is the closest existing
benchmark to our work, providing configurable I/O benchmarking
for DL workloads with multiple data formats, access patterns, and
storage backends. However, compute is replaced with calibrated
sleep, removing the cross-component interference our work mea-
sures. MLPerf Storage [30] packages DLIO as its workload generator
for storage benchmarking and therefore inherits the same sleep-
based compute emulation, so cross-component CPU/GPU interfer-
ence remains invisible to both by construction; CoDL targets exactly
this gap. Full-pipeline benchmarks like MLPerf Training [28] stan-
dardize convergence-based evaluation but treat the pipeline as a
black box with no component visibility. Similar tools like Deep-
Bench [46], which benchmarks individual primitives (GEMM, con-
volutions, AllReduce), and DAWNBench [9] / AIBench [42], which
provide cost-aware and industry metrics, all measure either isolated
components or aggregate performance without revealing interac-
tions. Our framework extends DLIO with real compute and commu-
nication, enabling the first systematic measurement of interactions
between components that existing benchmarks cannot capture.

Performance Tracing and Profiling Tools. DFTracer [10]
provides analysis-friendly I/O tracing with POSIX/STDIO intercep-
tion and application-level logging on a unified timeline, but cannot
identify whether interference manifests in framework operations,
GPU kernel scheduling, or NCCL collectives. Facility-scale tools
like Darshan [7] and event-level tools like Recorder [44] capture
I/O traces but lack compute or GPU visibility. PyTorch Profiler [40]
instruments framework operations and GPU kernels via CUPTI

but does not capture I/O activity and cannot isolate components.
General-purpose HPC profilers—Nsight Systems [39] (CUDA plus
optional filesystem-plugin counters), THAPI [4] (heterogeneous
device APIs), HPCToolkit [1], TAU [41], Score-P [22], Caliper [6],
and DCDB [34] (fleet-scale telemetry)—each cover part of the DL
training stack but lack DL-framework instrumentation, treat data
loading as opaque user code, and do not provide controllable com-
ponent isolation. CoDL is the first to put the full DL-pipeline event
union—POSIX file I/O, PyTorch Dynamo operators, CUPTI kernels
and runtime API, and NCCL collectives—onto one microsecond
timeline and combine it with controllable component-isolation ex-
periments, which is what makes the kernel-launch CPU contention
identified in Sec. 4 attributable across layers. Concretely, our work
extends DFTracer with framework-level (PyTorch Dynamo [2]),
GPU (CUPTI [37]), and communication (NCCL [18]) tracing on a
unified microsecond timeline.

Overlap-Aware Training and CPU Contention Mitigation.
BytePS [21] offloads gradient summation to spare CPUs to mitigate
compute-communication contention, while Bagua [14] provides
flexible communication overlapping and hierarchical reduction.
PyTorch DDP’s gradient bucketing [27] overlaps AllReduce with
backward propagation, and NVIDIA’s CUDA Multi-Process Service
(MPS) [36] and NCCL affinity configuration [29] enable CPU-GPU
co-scheduling. GPU-side data loading systems such as NVIDIA
DALI [38] and FFCV [25] mitigate CPU contention by moving
preprocessing off the CPU entirely. These systems demonstrate
community recognition of CPU contention as a practical problem;
CoDL’s measurement infrastructure enables evaluating such miti-
gations but does not itself propose one.
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Figure 4: ResNet-50 unified event timeline. Top to bottom: data loading workers (W0–W15), compute (GPU0–GPU3), batch
yield, memory transfers. Time is normalized to first compute event. Every compute block temporally overlaps with active data
loading, confirming persistent CPU contention.

Storage Characterization and System Parameters. Storage-
side factors—stripe configuration, client-side caching, and file layouts—
affect I/O performance on parallel file systems [7, 44]. Dryden et
al. [12] show that I/O can consume up to 85% of training time at
scale and propose clairvoyant prefetching to mitigate it. Our three-
run protocol isolates storage effects, but systematic study of how
Lustre configuration affects interference magnitude remains future
work.

Training Variability and Data Pipeline Analysis. Mohan et
al. [31] document that data preprocessing creates fetch and prep
stalls that cause significant step-time variability. Isenko et al. [17]
show that preprocessing pipelines contain hidden trade-offs causing

3–13× slowdowns. Gujarati et al. [15] demonstrate that individual
DNN operations are deterministic but system-level choices intro-
duce variability. Large-scale cluster analyses [16, 19] document
queueing delays, locality effects, and resource contention in pro-
duction GPU clusters. These studies identify variability symptoms;
our work provides measurement infrastructure to diagnose the
cross-component interference mechanism.

Cross-Layer Profiling andDisaggregated Training.XSP [26]
proposes across-stack profiling to correlate framework, library, and
kernel events, noting that “existing profiling tools are disjoint and
only focus on profiling within a particular level of the stack.” Zhao
et al. [45] model data storage and ingestion contention at datacenter
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Table 3: What CoDL extends over DLIO and DFTracer (top);
capability gap vs. other DL profilers (bottom). ✓=present, –
=absent.

(a) Extensions over base systems

Component Base (DLIO / DFTracer) CoDL addition

Compute back-
end

Sleep-emulated [11] Real PyTorch model exec.
at component boundary

Communication Absent NCCL DDP toggle, AllRe-
duce events

Component
isolation

I/O modes only Mocking adaptor: 3-run
protocol (r1/r2/r3)

Configuration Per-tool YAML Portability adaptor:
framework-agnostic
schema

Framework
events

Absent PyTorch Dynamo fwd/bwd
markers

GPU events Absent CUPTI kernels, memcopies,
runtime API

Comm. trace Absent NCCL kernel-pattern iden-
tification

Timeline Host clock only [10] GPU–host clock unifica-
tion at ingest (𝑡0)

(b) Capability vs. other DL profilers

Capability D
FT
ra
ce
r

Py
T.
Pr
of
.

D
ar
sh
an

C
oD

L

I/O Tracing ✓ – ✓ ✓
Compute Tracing – ✓ – ✓
GPU Kernel Tracing – ✓ – ✓
NCCL Tracing – – – ✓
Component Isolation – – – ✓
Unified 𝜇s timescale Partial Partial – ✓

scale. On the disaggregation side, tf.data service [3] demonstrates
the value of separating data preprocessing from training compute,
and Plumber [23] decomposes ML input pipelines into analyzable
stages. Chen et al. [8] studyGPUmultiplexing interference in shared
clusters. Our work complements these efforts by providing a unified
measurement framework that can quantify interference rather than
assuming or mitigating it.

Positioning. Table 3 summarizes the capability gap. Existing
benchmarks provide isolation (DLIO) or full-pipeline measurement
(MLPerf) but not both. Existing profilers trace one or two levels but
not across all levels on a unified timeline. Overlap-aware systems
mitigate contention but lack measurement infrastructure to quan-
tify it. CoDL is the first to combine switchable data loaders and
compute/communication toggles with application-through-GPU
tracing on a unified timeline.

6 Conclusion
We presented CoDL, extending DLIO and DFTracer to systemati-
cally quantify cross-component interference inDL training pipelines
through controlled experiments that isolate I/O, compute, and com-
munication. Our evaluation on ResNet-50 and UNet-3D revealed

that interference propagates through CPU-side scheduling con-
tention rather than direct GPU contention: (1) compute duration
more than doubles under data loading interference in ResNet-50
(+127.4%), while UNet-3D shows only 6.4% degradation—the differ-
ence traced to access pattern: many small reads create persistent
contention (13.4 concurrent loads), while few large reads create
intermittent overlap (2.0 concurrent loads); (2) NCCL AllReduce
degrades 2.8× in ResNet-50 yet GPU kernels show zero direct over-
lap with data loading; (3) CUDA runtime API latency increases
3.3×, revealing that data loading workers delay the CPU threads
that launch GPU kernels rather than the kernels themselves. These
findings demonstrate that single-component benchmark optimiza-
tion (e.g., I/O throughput in isolation) can be misleading if it ig-
nores CPU contention, and that effective DL system optimization
requires understanding interference structure across all pipeline
components—which only becomes visible on unified multi-level
timelines.

Limitations and Future Work. CoDL has four scope limits we plan
to address. (1) Single-node scope. All experiments use 4 GPUs on
one node; inter-node network contention is not exercised, and our
timeline unification relies on synchronized job launch rather than
explicit cross-node clock alignment (Sec. 3). We expect contention
to amplify with multi-node runs and plan to extend timeline unifica-
tion with PTP/NTP-bounded skew correction and NCCL handshake
timestamps as alignment anchors. (2) Parallelism scope. CoDL is
validated only on DDP; tensor, pipeline, context, and expert paral-
lelism (MoE) introduce different interference patterns (e.g., pipeline
bubbles, all-to-all contention) that the mocking adaptor and tracing
layer must learn to isolate. (3) Workload scope. The evaluation cov-
ers many-small-reads (ResNet-50) and few-large-reads (UNet-3D)
image workloads, but does not cover compute-bound LLM train-
ing (checkpoint writes, large-tensor staging), inference serving, or
workloads with heavy CPU-side preprocessing where data loading
dominates regardless of read size [35]. (4) Diagnosis, not mitiga-
tion. CoDL identifies interference but does not prescribe a fix. Our
measurements suggest concrete directions—CPU pinning of data
loading workers away from kernel-launch threads, NUMA-aware
worker placement, and NCCL stream prioritization—which we plan
to evaluate using CoDL itself as the measurement substrate.
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