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Fine-tuning large language models (LLMs) often exceeds GPU memory limits, prompting systems to offload
model states to CPU memory. However, existing offloaded training frameworks like ZeRO-Offload treat all
parameters equally and update the full model on the CPU, causing severe GPU stalls, where fast, expensive
GPUs sit idle, waiting for slow CPU updates and limited-bandwidth PCIe transfers.

We present ZenFlow, a new offloaded training framework that decouples updates between GPU and CPU
by prioritizing important gradients. ZenFlow performs in-place updates of important gradients on GPU
while offloading and accumulating less important ones on CPU without blocking training iterations, fully
overlapping CPU work with GPU computation. To make this importance-aware design scalable, ZenFlow
leverages a novel spatio-temporal locality of important gradients—concentrated in specific positions that
remain stable across iterations—to make important gradient identification efficient and lightweight while
preserving fidelity. Evaluation shows that ZenFlow achieves up to 5× end-to-end speedup, 2× lower PCIe
traffic, 85% less GPU stalls, and up to 72% lower cloud GPU cost, all while preserving accuracy.

CCS Concepts: • Computing methodologies→Machine learning; • Computer systems organization
→ Heterogeneous (hybrid) systems; • Software and its engineering→ Software performance.
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Fig. 1. GPU vs. CPU peak performance evolution.

1 Introduction
Large language models (LLMs) have become the foundation of modern natural language processing
applications, powering tasks from text generation to code synthesis [1, 30, 48, 66]. While pretrained
models [8, 48, 62, 63] offer general-purpose capabilities, fine-tuning them on domain-specific data is
often essential for achieving high performance on downstream tasks. However, as LLM sizes grow,
the memory demands of fine-tuning far exceed the capacity of a single GPU, making large-scale
training increasingly challenging [5, 13, 56].

To address this memory bottleneck, offloading-based training systems, such as ZeRO-Offload [53],
ZeRO-Infinity [50], and StrongHold [61], have emerged as promising solutions. These systems
reduce GPU memory consumption by offloading model states (e.g., gradients and optimizer states)
to CPU memory or NVMe storage and performing optimizer updates on the CPU. However, the
CPU-GPU performance gap has widened rapidly (see Fig. 1), increasing from 28 TFLOPS to 2248
TFLOPS in the last couple of years, so CPU-side optimizer updates and PCIe transfers are largely
exposed to the critical path, causing long GPU stalls (Fig. 2). For example, on fine-tuning a Llama-2-
7B [63] model with 4× A100 GPUs, one training step time experiences a dramatic increase from
0.5s to 7s when enabling offloading, a 14× slowdown.

Fig. 2. Comparison of GPU utilization over time.

We identify two major sources of inefficiency in existing offloaded training systems: (1) Long
stalls caused by slow CPU-side updates, which delay the next training iteration and leave GPUs
idle. (2) High I/O cost, as each iteration requires transferring the full set of gradients and updated
parameters between GPU and CPU.
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These performance bottlenecks stem from critical limitations of current offloading systems:
(1) They adopt a uniform strategy that treats all parameters and gradients as equally important,
regardless of how much each individual gradient actually contributes to learning. (2) They rely
on slow CPU with limited computation and PCIe bandwidth for updating and transferring entire
model states.

In practice, this causes slow CPU to bottleneck fast and more expensive GPU. As shown in Fig. 2,
during three consecutive training steps, ZeRO-Offload suffers from repeated GPU stalls—each
lasting up to 5 seconds within a 7-second step—where GPU utilization drops to nearly 0%. These
prolonged idle periods dominate the training time, resulting in severe underutilization of GPU
resources.
However, our analysis and former study [2, 3, 27, 39] reveal that LLM gradients are highly

imbalanced: the top 1% of gradients account for over 90% of the total gradient norm. Consequently,
existing hardware-agnostic treatment of gradients leads to wasted computation and communication
on low-impact updates, stalling overall training throughput.
We introduce ZenFlow, the first offloaded training system that decouples parameter updates

based on both hardware heterogeneity and learning dynamics (e.g., the gradient importance). The
key insight behind ZenFlow is to treat important and unimportant updates differently: by retaining
the small but critical subset of gradients on GPU for immediate updates, ZenFlow avoids GPU stalls
and ensures fast updates on important parameters. Meanwhile, remaining less important gradients
are offloaded to the slower CPU, where they are slowly accumulated and updated. This strategy
preserves the learning contribution of less important gradients while avoiding frequent update
and I/O cost. By amortizing CPU-side updates over multiple GPU iterations, ZenFlow effectively
combines the high speed of GPU with the cost efficiency of CPU. As illustrated in Fig. 2, this design
enables ZenFlow to eliminate repeated GPU stalls seen in ZeRO-Offload, resulting in consistently
high GPU utilization and significantly improved end-to-end efficiency.

A key challenge in realizing ZenFlow is determining which parameters are important enough to
be updated immediately on GPUs. This becomes particularly difficult in distributed training settings
such as ZeRO [49], where each GPU holds a shard of the full model and its corresponding gradients.
Performing an AllGather to collect the full gradient matrix across GPUs would incur prohibitive
communication andmemory cost. To address this, ZenFlow leverages a novel observation: to our best
knowledge, we are the first to identify that important gradients in LLM fine-tuning exhibit strong spatial
and temporal locality. Specifically, we find that a small subset of input dimensions (i.e., channels)
consistently carries high-magnitude gradients across training steps. By tracking and reusing this
compact set of important channels, ZenFlow enables efficient, scalable importance-aware training
without expensive global synchronization.

This paper makes the following contributions:

• We discover and characterize a novel spatio-temporal locality property of important gradients in
LLM fine-tuning.

• We design a lightweight method to identify important gradients in distributed training without
costly global synchronization.

• We build ZenFlow, a fine-grained CPU-GPU pipeline that decouples parameter updates with
different importance to minimize GPU stalls and I/O overhead.

• We build ZenFlow on DeepSpeed [51] and evaluate it thoroughly across single-GPU and multi-
GPU settings. ZenFlow achieves 3.6-5× end-to-end speedup compared to state-of-the-art offload-
ing systems while maintaining accuracy across diverse LLMs and fine-tuning tasks.

Open-source release.ZenFlow has been integrated into and is open-sourced at deepspeedai/DeepSpeed.
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Fig. 3. Offloading strategy comparison. (a) ZeRO-Offload [53] sequentially executes FP and BP on GPU,
then offloads gradients and performs UP on CPU, leaving the GPU idle. (b) StrongHold [61] overlaps CPU
updates with GPU backward computation and gradient offloading by offloading and updating gradients
layer by layer. However, CPU-side update is still too slow to hide, causing GPU stalls. (c) Example: iteration
with accumulation: Update occurs every two steps—one for accumulation (i.e., gradients are summed
without applying updates) (ACC), one for normal update (UP). (d) ZenFlow prioritizes parameter updates
for important gradient (§3.3) on fast GPU to leverage its high compute bandwidth, while accumulating
unimportant gradients in several rounds on slow CPU to reduce unnecessary parameter update overhead
(§3.1). This design decouples fast GPU computing from slow CPU processing, minimizing GPU stalls and
reducing data movement (§3.2).

2 Background and Motivation
2.1 Distributed Training Systems
Basics of Distributed Training. Deep learning model training typically consists of millions of
iterations performed across multiple training epochs [8, 62, 63]. Each iteration mainly involves
three stages: forward propagation (FP), backward propagation (BP), and parameter update (UP).
In the FP stage, a batch of training data is passed through the model to compute the output and
loss based on an objective function. In the BP stage, the model propagates the loss value reversely
through model layers to compute gradients for each model parameter. Finally, in the UP stage,
model parameters are updated using the computed gradients through an optimization algorithm by
the optimizer (e.g., SGD [7], Adam [31]).
Distributed Training. To train large models efficiently, distributed parallelism is widely adopted.
When models fit in GPU memory, data parallelism [33] is commonly used, replicating the model
across devices and sharding/distributing input batches. For larger models that exceed memory
capacity, model parallelism [58] and pipeline parallelism [26, 45] partition model layers across
devices to utilize aggregate memory. Furthermore, ZeRO [51] extends data parallelism by sharding
model parameters, gradients, and optimizer states across devices. ZeRO can be regarded as a
hybrid of data and model parallelism: each device processes a full batch in data parallelism style
while applying model-parallelism-like partitioning to memory-intensive states. This design enables
training models far beyond single-device memory limits and has become foundational in modern
systems such as DeepSpeed [51], Megatron-LM [58], and PyTorch FSDP [75].
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Table 1. Comparison of fine-tuning approaches.

Method Parameter Updates Memory Cost Training Speed

Full Fine-tuning Full (100%) Very High (4M) Low
PEFT (e.g., LoRA) Partial (< 1%) Low (M) High
ZeRO-Offload Full (100%) Low (M) Low
ZenFlow (ours) Full (100%) Low (M) High

Fig. 4. Per-iteration time breakdown
under ZeRO-Offload when training
Qwen2.5-{1.5B,3B} and Llama2-{7B,
13B} models.

Fig. 5. CDF of gradient norm squared
across all gradients on fine-tuning
Qwen2.5-0.5B on the Alpaca52K
dataset.

2.2 Memory-Efficient Training
Training memory is dominated by persistent states (i.e., parameters, gradients, and optimizer states),
while activations are short-lived. In BF16/FP16, if parameters take𝑀 , gradients add another𝑀 , and
optimizer states add 2𝑀 , approximately 4𝑀 in total (see Table 2). For Llama2-7B, that is 14GB each
for parameters and gradients, and 28GB for optimizer states—totaling 56GB, which easily exceeds
the memory limit of an A100 40GB GPU.
Offloaded Training. To mitigate the GPU memory bottleneck, some offloading techniques [24,
50, 52, 53] have been proposed to transfer model parameters and optimizer states from the GPU
memory to other storage, such as CPU DRAM or NVMe storage. Those methods reduce the GPU
memory consumption and enable “out-of-core” training of larger models. ZeRO-Offload [53] in the
DeepSpeed ZeRO series [49, 50, 53], is one of those state-of-the-art systems.

Fig. 3(a) illustrates the workflow of ZeRO-Offload. In each training iteration (𝑆𝑡𝑒𝑝𝐼 ), the forward
pass (𝐹𝑃 𝐼 ) and backward pass (𝐵𝑃 𝐼 ) are executed on the GPU. During the backward pass, the
gradients are computed and then transferred from GPU to CPU memory, where the CPU performs
the parameter update (𝑈𝑃 𝐼 ). Once the update is complete, the updated parameters Δ𝑊𝐼 are fetched
back to the GPU for the forward pass in the next training iteration. During the UP stage (the
parameter updating), the GPU is idle, waiting for the updated parameters to be fetched from the
CPU.
Parameter-Efficient Fine-Tuning (PEFT). As summarized in Table 1, PEFT methods reduce
training cost by updating only a small subset of parameters instead of all parameters. Typical PEFT
approaches include adapters [21], prefix-tuning [34], LoRA [18, 23], and GaLore [74]. Among them,
LoRA is the most widely used: it trains low-rank adapters while freezing the original weights,
updating less than 1% of parameters. This design enables low memory usage and fast training.
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Table 2. Resource requirement for fine-tuning Llama2-7B (BF16) on 4× A100 80GB GPUs with ZeRO-Offload.

Memory Param. Optim. States Gradient
14GB (𝑀) 28GB (2𝑀) 14GB (𝑀)

Computation FP on GPU BP on GPU UP on CPU
45𝑚𝑠/step 2,000𝑚𝑠/step 4,600𝑚𝑠/step

Communication

CPU-GPU
Bandwidth

Gradient
Accumulation

Param.
Update

∼28GB/s GPU→CPU
14GB (𝑀)

CPU→GPU
14GB (𝑀)

However, this efficiency comes at the cost of representational fidelity. PEFT methods are structurally
incapable of full-parameter adaptation, which can lead to suboptimal convergence and fail to capture
the deep weight shifts required for domain specialization [10, 12, 15, 38, 47]. In this paper, we target
full fine-tuning to maximize generality. Nevertheless, ZenFlow remains compatible with PEFT
methods and can be combined when parameter efficiency is required.

2.3 Problems and Insights
Problem: Fast GPU execution is frequently stalled by slow CPU-side update. To understand
the performance bottleneck of offloading-based fine-tuning, we break down per-iteration time when
fine-tuning Qwen2.5 and Llama2 model series with various sizes (see Fig. 4). We use ZeRO-Offload
with fully parallelized CPUAdam optimizer.

Each iteration is broken down into four stages: forward pass (FP), backward pass (BP), gradient
offloading (GO), and parameter update (UP). With ZeRO-Offload, the forward and backward passes
run on the GPU, the gradients are transferred to the CPU, and the update phase is computed
entirely on the CPU with the CPUAdam optimizer. Despite parallelizing the CPUAdam optimizer
across 128 CPU threads, the CPU-side update is a significant bottleneck (see Fig. 4). For example,
when fine-tuning a Llama2-7B model, the update stage on the CPU takes ∼4,600𝑚𝑠—over twice as
long as the backward pass time of 2,000𝑚𝑠 , which leads to GPU idling, as the GPU must wait for
the CPU to complete its update computation before proceeding to the next iteration.
To improve GPU utilization, one natural solution from StrongHold [61] is to overlap CPU

updates with GPU computation using layer-wise scheduling (Fig. 3 (b)). In this strategy, each
layer’s gradients are offloaded and updated sequentially during the backward pass, allowing
the CPU to begin updating earlier layers while the GPU continues computing later ones. This
pipelined execution enables partial overlap between CPU-side updates and the GPU-side backward
computation. For example, as soon as the gradient for layer 𝑙𝑛 is computed, it can be offloaded and
the corresponding update initiated on the CPU, rather than waiting for the full backward pass (for
all remaining layers from 𝑙𝑛−1 to 𝑙0) to complete. This allows updated parameters to be uploaded
back to the GPU earlier, reducing GPU idle time.

Although layer-wise scheduling can partially overlap CPU and GPU tasks, the CPU update phase
is too long to be fully hidden (4,600𝑚𝑠 on the CPU vs. 2,000𝑚𝑠 on the GPU).
As a result, GPU execution is frequently stalled, waiting for the CPU update even with aggressive

multi-threaded optimization and optimal overlap.
Furthermore, parameter upload introduces additional stalls. While gradient offloading overlaps

naturally with the backward pass (since gradients can be streamed asynchronously to CPU), the
next iteration must wait for updated parameters to return from CPU via PCIe. This adds additional
500𝑚𝑠 stall per iteration as shown in Fig. 3(c).
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Next, we present insights to address the core limitation of existing offloaded training systems.
Insight #1: Gradients/parameters with different importance should be treated differently
to decouple GPU/ CPU execution and reduce communication. It has been observed that the
gradients of different parameters have different importance in deep neural network training [3, 19,
39, 60]. For example, Fig. 5 shows that top 1% of gradients account for ∼90% of the gradient norm.
However, the current offloading techniques overlook this difference in gradients, treating them
equally and offloading all of them to the CPU regardless of their impacts. This uniform treatment
introduces unnecessary inefficiencies. Take Llama2-7B as an example. An important subset of its
parameters could be updated and transferred in ∼50𝑚𝑠 , but under the uniform scheme they stall
until the full CPU update (4,600𝑚𝑠) and parameter transfer (500𝑚𝑠) complete. In other words, the
few important parameters that drive learning are forced to wait through ∼5 𝑠 of unnecessary work
dominated by unimportant ones.

This observation leads to a key research question: Can we decouple important and less important
gradients, and assign them to different hardware resources accordingly? To mitigate unnecessary
stalls, we propose updating important gradients directly on the GPU—leveraging its high computing
bandwidth—while offloading and accumulating the remaining less important gradients on the CPU.
This design relaxes the tight coupling between GPU execution and the full CPU update cycle,
allowing the GPU to proceed without waiting on low-priority updates. The CPU-side accumulation
proceeds concurrently and is typically fast enough (e.g., ∼500𝑚𝑠) to be hidden within the backward
pass, thereby avoiding additional delay and improving GPU utilization.
Challenge: Full gradient view is expensive in fully sharded distributed training. To leverage
gradient importance during training, selecting important gradients correctly and efficiently is a
critical step.

A simple yet effective approach is top-𝑘 selection, which retains the gradients with the highest
magnitudes. This strategy has been widely studied and applied in prior work [3, 20, 25, 27]. However,
the top-𝑘 selection assumes access to the full set of gradients—what we refer to as a global gradient
view.

In fully sharded distributed training, this assumption breaks. Each GPU holds only a fraction of
the model parameters and computes gradients for its local shard, making global top-𝑘 selection
expensive, because constructing a fully global view would require gathering and synchronizing
gradients across all devices, incurring significant communication overhead and causing peak
memory usage spikes due to gathered full gradient matrix. Therefore, directly applying existing
global top-𝑘 selection is not practical.
Insight #2: Important LLM gradients show both spatial and temporal locality. To address
the challenge posed by the lack of a global gradient view in fully sharded distributed training, we
next investigate an important research question: Do important gradients in LLM fine-tuning exhibit
spatial or temporal locality that we can exploit to approximate global top-𝑘 selection more efficiently?
To answer this, we analyze the gradient importance distribution during fine-tuning. As a rep-

resentative case, we use Qwen2.5-0.5B on the Alpaca52K dataset to illustrate. We also evaluate
whether this locality generalizes across model architectures and optimizers in §6.6.

First, we observe clear spatial locality in the gradient distribution. As shown in Fig. 6(a), the
top 1% of gradients (highlighted in orange) are not uniformly distributed but instead concentrated
in a narrow subset of columns, each corresponding to a specific input channel. This pattern persists
across iterations (see Fig. 6(b) and discussed next).
This result suggests that a small set of input features consistently receive large updates during

fine-tuning. This is because transformer activations are often localized across channels during
inference [28, 57], and such patterns propagate backward to the gradients.
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Fig. 6. Localities of gradients during fine-tuning.

Based on this, instead of performing the expensive global top-𝑘 selection over the entire parameter
matrix, we can approximate gradient importance by identifying and tracking a small set of important
input channels—an approach significantly cheaper in both computation and communication.

Second, we find that these important input channels also exhibit temporal locality. As shown
in Fig. 6(b), the top 1% of important input-channel indices remain stable across iterations, forming
persistent horizontal bands over time. This indicates that the same small subset of input channels
consistently receives large updates during fine-tuning: these channels contribute more to the
learning process than others, and their importance remains stable over time. While occasional
deviations occur—likely due to exploration of alternative subspaces—the overall importance remains
stable. Empirically, the top-1% channels exhibit a retention rate above 90%, while the retention
rate approaches 100% under a looser threshold (e.g., top-5%). Therefore, we can efficiently track
important gradients by maintaining a stable set of channels.

This spatio-temporal locality enables a lightweight approximation to global top-𝑘 selection: rather
than recomputing gradient importance every iteration, we can approximate important gradients
efficiently using a slowly-updated set of important channels. This drastically reduces communication
and synchronization overhead, while preserving high fidelity in identifying important updates.

3 ZenFlow Design
The challenges and insights discussed in §2 motivate ZenFlow, a system that leverages gradient
importance and gradients’ spatio-temporal locality to mitigate the I/O bottleneck and GPU stalls
in offloading training. ZenFlow decouples gradient updates across heterogeneous hardware and
minimizes communication overhead without sacrificing accuracy. This section presents the design
of ZenFlow with the following goals:
• Goal #1.Minimize GPU stalls caused by slow CPU (i.e., I/O and computation overhead associated
with unimportant gradients and parameters).
• Goal #2. Ensure training reproducibility with deterministically scheduled update process.
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• Goal #3. Guarantee training accuracy by preserving all (important and less important) gradient
information.

3.1 Importance-aware Offloading Workflow
We begin by presenting the overall workflow of ZenFlow to provide a high-level view of how it
decouples gradient updates across GPU and CPU. In this subsection, we assume that an important
subset of gradients and their corresponding parameters have already been identified. Themechanism
for efficiently selecting this subset is described later in §3.3. Here, we focus on howZenFlowmanages
the importance-aware offloading and update process once the selection is in place.
Important updates: fast GPU path.As shown in Fig. 3(d), ZenFlow assigns the important gradient
and parameters (highlighted in purple) to the GPU, while offloading the unimportant ones (shown
in gray) to the CPU. At each iteration, ZenFlow performs a standard forward and backward pass
with the full set of parameters. Once gradients are computed, the pre-identified important gradients
remain on the GPU, where a selective-optimizer, initialized only with corresponding parameter
subsets, performs an in-place update. This GPU-side update is lightweight, as it operates on a small
subset of parameters, and it completes on the GPU without introducing stalls between iterations.
Unimportant updates: slow CPU path. Less important gradients are offloaded to the CPU and
gradually accumulated over several iterations. These gradients are not discarded. They are simply
delayed until they become important enough—a process of what we call gradient accumulation.
Once the accumulated gradients become large enough to matter, ZenFlow performs a full parameter
update on the CPU. In practice, this trigger is implemented via a fixed accumulation interval or an
adaptive threshold (§3.2, §6.11), ensuring bounded staleness. This CPU-side update, though being
slow, is carefully scheduled, so that it (1) perfectly overlaps with GPU computation to avoid stalls
(see §3.2), and (2) ensures training reproducibility and accuracy (see §4).

In effect, ZenFlow updates important parameters more frequently using fast GPU, while updating
less important ones less often on slow CPU, but with full gradient information.

This design achieves performance gains from three parts: (1) In each iteration, only a small subset
of parameters are updated efficiently in place on GPU, and these updates are independent from the
slow CPU-side. (2) The slow and compute-intensive CPU updates for large unimportant gradients
are fully overlapped with multiple iterations of GPU computation, effectively hiding their latency.
(3) Update I/O overhead for unimportant parameters is amortized as ZenFlow only updates and
transfers them to GPU when they become large enough. Together, these optimizations minimize
stalls.

3.2 Zero-stall Pipeline
While the importance-aware offloading design has the potential to minimize GPU stalls by selec-
tively updating a small set of parameters, the CPU-side update can still become a bottleneck if not
carefully overlapped with GPU computation. Moreover, naïvely creating an extra selective-optimizer
on the GPU may incur unnecessary memory overhead. We next describe how ZenFlow addresses
both challenges, by hiding CPU update latency and managing memory efficiently, to realize a truly
zero-stall pipeline.
Modeling I/O Efficiency.We now provide an analytical comparison of the offloading workflow
I/O traffic between ZenFlow and DeepSpeed ZeRO-Offload, demonstrating that ZenFlow’s pipeline
significantly reduces communication overhead. For this analysis, we consider the case of fine-tuning
with half-precision (BF16/FP16). In each iteration, ZeRO-Offload transfers the gradient generated
from the GPU to the CPU, equivalent to one model copy (𝑀). After the CPU optimizer completes
the update, the updated parameters are transferred back to the GPU—another model copy (𝑀).
Therefore, the total I/O traffic per iteration is 2𝑀 .
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Fig. 7. Zero-stall pipelining with double buffering. ZenFlow overlaps GPU computation with CPU-side
gradient accumulation and updates. Across training steps, important gradients are updated immediately
on the GPU, while unimportant gradients are offloaded and accumulated on the CPU. The CPU maintains
two buffers and alternates between accumulation (ACC) and update (UP) phases across rounds. While one
buffer accumulates gradients from the current iterations, the other buffer applies parameter updates in the
background. Layer-wise scheduling and swap-out/in ensure that CPU updates and parameter transfers are
fully overlapped with GPU FP/BP, preventing GPU stalls.

In contrast, ZenFlow offloads only the gradients for less important parameters. Let 𝑘 denote the
top-𝑘 ratio (i.e., the fraction of gradients considered important) and 𝑆 the number of accumulation
rounds for the unimportant gradients. In each iteration, ZenFlow transfers only the (1 − 𝑘) ·𝑀
unimportant gradients to the CPU. After 𝑆 iterations, the CPU performs a parameter update and
sends back the corresponding (1 − 𝑘) ·𝑀 updated parameters. Therefore, the average I/O traffic
per iteration in ZenFlow is: (𝑆+1) · (1−𝑘 ) ·𝑀

𝑆
.

Take 𝑆 = 4 (one representative configuration of the accumulation rounds from our analysis for
hiding CPU-side updates we will discuss shortly), and 𝑘 = 0.1 as an example, the average I/O traffic
per iteration becomes 1.125𝑀 , which is nearly a 2× reduction compared to ZeRO-Offload.
Hiding CPU-side Updates. In addition to reducing I/O traffic, ZenFlow also hides CPU-side
update latency by overlapping it with the GPU computation. Our profiling shows that, for a
Llama2-7B model, CPU update latency is approximately 4,600 𝑚𝑠 with 128 CPU threads (fully
parallelized on our GPU node) and ∼6,200𝑚𝑠 with limited resources (e.g., with only 32 CPU threads).
Uploading updated parameters to the GPU typically takes ∼500𝑚𝑠 . In contrast, the GPU forward
pass (∼45𝑚𝑠) and backward pass (∼2,000𝑚𝑠) take around ∼2,045𝑚𝑠 . This means the CPU update
can be overlapped with 2.3× to 3.1× the GPU compute time.

Critically, we observe that unimportant gradients usually require 4-6 accumulation steps before
crossing the importance threshold for update (see §6.11). This enables their CPU-side updates to
be effectively masked by 4-6 iterations of GPU forward/backward computation, achieving near-
complete overlap without additional delay. Empirically, we set the accumulation interval to 4 steps
(𝑆 = 4), which is sufficient to hide CPU update latency in most cases while bounding staleness (see
§4 for theoretical analysis).
To achieve this, ZenFlow employs a double-buffering strategy on the CPU. It maintains two

gradient buffers: one for concurrently accumulating gradients from the current iteration, and one
for holding previously accumulated gradients used for parameter updates. While the GPU executes
the forward and backward passes and sends new gradients, the CPU concurrently applies updates
accumulated in one buffer. See the step of UP𝑅1 in Fig. 7, where parameters are updated using
gradients accumulated from both Step𝐼 and Step𝐼+1.
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Fig. 8. Gradient gathering strategies. Left: Full gradient gathering collects and all-gathers full gradient
matrices across GPUs, incurring high communication volume and large peak memory footprint. Right:
ZenFlow performs light-weight gradient gathering by first reducing gradients along the channel dimension
and exchanging only compact per-channel summaries.

Once the update is complete, the buffers are swapped, and the buffer used for parameter updates
is cleared in order to store gradients in the next accumulation cycle. This design allows CPU updates
to be completely hidden and run transparently in the background, fully overlapping with GPU
training without introducing stalls.
Swapping out/in and Layer-wise Scheduling. To avoid excessive GPU memory consumption
from the GPU-side selective-optimizer, ZenFlow swaps out its optimizer states to CPU and swaps
back in before next update on GPU. These states are relatively small and can be transferred efficiently.
To further reduce memory cost, swapping is performed in a layer-wise manner, ensuring that
only one layer’s optimizer state resides on GPU at any time. This design maintains high memory
efficiency by preventing additional overhead beyond what is required for a single layer. The same
layer-wise scheduling is applied to gradient offloading and CPU-side updates to fully overlap
communication and computation.
Hyperparameter Auto-tuning. To fully leverage the locality of important gradients while main-
taining accuracy, we design ZenFlow-auto, which adaptively tunes the update interval based on
observed learning dynamics. Specifically, ZenFlow-auto monitors gradient changes across GPUs
using a lightweight coordination proxy (detailed in §3.3 and §6.11). For unimportant gradient
part, ZenFlow-auto tracks the average accumulated channel gradient norm and compares it to the
average one of the important part. Once the unimportant gradient part becomes comparable to
important ones, ZenFlow-auto immediately triggers its CPU-side update, ensuring timely parameter
refresh and stable convergence.

3.3 Gradient Selection
We now turn to the key question: how to select important gradients for GPU-side updates in a scalable,
low-overhead manner. A natural approach is to prioritize gradients with large magnitudes, as they
typically contribute more to learning. However, in fully sharded training, computing and comparing
all gradient norms globally is expensive. To make this feasible in distributed training, ZenFlow
introduces a lightweight yet effective approximation that leverages the spatio-temporal locality of
important gradients discussed in §2.3.
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Lightweight Proxy for Gradient Ranking. In fully sharded training, selecting important gradi-
ents across GPUs poses a major communication challenge. A straightforward solution is to rank
all gradients globally by magnitude and prioritize the top-𝑘 for updates. However, this requires
collecting all gradients across devices via expensive AllGather .

For example, consider fine-tuning Llama2-7B across 4 GPUs shown in Fig. 8(left). A naïve global
ranking would require exchanging tens of gigabytes of gradients per iteration, incurring significant
communication overhead. Even a single weightmatrix imposes non-trivial communication overhead.
Consider q_proj.weight in a transformer layer, shaped [4096, 4096], containing 16.8M parameters.
In a 4-way sharded setup, each device holds a [1024, 4096] partition with 4.2M parameters. Using
BF16/FP16, this amounts to 8MB per GPU. Aggregating gradients for this matrix across all devices
requires 96MB of data transfer per iteration. Extrapolating to a 7B-parameter model, this results in
a total gradient communication volume of 40GB per iteration.

To address this bottleneck, ZenFlow employs a communication efficient proxy: instead of gath-
ering full (𝑛 ×𝑚) gradients, where 𝑛 is the output dimension and𝑚 is the input dimension of a
weight matrix, each GPU computes and shares per-column gradient norms squared (i.e., the sum of
squared gradient values within each column). This reduces both communication and top-𝑘 selection
complexity from 𝑂 (𝑛𝑚) to 𝑂 (𝑚) while preserving gradient magnitude information and omitting
only directional components. For example, consider a q_proj.weight from Llama2-7B with shape
4096 × 4096. Rather than transferring the full 32MB gradient matrix in BF16, each GPU shares a
4096-dimensional vector (8KB), reducing communication volume by over 4,000× with negligible
impact on importance estimation (Fig. 8(right)).
Spatial Locality.We empirically validate the effectiveness of the approximation. Fig. 9(a) shows the
cumulative distribution of top-𝑘 gradients and per-channel gradient norms during Qwen2.5-0.5B
fine-tuning on Alpaca52K. Channels are sorted by how frequently they contain top-𝑘 gradients.
The results show that 60-90% of top-𝑘 gradients are concentrated in just the top 10% of channels,
and that per-channel gradient norms are strongly correlated with this top-𝑘 density. This confirms
that channel-level summaries are a reliable indicator of gradient importance.
Temporal Locality. To further reduce the selection overhead, we examine whether important
channels persist across iterations. Fig. 9(b) reports the retention ratio—the fraction of steps where
previously selected channels remain within the important set. We find that once the top-1% of
channels are tracked, the retention ratio already approaches 100%, and stays nearly perfect as the
threshold widens to 3-5%. This strong temporal locality shows that caching and reusing channel
indices is sufficient to cover important updates, avoiding repeated computation. In multi-GPU
settings, this further reduces cross-device coordination and amortizes selection cost, enabling
scalable importance-aware training.

4 Accuracy and Reproducibility Guarantee
To ensure that ZenFlow training delivers robust quality, we explicitly address the requirements of
convergence and reproducibility across runs.

4.1 Convergence.
We now show that ZenFlow’s asynchronous offloading design does not affect the convergence
property of existing optimizers.

Under standard assumptions commonly used in asynchronous optimization analysis [16, 35, 73,
76], we show that ZenFlow preserves the convergence rate of O(1/

√
𝑇 ) with a bounded staleness

factor where 𝑇 is the total number of iterations. Such a convergence rate is the same as the ideal
rate of synchronous SGD [16, 73].
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Fig. 9. CDF of top-𝑘 elements and gradient norm. The channel index is sorted by the number of top-𝑘
elements.

Why prioritizing high-norm channels. Prioritizing high-norm gradient channels is consistent
with standard descent analysis. For an 𝐿-smooth objective, one SGD step satisfies

𝑓 (𝑤𝑡+1) ≤ 𝑓 (𝑤𝑡 ) − 𝜂⟨∇𝑓 (𝑤𝑡 ), 𝑔𝑡 ⟩ +
𝐿𝜂2

2
∥𝑔𝑡 ∥22 .

Channels with larger gradient norm therefore have disproportionate influence on the descent
direction. Existing top-𝐾 sparsification results further show that retaining large-norm channels
with error compensation can preserve convergence behavior [4, 59].
Partial staleness in asynchronous training. We consider a mixed asynchronous training setup
where the parameters are partitioned into two disjoint sets: 𝜃 = [𝜃 (𝑔) , 𝜃 (𝑐 ) ]. The gradients w.r.t.
𝜃 (𝑔) are computed and applied immediately on the GPU every iteration, while the gradients w.r.t.
𝜃 (𝑐 ) are accumulated on the CPU over 𝑆 iterations (typically 𝑆 = 4) and then applied synchronously.
Formally, at each training step 𝑡 , we have the following.

𝜃
(𝑔)
𝑡+1 = 𝜃

(𝑔)
𝑡 − 𝛼𝑡∇𝜃 (𝑔)𝐿(𝜃𝑡 )

𝜃
(𝑐 )
𝑡+1 =

{
𝜃
(𝑐 )
𝑡 − 𝛼𝑡 · 1

𝑆

∑𝑡
𝑖=𝑡−𝑆+1 ∇𝜃 (𝑐 )𝐿(𝜃𝑖 ), if 𝑡 mod 𝑆 = 0

𝜃
(𝑐 )
𝑡 , otherwise

where 𝛼𝑡 is the learning rate and 𝐿(𝜃 ) is the objective loss function. The GPU handles the forward
and backward passes for both𝜃 (𝑔) and𝜃 (𝑐 ) , but only updates𝜃 (𝑔) immediately. The CPU accumulates
the gradients for 𝜃 (𝑐 ) over 𝑆 iterations before applying the update.

Next, we model a partially stale update system with a bounded delay. Let 𝜌 =
sup𝑡 E[ ∥∇𝜃 (𝑐 ) 𝐿 (𝜃𝑡 ) ∥22 ]
sup𝑡 E[ ∥∇𝐿 (𝜃𝑡 ) ∥22 ]

,
representing the fraction of total gradient-norm energy that resides in the delayed coordinates (on
the CPU). Empirically, we observe 𝜌 ≈ 0.10, as the GPU handles 90% of the gradient energy.
Bounded-staleness result. With common assumptions of unbiased stochastic gradients, bounded
variance, and Lipschitz smoothness [16, 32, 35, 76], and letting 𝜌 denote the fraction of gradient
energy at the CPU side, we have the following:

1
𝑇

𝑇∑︁
𝑡=1

E
[
∥∇𝐿(𝜃𝑡 )∥22

]
≤ O

(√︃
1+𝜌𝑆
𝑇

)
.
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The term O
(√︃

1
𝑇

)
is the standard SGD rate; the factor

√︁
1 + 𝜌𝑆 quantifies the extra cost of staleness.

With 𝑆 = 4 and 𝜌 ≈ 0.10, this factor is
√
1.4 ≈ 1.18, i.e., an 18 % slowdown relative to ideal

synchronous SGD.
Warmup mitigates early-stage staleness. The convergence bound under the partial staleness
includes a penalty term with the form

√︁
1 + 𝜌𝑆 , where 𝜌 is the fraction of gradient-norm energy in

the delayed coordinates and 𝑆 is the accumulation interval. This bound assumes uniform gradient
energy across training steps. However, in practice, the gradients are not uniformly distributed.
Early training steps contribute disproportionately to optimization progress, as the gradient norms
are significantly larger during this phase. Empirical and theoretical studies suggest that the gradient
energy often decays as E[∥∇𝐿(𝜃𝑡 )∥2] ∼ 𝑡−𝛽 , with (0 < 𝛽 < 1) [22, 29, 42].
ZenFlow exploits this observation by applying synchronous updates (i.e., no staleness) during

the initial 𝜏 warmup steps, and then switches to asynchronous offloading for the remaining 𝑇 − 𝜏
steps. This strategy eliminates staleness where it causes the most harm, while preserving efficiency
later when gradients are smaller and more stable.

To quantify the effect, we compute the gradient-weighted penalty using a continuous approxima-
tion of the 𝑝-series.

Penalty(𝛽) ≈

√︄
1 + 𝜌𝑆 ·

(
1 −

( 𝜏
𝑇

)1−𝛽 )
.

This closed form captures the diminishing impact of the delayed gradients as training progresses.
For example, with a 5% warmup (𝜏/𝑇 = 0.05), 𝑆 = 4, 𝜌 = 0.1, and 𝛽 = 0.6 (typically ranging from

0.4 to 0.6 [29, 42]), the multiplicative penalty factor decreases from approximately 1.18 without
warmup to 1.13 with warmup—equivalently, the excess penalty decreases from 18.3% to 13.1%.

Thus, the bound for ZenFlow incurs only about 13% overhead relative to the ideal SGD rate.
Modern optimizers such as Adam and AdamW may further mitigate gradient staleness through
momentum and adaptive learning rates [31, 39, 40, 55]. With this modest theoretical overhead,
ZenFlow achieves up to 5× end-to-end speedup, a 2× reduction in I/O traffic, and near-zero stalls.
We present the end-to-end speedup and a detailed breakdown of the performance gains in §6.

We use SGD in the derivation because it provides a general and transparent explanation of the
delayed-update effect. While Adam and AdamW introduce momentum and adaptive per-coordinate
scaling, ZenFlow relies on channel-level gradient-energy concentration rather than optimizer-
specific update dynamics. Our cross-optimizer measurements in Table 4 further show that this
locality remains strong under AdamW.

4.2 Determinism.
ZenFlow’s decoupled updating process is fundamentally different from traditional nondeterministic
asynchronous training methods [33, 37, 68, 72], where update timing depends on variable factors
such as system latency. ZenFlow ensures determinism: Given fixed seeds and configurations, the
gradient selection, update and offloading schedules follow a predetermined order, making runs fully
reproducible.

In multi-GPU training, ZenFlow overlaps important and unimportant channel computation only
within each GPU; inter-GPU synchronization still follows standard ZeRO semantics with a barrier
at every step. Consequently, per-stage execution latency does not affect the deterministic ordering
of parameter updates observed across workers. We use deterministic CUDA kernels and apply a
fixed channel-ranking pipeline. Together, these guarantees ensure that ZenFlow produces bit-exact
identical training results under the same configuration.

Proc. ACM Manag. Data, Vol. 4, No. 4 (SIGMOD), Article 292. Publication date: September 2026.



ZenFlow: Enabling Stall-Free Offloading for LLM Training 292:15

5 Implementation
We build ZenFlow on DeepSpeed [51] with ∼11K lines of Python code, without requiring any
change to user training code. Our design extends DeepSpeed’s ZeRO-Offload [53] and ZeRO-
Infinity [50] backends by integrating importance-aware gradient selection and selective-optimizer
into the DeepSpeed runtime. We describe the key implementation components of ZenFlow below.
Fully Segmented Gradient Selection. In fully sharded distributed training, model states such as
gradients are partitioned across GPUs. A gradient tensor may be flattened and split across multiple
GPUs, so a single input-channel tensor can span two devices. To support fine-grained importance
tracking, we introduce a segment mapping table that uses (segment_id, offset) tuples to index
and manage gradient metadata. Each segment_id corresponds to one selected important channel.
This structure enables flexible tracking of important channels during training even when they
are scattered across devices. Additionally, we customize PyTorch’s flatten operations [46] to
reorganize gradient storage from a row-major to a column-major layout, improving channel-wise
access and manipulation.
Concurrent CPU-side Optimizer. To overlap GPU computation with CPU-side updates, ZenFlow
initializes multiple CPU optimizer instances at setup. Each optimizer updates its assigned gradi-
ents—grouped into I/O-efficient buckets—as soon as data arrives from the GPU. Updates run in
dedicated processes, with double-buffering and shared_memory enabling zero-copy communication.
Concurrency is carefully managed to minimize synchronization overhead.
Selective GPU-side Optimizer.We extend PyTorch’s Adam and AdamW optimizers to support
in-place updates using selected important gradients and enable fast swap-out and swap-in for extra
optimizer state tensors.

6 Evaluation
6.1 Experimental Setup
Testbed. The overall experimental environment is summarized in Table 3. Our experiments are
conducted on two server configurations: an A100 testbed and an H100 testbed. The A100 testbed
consists of 4× NVIDIA A100 GPUs (80GB each), fully interconnected via NVLink, and paired with
64 CPUs and 1TB of CPU memory. The H100 testbed uses 4× NVIDIA H100 GPUs (80GB each) with
NVLink, and paired with 64 CPUs and 2TB of CPU memory. Unless otherwise stated, experiments
are conducted on the A100 testbed.
Models and Workloads.We evaluate ZenFlow across a diverse set of LLMs: OPT-350M, Qwen2.5-
{0.5B, 1.5B, 3B}, and Llama2-{7B, 13B}, spanning from 350M to 13B parameters. All models follow their
original architecture and default hyperparameters. We fine-tune these models on the widely adopted
GLUE benchmark [64] following the standard setup in prior work [27], and expand the evaluation
to larger and more diverse models to reflect real-world usage. The selected models represent some
of the most popular choices in the open-source community [67], ensuring practical relevance.
Unless otherwise noted, we train each model for 3 epochs with a batch size of 8 and a learning rate
of 1𝑒-5. We use the AdamW optimizer [41] with a weight decay of 0.00 and apply a cosine learning
rate schedule with 5% warmup. These settings are aligned with prior studies [11, 27, 74] to ensure
fair, consistent comparison.
Full-parameter fine-tuning baselines. We compare ZenFlow (ZF) against SOTA offloading
baselines: ZeRO-Offload (ZO) [53], ZeRO-Infinity [50], and StrongHold (SH) [61]. We configure
ZeRO-Offload with ZeRO Stage 2 [49] to maximize training throughput. For ZeRO-Infinity, we
use default ZeRO Stage 3 [49, 50] and disable NVMe offloading to avoid potential performance
degradation caused by frequent SSD access during training. We implement StrongHold’s layer-wise
scheduling technique on top of DeepSpeed ZeRO-Offload because it is not open-sourced.
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Table 3. Experimental environments.

A100 Testbed H100 Testbed

HW

GPU NVIDIA A100 (80GB) ×4 NVIDIA H100 (80GB) ×4

CPU AMD EPYC 7742
64C 128T (SMT Enabled)

Intel Xeon Platinum 8462Y
64C 128T (SMT Enabled)

Memory 32×32GB DDR4-3200 32×64GB DDR5-4800
PCIe PCIe 4.0 × 16 PCIe 5.0 × 16

SW

Python / PyTorch 3.10 / 2.5.1
CUDA / DeepSpeed 11.8.0 / 0.16.2

Model OPT-350M, Qwen2.5-{0.5B, 1.5B, 3B},
Llama-2-{7B, 13B}

Fig. 10. Training time breakdown and speedup across hardware configurations and models. Bars correspond
to the upper X-axis. Lines (with markers) show relative speedup over ZeRO-Offload (ZO), referenced on the
bottom X-axis. SH denotes StrongHold, ZF* denotes ZenFlow* (importance-aware updates without zero-stall
pipelining), and ZF denotes ZenFlow (full system).

PEFT baseline. We include GaLore [74] as a memory-saving PEFT baseline, using rank 128, batch
size 8, and learning rate 4𝑒-5 with the default scale 0.25 to match ZenFlow’s effective 1𝑒-5 update
scale. Notably, ZenFlow is orthogonal to these approaches and can be integrated with existing
offloading strategies to further enhance scalability and performance—for example, by combining
with gradient compression techniques or enabling deeper offloading with computational storage
devices [27].
ZenFlow Variants.We evaluate two variants of ZenFlow to isolate the contributions of its key
design components. ZenFlow represents the complete design of ZenFlow. It integrates two major
optimizations: (1) importance-aware offloading, which selectively delays updates of unimportant
parameters to reduce GPU stalls caused by CPU updates; and (2) zero-stall pipeline, which overlaps
CPU-side optimizer updates with GPU computation and enables fast swap-out/in of selective-
optimizer states on the GPU to avoid memory footprint peaks (§3.2). ZenFlow∗ is a simplified
variant that disables the zero-stall pipeline while retaining importance-aware selective updates.
This configuration isolates the performance benefit of pipelining.
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Fig. 11. Throughput across different
model and GPU count configurations.

Fig. 12. Maximum model size sup-
ported by each system vs. GPU count.

ZenFlowHyperparameters. ZenFlow introduces two additional hyperparameters: the update
interval 𝑆 and the importance selection ratio topk_ratio 𝑘 . Unless otherwise specified, we set
𝑆=4, meaning less important parameters are updated once every 4 iterations and 𝑘=0.01, meaning
top-1% gradients are selected and kept updating on GPU (see §3.2). We provide a detailed analysis
of these hyperparameter choices and their impact on accuracy and performance in §6.11.

6.2 End-to-end Training Efficacy
Training Throughput. We first evaluate the end-to-end training throughput of ZenFlow and
compare it with state-of-the-art offloading baselines described above. We adopt representative
fine-tuning configurations across different model scales: Qwen2.5-3B on 1 GPU with a batch size of
64, Llama2-7B on 2 GPUs with a batch size of 64, and Llama2-13B on 4 GPUs with a batch size of
48. Throughput is reported in TFLOPS using the DeepSpeed FLOPS profiler [17].

ZeRO-Infinity consistently exhibits the lowest throughput due to communication overhead
incurred by ZeRO Stage 3 [49]. Therefore, in subsequent tests, we focus on baselines configured
with ZeRO Stage 2, which achieve higher GPU utilization and more clearly highlight the impact
of GPU stalls on end-to-end training. StrongHold improves over ZeRO-Offload by overlapping
part of the GPU computation (i.e., backward pass) with CPU updates; however, the optimizer
update phase remains dominant and limits its speedup. ZenFlow∗ introduces gradient decoupling
based on importance, enabling notable performance gains. ZenFlow further improves efficiency
by aggressively overlapping CPU updates within the accumulation phase. As shown in Fig. 11,
ZenFlow consistently outperforms all baselines across all configurations, achieving on average
4.3× speedup over ZeRO-Offload and 6.3× speedup over ZeRO-Infinity.
Model Scale.We compare the maximum trainable model size under different systems. As shown in
Fig. 12, both ZenFlow and ZeRO-Offload offload only optimizer states to ensure a fair comparison.
ZenFlow achieves comparable model scalability across 1, 2, and 4 GPUs. ZenFlow∗ supports slightly
smaller models due to additional GPU memory overhead incurred by maintaining a dedicated
optimizer for important gradients.
Accuracy and Speedup. Next, we evaluate ZenFlow and baseline methods on four representative
GLUE tasks (MNLI, QNLI, QQP, and SST-2) across a range of model sizes and families. As shown
in Fig. 13, ZenFlow achieves competitive or superior accuracy compared to existing offloading
methods.

Notably, for larger models such as Llama2-7B and Llama2-13B, ZenFlow consistently outperforms
baselines. This improvement comes from our importance-aware design: By selectively prioritizing
important channels during fine-tuning, ZenFlow preserves the essential learning capacity of the
model with significant speedup gains.
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In some cases, such as with the smaller OPT-350M model, ZenFlow yields slightly lower accuracy
due to the fixed update interval setting (𝑆 = 4), which may be too coarse to capture rapid gradient
changes during early training. This can be addressed via auto-tuning, as discussed in §6.11.

Fig. 13. Accuracy vs. per-iteration speedup on GLUE tasks for various models and baselines. The red dashed
line marks the baseline accuracy achieved by ZeRO-Offload. Results close to the red line indicate accuracy
comparable to the baseline while achieving significant speedup.

6.3 Time Breakdown and GPU Stall Analysis
We evaluate ZenFlow under three hardware configurations. The first setup reflects practical training
environments with 4× A100 GPUs and full CPU parallelism. The second setup upgrades to 4×
H100 GPUs with the same CPU capacity. The third setting explores the impact of CPU under-
provisioning—common in shared clusters where users share the same GPU node but are allocated
only a small, exclusive portion of CPU resources (e.g., 8 cores per user).

As shown in Fig. 10, ZenFlow significantly reduces CPU-induced GPU stall time across all settings.
By decoupling and overlapping CPU-side updates, ZenFlow consistently eliminates over 80% of
GPU stalls, leading to a 2.9×–5× end-to-end speedup compared to ZeRO-Offload. For larger models
(e.g., Llama2-7B and 13B), the benefits are more pronounced: the CPU-side overhead becomes a
bottleneck due to heavy optimizer updates, even with highly parallelized, AVX-optimized CPUAdam.
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Fig. 14. Cost comparison for fine-tuning Qwen (0.5B–7B) on Alpaca-52K with manually tuned maximum
batch sizes. We report the maximum feasible batch size (top), per-iteration time (middle), and total end-to-end
training cost (bottom) across different GPU platforms. ZenFlow enables lower training cost by (i) supporting
larger batch sizes on cheaper hardware through offloading, and (ii) maintaining competitive iteration speed
despite CPU-GPU heterogeneity. As a result, ZenFlow achieves substantial reductions in end-to-end training
cost compared to ZeRO-Offload and GPU-only ZeRO, while scaling to larger models without OOM.

ZenFlow effectively mitigates this bottleneck, reducing the CPU:GPU compute time ratio from
over 12 : 1 (in baseline runs on 7B / 13B models) to 1 : 1 or lower.

While ZenFlow introduces minor I/O overhead due to gradient gathering, these costs are effec-
tively hidden by lightweight gradient selection and pipelined execution. The detailed breakdown
of this overhead is presented in §6.12.

6.4 Practical Cost Savings
Using RunPod on-demand pricing [54], we compare ZenFlow with ZeRO-Offload and GPU-only
ZeRO, where GPU-only ZeRO is the full-GPU-memory baseline without CPU offloading. As shown
in Fig. 14, ZenFlow extends the model scale beyond what GPU ZeRO-only can support (e.g.,
7B parameters on A6000), enabling fine-tuning of larger models without using more expensive
hardware. In addition, ZenFlow improves efficiency: by leveraging offloading to support larger
batch sizes and overlap updates, ZenFlow achieves higher end-to-end throughput than both ZeRO
and ZeRO-Offload. This results in faster completion of the Alpaca52K fine-tuning task and lower
overall cost. Even when the optimizer overhead is not fully amortized (e.g., 7B on A100), the larger
batch sizes enabled by ZenFlow still reduce cost compared to traditional GPU training. Overall,
ZenFlow reduces cost by 35–60% compared to ZeRO-Offload and by 18–72% compared to GPU-only
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Table 4. Channel-level gradient ℓ22 concentration over 1,000 Alpaca-52K fine-tuning steps. Top-1% coverage
equals the concentration factor over uniform. Jaccard is computed between consecutive steps; random baseline
≈0.005.

Model Opt. Top-1% Top-10% Jaccard

Qwen2.5-7B AdamW 67.7% 81.6% 0.64
Qwen1.5-MoE-A2.7B AdamW 54.8% 72.9% 0.54
Qwen2-VL-7B-Instruct AdamW 62.9% 79.3% 0.72
BART-large AdamW 68.5% 81.7% 0.40
Qwen2.5-7B SGD 54.3% 71.4% 0.81
Qwen1.5-MoE-A2.7B SGD 54.7% 72.3% 0.58
Qwen2-VL-7B-Instruct SGD 45.5% 77.7% 0.53
BART-large SGD 51.0% 73.5% 0.66

ZeRO, demonstrating the practical benefits of importance-aware offloaded training. Compared
with GPU-only ZeRO, ZenFlow trades limited CPU offloading overhead for larger feasible batches
and trainability when the model would otherwise run out of GPU memory.

6.5 Convergence Validation
We evaluate the convergence behavior of ZenFlow compared to ZeRO-Offload on the GLUE
benchmark using OPT-350M. As shown in Fig. 15, we report the training loss on four representative
GLUE tasks. Across all tasks, ZenFlow exhibits stable and competitive convergence. Its loss curves
closely follow those of ZeRO-Offload, often with low variance (e.g., MNLI), converging at a similar
rate in terms of iterations, but achieving much faster absolute convergence time due to reduced
iteration latency. Results for other models follow similar trends and are omitted here due to space
limit.

Fig. 15. Convergence on GLUE with OPT-350M. ZenFlow’s loss matches ZeRO-Offload across tasks.

6.6 Gradient Locality Across Architectures
As shown in Table 4, strong channel locality appears across dense decoder-only, MoE, vision-
language, and encoder-decoder models under both AdamW and SGD. The top-1% channels capture
45.5–68.5% of gradient ℓ22 , i.e., 45.5–68.5× higher concentration than a uniform/random distribution,
and their Jaccard similarity across steps is 0.40–0.81 versus a random baseline of ≈0.005.

6.7 Validation on MoE Architecture
We further validate ZenFlow on the Qwen1.5-MoE-A2.7B (14.3B parameters) MoE architecture.
On QNLI/MNLI/QQP/SST-2, ZeRO-Offload/ZenFlow achieve 87.45/87.42, 84.93/85.45, 86.27/86.83,
and 80.39/81.67, respectively. This comparable accuracy confirms that importance-aware channel
selection also applies to sparse expert models.
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6.8 PEFT Comparison
Table 5 compares GaLore and ZenFlow on GLUE accuracy across model scales on our A100 testbed.
Because GaLore is not compatible with ZeRO-2 sharding and keeps optimizer-state memory, its
memory footprint remains high; ZenFlow keeps comparable iteration time while reducing peak
memory footprint (e.g., 7B from 53.2GB to 18.5GB) (Table 6).

Table 5. PEFT comparison on GLUE accuracy (%).

Task System Qwen2.5-1.5B Qwen2.5-3B Llama2-7B

QNLI GaLore 90.74 91.54 93.30
ZenFlow 94.40 94.31 94.34

QQP GaLore 86.82 87.53 85.10
ZenFlow 92.14 92.33 90.93

SST-2 GaLore 94.95 95.76 96.79
ZenFlow 95.41 95.61 95.64

MNLI GaLore 84.00 84.20 87.30
ZenFlow 88.71 89.52 88.73

Table 6. PEFT comparison on system metrics on the A100 testbed.

System Metric Qwen2.5-1.5B Qwen2.5-3B Llama2-7B

ZenFlow Memory footprint 8.9GB 13.2GB 18.5GB
GaLore Memory footprint 15.5GB 28.4GB 53.2GB

ZenFlow Avg. iter. time 372ms 673ms 1,322ms
GaLore Avg. iter. time 451ms 660ms 999ms

6.9 Randomized Selection Ablation
To isolate the effect of importance-aware selection, we compare ZenFlow with two randomized
variants on Qwen2.5-3B: random selection keeps a random 𝑘 fraction of channels on GPU, while
random discard drops the remaining gradients without CPU-side accumulation. As shown in Table 7,
random selection consistently performs worse than ZenFlow, reducing average accuracy by 4.3
percentage points. This confirms that selecting high-importance channels, rather than merely
retaining any channels under the same budget, is critical.

Table 7. Randomized selection ablation on Qwen2.5-3B GLUE accuracy (%).

System QNLI QQP SST-2 MNLI Avg.

ZenFlow 94.31 92.33 95.61 89.52 92.94
Random discard 93.65 91.70 93.69 88.17 91.80
Random selection 90.77 87.60 90.89 85.39 88.66

6.10 Broader Downstream Task Evaluation
We further evaluate Qwen2.5-3B on MMLU and GSM8K, which measure knowledge and mathemat-
ical reasoning capabilities. We report standard zero-shot and few-shot accuracy to assess whether
ZenFlow preserves general downstream capability after fine-tuning. As shown in Table 8, ZenFlow
achieves comparable accuracy across shot settings, with only small task-dependent variations.
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Table 8. Broader downstream accuracy comparison (%).

Task System 0-shot 5-shot 8-shot 10-shot

MMLU ZeRO-Offload 50.59 53.71 54.88 59.38
ZenFlow 50.59 54.10 54.68 59.08

GSM8K ZeRO-Offload 2.34 63.67 68.36 69.92
ZenFlow 2.34 63.37 70.80 71.88

Table 9. Warmup-ratio sensitivity on GLUE accuracy (%).

Warmup QNLI QQP SST-2 MNLI Avg. Speedup

0% 93.84 92.27 95.89 89.11 92.78 4.97×
5% 94.31 92.33 95.61 89.52 92.94 4.69×
10% 94.32 92.18 95.61 89.78 92.97 4.14×

6.11 Sensitivity of Hyperparameters
We investigate the impact of hyperparameters in ZenFlow, specifically the top-𝑘 ratio and the
CPU-side update interval. By assigning longer update intervals to less important gradients, ZenFlow
further reduces GPU-side stalls. However, this selective staleness can slightly degrade accuracy
when training iterations are limited—e.g., using 𝑆=16 results in a noticeable 0.02 drop in accuracy
within just 3 epochs as shown in Fig. 16(a) . This tradeoff can be mitigated with extended training
iterations, as stale gradients gradually catch up due to ZenFlow’s faster per-iteration execution.
From Fig. 16(a) we observe that ZenFlow is generally robust to variations in the top-𝑘 ratio

in most cases, as ZenFlow preserves all gradients with bounded staleness. Increasing the update
interval typically improves speedup. However, using an overly aggressive update interval (e.g.,
𝑆=16), a smaller ratio may degrade accuracy due to increased staleness penalty (e.g., from 0.881 to
0.873 with 1% top-𝑘). In general, we find that a 1% ratio with 𝑆=4 strikes a good balance between
accuracy and efficiency (see §2.3).
Warmup. Warmup lets ZenFlow perform channel selection after early gradients stabilize. On
Qwen2.5-7B, top-1% channel coverage rises from 63.8% early in training to 67.7% later. We vary the
warmup ratio on Qwen2.5-3B; as shown in Table 9, 5% warmup provides a good tradeoff, preserving
strong speedup while avoiding the QNLI accuracy drop observed without warmup.

Fig. 16. Sensitivity analysis of key hyperparameters.
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To empirically balance accuracy and speedup, we analyze how quickly less important gradients
accumulate to match the significance of important ones. For instance, a low-importance gradient
starting at 0.1 may grow to 0.5 within five iterations, approaching the magnitude of high-importance
gradients. This observation informs our auto-update mechanism shown in Fig. 16(b): early in
training, the update interval is kept short (e.g., 1-2), ensuring responsiveness, while later it is
adaptively relaxed to 4–5 as training stabilizes. This dynamic configuration delivers higher speedups
in later stages without compromising final accuracy, outperforming fixed configurations such as
𝑆=4.

6.12 Communication Overhead Breakdown
ZenFlow’s lightweight gradient gathering dramatically reduces communication volume and incurs
minimal runtime overhead. As shown in Fig. 17, it achieves over 6,000× reduction in communication
volume and adds less than 0.2s overhead per iteration—substantially lower than full gradient
gathering, even on large models like Llama2-13B.

6.13 Applicability under TP and PP
We evaluate ZenFlow with tensor parallelism (TP) and pipeline parallelism (PP) by enabling
ZenFlow’s importance-aware offloading workflow in Megatron-LM [58]. Fig. 18 shows ZenFlow∗

reduces iteration time under both TP=4 and TP=2+PP=2 on 4× A100, even for 13B models. By
reducing unnecessary compute and I/O overhead for unimportant parameters, ZenFlow ’s gains
are parallelism-agnostic and hold beyond ZeRO.

Fig. 17. Gradient gathering communi-
cation overhead breakdown.

Fig. 18. Iteration timewith andwithout
ZenFlow* under TP and TP+PP.

7 Related Work
Tensor Offloading for Training. Prior work [6, 50, 53, 61] offloads tensors to CPU memory to
scale training but largely overlooks CPU–GPU pipeline interactions, leaving stalls from CPU latency
and PCIe transfers [44]. These systems make large models trainable under GPUmemory constraints,
yet generally update all parameters uniformly despite the hardware imbalance. StrongHold [61]
overlaps layer-wise CPU and GPU computation, but the performance gap between the devices
still exposes CPU-induced stalls; overlap alone therefore cannot fully hide slow CPU updates.
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Storage-focused systems such as SwapAdvisor [24] and G10 [71] optimize placement across GPU,
CPU, and SSD while treating the CPU primarily as storage rather than explicitly coordinating its
computation with GPU updates. Recent systems exploit high-bandwidth CPU–GPU superchips
for efficient offloading [36, 43], but rely on specialized interconnects such as NVLink-C2C that are
unavailable on widely deployed A100 and H100 GPUs. In contrast, ZenFlow is importance- and
hardware-aware, decoupling important and non-important updates to minimize stalls.
Gradient Sparsity and Compression. Prior studies show that gradients exhibit sparsity and can
be filtered using threshold-based selection [3, 19, 20, 25, 39, 60]; transmitting only top-𝑘 or above-
threshold gradients can preserve training quality while reducing communication. In offloading
settings, this observation motivates prioritizing useful gradients instead of moving every gradient
with the same urgency. Smart-Infinity [27] and LSP-Offload [11] reduce offloading I/O through
lossy compression, dropping small gradients or using learned projections at the cost of gradient
fidelity. ZenFlow instead retains the remaining gradients through CPU-side accumulation while
scheduling important updates on the GPU. Compression remains orthogonal to ZenFlow and can
further optimize its scheduling pipeline.
Asynchronous Training. Asynchrony can accelerate distributed training [9, 33, 37, 65, 68, 70, 72],
but non-deterministic execution introduces stale gradients that can degrade convergence and
reproducibility [16, 35, 73, 76]. In typical schemes, workers update shared state according to
unpredictable completion times, making the resulting update sequence difficult to reproduce. Prior
work therefore bounds staleness [9, 14, 35, 70]. ZenFlow instead uses bounded asynchronous
execution specifically to hide CPU-side latency while retaining a predetermined, repeatable update
order.
Parameter-Efficient vs. Full-Parameter Fine-Tuning. Parameter-Efficient Fine-Tuning (PEFT)
methods (e.g., adapters [21], prefix-tuning [34], LoRA [23], Q-LoRA [18], mLoRA [69], GaLore [74])
reduce fine-tuning cost by updating only a small subset of parameters, significantly lowering
memory and optimizer overhead. However, this efficiency comes at a cost: the constrained param-
eter space can bottleneck the model’s ability to learn from diverse datasets or sustain long-term
training [10, 12, 15, 38, 47]. Unlike PEFT, ZenFlow targets full-parameter fine-tuning rather than
restricting the trainable parameter space, preserving full-weight flexibility while improving system
performance. The two approaches address different bottlenecks: ZenFlow is complementary to
PEFT and can be integrated with low-rank methods.

8 Conclusion
ZenFlow decouples fast GPU and slow CPU updates to reduce I/O and GPU stalls in LLM fine-
tuning. It overlaps in-place GPU updates of important gradients with CPU accumulation of the
remainder. By exploiting gradients’ spatial and temporal locality for scalable importance estimation,
ZenFlow accelerates fine-tuning without global synchronization while preserving accuracy and
reproducibility. ZenFlow has been integrated into DeepSpeed.
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