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Abstract
Training large language models (LLMs) with increasingly
long and varying sequence lengths introduces severe load
imbalance challenges in large-scale data-parallel training.
Recent frameworks attempt to mitigate these issues through
data reorganization or hybrid parallel strategies. However,
they often overlook how computational and communication
costs scale with sequence length, resulting in suboptimal
performance. We identify three critical challenges: (1) vary-
ing computation-to-communication ratios across sequences
of different lengths in distributed attention, (2) mismatch
between static NIC–GPU affinity and dynamic parallel work-
loads, and (3) distinct optimal partitioning strategies required
for quadratic attention versus linear components.
To address these challenges, we present Zeppelin, a novel
training system that integrates three key techniques: (1) a
hierarchical sequence partitioning method for the attention
module that reduces communication overhead and balances
computation, supported by an efficient attention engine that
applies divergent parallel strategies; (2) a routing layer that
orchestrates inter-node transfers to fully utilize NIC band-
width; and (3) a remapping layer that transforms sequence
layouts between attention and linear modules, ensuring high
computational efficiency across both. Comprehensive evalu-
ations across diverse configurations show that Zeppelin deliv-
ers an average 2.80× speedup over state-of-the-art methods.

CCS Concepts: • Computing methodologies → Dis-
tributed artificial intelligence.
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Figure 1. Sequence length distribution in multiple datasets:
typical LLM training involves a mixture of datasets with
diverse and often long-tailed sequence length distribu-
tions [18, 28, 40, 41, 46].

Data parallelism (DP) is a well-established paradigm for train-
ing large language models (LLMs). It distributes large mix-
tures of datasets across multiple devices, with each device
processing its local batch using an identical model replica.
Two recent trends in pretraining data mixture [12, 21, 34, 50]
are the use of much longer sequences and the necessity
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Figure 2. Balancing a complex system often propagates inefficiency internally. a) Input balancing [12, 50] struggles with
quadratic scaling of attention, leading to computation inefficiency. b) Even sequence splitting [34, 39, 53] balances computation
but incurs high communication overhead, especially for short sequences. c) Hybrid parallel methods [19, 52] lead to uneven
hardware (NIC) utilization and computational intensity across ranks. d) Zeppelin addresses imbalance holistically from the
model to hardware.

of training on mixtures of datasets with highly variable
sequence lengths, as shown in Fig. 1. Longer sequences
are crucial for capturing complex dependencies and im-
proving model capabilities [3, 21, 34], but they impose
a quadratic computational cost in the self-attention mod-
ule. Variable-length sequences are essential for models to
handle diverse inputs, from short queries to long docu-
ments [7, 17, 18, 30, 54]. Together, these long and variable-
length inputs introduce severe load imbalance across DP
ranks when the context window scales to hundreds of thou-
sands of tokens, as seen in recent large-scale distributed
training recipes [12, 19, 34, 50, 53].

As illustrated in Fig 2, recent methods attempt to mitigate
load imbalance through data reorganization or hybrid data
parallelism, typically optimizing for a balance metric. Input-
balanced pack (Fig. 2.a) creates uniformly sized input ten-
sors at the start of each iteration using techniques such as
sequence packing or chunking [13, 14, 42, 58]. This approach
is adopted in the Qwen [49, 50] and DeepSeek [11, 12] model
families. While effective for balancing computation in linear
modules, it often lead to redundant attention computation or
imbalanced attention masking. Even context parallelism
(CP) (Fig. 2.b) splits each sequence across devices to bal-
ance attention computation, employing distributed attention
mechanisms method [4, 23, 26, 29, 32, 34]. This strategy is
adopted in LLaMA 3 [34, 53] training and the Megatron-
LM framework [9, 39, 47]. However, it introduces substan-
tial communication overhead, particularly for the numer-
ous short sequences common in diverse datasets. To reduce
communication costs, flop-balanced hybrid parallelism

(Fig. 2.c) combines DP and CP, assigning short and long se-
quences to separate micro-batches [19, 20, 52]. While this
balances end-to-end flop across devices, DP ranks become
NIC-underutilized when processing more micro-batches of
short sequences, whereas CP ranks remain computation-
heavy but memory-underutilized.
Despite aiming to balance computation among devices,

existing approaches often overlook the distinct scaling be-
haviors of LLM modules with respect to sequence length.
First, different modules exhibit different complexities: linear
moduules (e.g., MLP) scale linearly, while attention scales
quadratically with sequence length [5, 51]. An input distribu-
tion that is balanced for linear modules becomes inefficient
for quadratic ones when length distribution is highly dy-
namic. Second, distributed attention incurs communication
volume proportional to sequence length [26, 31, 34], lead-
ing to large discrepancies in computation-to-communication
ratios across variable-length sequences. This indicates that
such sequences place different demands on both computa-
tional resources and heterogeneous interconnects. However,
in modern training systems each GPU is connected to a NIC
[37, 38] through a PCIe switch, and these network resources
are often underutilized in distributed attention. Given these
insights, the performance of a training system can be sig-
nificantly compromised by variable-length inputs, and op-
timizations based solely on a balance metric cannot deliver
optimal performance.

We present Zeppelin, a balanced and efficient data-parallel
LLMs training system for variable-length sequences. Zep-
pelin incorporates three key design innovations:
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Figure 3.Multi-head attention cost distribution across different sequence length ranges in each dataset (normalized to the
total attention cost per dataset). Evaluation on a 2-node system with 8 A800 GPUs per node, a total sequence length of 64k,
and 4×200 Gbps NICs per node. (a) Packing-based input balancing introduces significant redundant computation, especially
for short sequences. b) CP with even sequence splitting incurs substantial unnecessary communication for short sequences,
and cross-node communication is difficult to fully overlap with computation.

First, mismatched scaling trends between computation and
communication in distributed attention necessitate a fine-
grained hybrid parallel strategy. To leverage the hierarchical
bandwidth structure of modern interconnects, we categorize
context parallel strategies into three types: local, intra-node,
and inter-node, and propose a two-step, topology-aware
sequence partitioning and placement method. Building on
this partitioning, a flexible attention engine orchestrates the
execution of these sequence types, ensuring efficient overlap
between computation and communication.

Second, the dynamic communication patterns of variable-
length sequences require disaggregating the fixed affinity
between GPUs and NICs within each node. To fully utilize
all NICs, we propose a three-step routing mechanism that
substitutes direct inter-node communication with (1) intra-
node dispatch, (2) multi-NIC inter-node transfer, and (3) intra-
node combine. This design alleviates inter-node bandwidth
bottlenecks and enables overlap of computation with both
intra- and inter-node data transfers.

Third, balancing computation in linear modules requires a
remapping mechanism aligned with the attention partition-
ing scheme. The remapping layer adjusts sequence layouts
before and after linear modules, ensuring balanced work-
loads. We formalize this as an optimization problem to mini-
mize remapping communication cost.

To conclude, this paper makes the following contributions:

• Characterization of scaling behavior. We analyze how
key components scale with sequence length, including
quadratic modules (attention), linear modules (MLPs), dis-
tributed attention with linear communication cost, and
hardware-level GPU-NIC affinity.

• System design.We propose a bandwidth-aware partition-
ing strategy that categorize sequences into local, intra-
node, and inter-node types. Based on this, We design and
implement a distributed attention engine to efficiently
manage parallel execution. To accelerate dynamic com-
munication workloads, we introduce a three-step routing

scheme that fully utilizes all NICs within a node, over-
lapping computation with intra- and inter-node commu-
nication. Additionally, we design a remapping layer that
balances workloads in linear modules with minimal over-
head.

• Comprehensive evaluation.We conduct extensive ex-
periments across diverse models, sequence lengths, and
training scales. Results demonstrate that Zeppelin achieves
an average speedup of 2.80× over state-of-the-art meth-
ods.

2 Background and Motivation
2.1 Transformer Architecture
LLMs based on the transformer architecture typically com-
promise a stack of transformer layers [5, 34, 50], each con-
taining a quadratic self-attention module alongside several
linear computation modules. The self-attention mechanism
captures contextual dependencies across the entire sequence,
introducing quadratic computational complexity with re-
spect to sequence length [51]. Owing to causal dependen-
cies among tokens, the attention mask typically follows a
lower-triangular pattern. In contrast, operations such as nor-
malization, linear projection, and activation functions are
token-wise, enabling each token to be processed indepen-
dently. These operations are referred to as "linear modules"
collectively in this paper.
2.2 Data Parallel Variants
Traditional data parallel methods pack input tensors along
the batch dimension. Before the era of large models, data
parallelism primarily focused on increasing batch size to
improve throughput [22, 48, 55, 56]. When inputs were small,
simple padding could easily achieve load balance without
harming training performance [15, 25].

In transformer-based large model training, however, both
sequence length and model size have increased significantly.
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Figure 4. Overview of Zeppelin: The Sequence Partitioner assigns input sequences to minimize imbalance caused by quadratic
attention. Before entering linear modules, sequences are remapped into a linearly balanced pattern and then restored after
linear computation. The Attention Engine orchestrates three types of sequence queues, overlapping computation with
communication. Meanwhile, the Communication Routing Layer optimizes inter-node data transfers by replacing direct cross-
node communication with a three-step routing mechanism, ensuring full utilization of available NIC bandwidth.

To meet these demands, various distributed training strate-
gies have been developed, broadly classified into two or-
thogonal types: Model Parallelism (splitting model weights,
e.g., tensor and pipeline parallelism [35, 47]) and Data Paral-
lelism variants. Key DP variants include ZeRO methods [45],
Sequence Parallelism (SP) [29], and Context Parallelism
(CP) [39]. Megatron-LM’s SP [29] inserts all-gather and
reduce-scatter operations to synchronize intermediate acti-
vations, while Ulysses SP [26] in DeepSpeed [45] employs
all-to-all communication to better manage communication
and memory, though it requires the group size to be a fac-
tor of the number of attention heads. CP in Transformer
Engine [39] utilizes ring attention, processing queries iter-
atively with different key-value chunks while overlapping
send-receive operations via a ring topology [31, 32]. Many
recent DP variants are flexible combinations of these base
methods [16, 23].
These sequence-parallel approaches can be further

adapted to dynamic-length input. Packing and padding
strategies naturally integrate with SP, while evenly split-
ting each sequence aligns well with CP [9, 39]. Hybrid DP
methods assign sequences of different lengths to appropriate
variants and balance floating-point operations (flop) across
ranks to reduce communication overheads [19, 52, 53].
2.3 Load Balance, at What Cost?
All DP variants discussed above aim to balance training
with respect to a chosen metric, such as memory usage or
computational flop. However, these "balanced" approaches
inevitably introduce new source of overhead, as illustrated
in Fig. 3. We identify three major inefficiencies underlying
these methods:

• Computation Inefficiency: Input-balanced packing ap-
proaches successfully balance linear computations but in-
troduce significant inefficiency in attention. As shown in
Fig. 3.a, packing wastes a substantial portion of compu-
tation on cross-sequence attention and incurs high com-
munication cost. In datasets with many short sequences,
redundant cross-sequence computation and communica-
tion dominate attention overhead, reaching up to 60% for
sequences shorter than 1k tokens in StackExchange [28],
as shown in Fig. 3.a.

• Communication Inefficiency: Evenly partitioning se-
quences across devices balances both memory and compu-
tation but incurs excessive communication overhead, espe-
cially for batches with many short sequences. As shown in
Fig. 3.b, the low computation-to-communication ratio of
short sequences severely limits performance in distributed
attention. Consequently, a single parallel strategy cannot
effectively handle batches with diverse sequence lengths
under heterogeneous inter- and intra-node bandwidth con-
ditions.

• Hardware Under-utilization: Hybrid strategies that
combine multiple DP variants attempt to reduce com-
munication costs by splitting batches across different DP
groups. However, this introduces imbalanced hardware
utilization and computation intensity across parallelism
strategies. As illustrated in Fig. 2.c, this often requires
more micro-batches to balance memory and flop, reducing
per-microbatch token count and overall compute inten-
sity. Moreover, mixing different DP schemes frequently
leads to uneven utilization of NICs. Achieving optimal per-
formance thus requires simultaneously maintaining high
compute intensity and high NIC utilization.
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Table 1. Notations

𝑆 Total Number of Sequences
𝑠𝑖 𝑖-th Sequence Length
𝑃 Number of Devices per Node
𝑁 Number of Nodes
𝐿 Token Capacity of Each GPU

𝑏inter, 𝑏intra inter-, intra- inverse bandwidth cost

3 Zeppelin Design
Building on the above analysis, we argue that achieving com-
prehensive and efficient load balance with respect to a single
metric is inherently difficult. Instead, we identify structural
inefficiencies in existing data-parallel training system and
propose a new system design, Zeppelin, to address them holis-
tically. As illustrated in Fig. 4, Zeppelin incorporates four key
design components that collectively mitigate load imbalance
across the training system:
1 Sequence Partitioner (§ 3.1) splits and places se-
quences using a two-level hierarchical strategy, accounting
for the differing computation and communication demands
of variable-length sequences in distributed attention.
2 Attention Engine (§ 3.2) dynamically manages se-
quence execution across local, intra-node, and inter-node
tiers, adapting to the diverse execution characteristics of
different sequence parallel types.
3 Communication Routing Layer (§ 3.3) addresses im-
balances in communication patterns by decoupling GPU-NIC
affinity. This enables better utilization of communication
resources and improved overlap of computation and com-
munication.
4 Remapping Layer (§ 3.4) improves performance by
dynamically adjusting placement of sequences for linear
structures with small data transfer overheads, guided by the
attention partitioning pattern.
3.1 Sequence Partitioner
The end-to-end training cost compromises two main compo-
nents: attention modules and linear modules. As discussed
earlier, efficient sequence splitting and placement strate-
gies differ between these components, particularly under
dynamic input length distributions. Since quadratic atten-
tion constitutes the primary bottleneck in long-sequence
training (Fig. 5), we begin our analysis with the attention
module. The analysis of linear modules, together with the
associated remapping strategy, is deferred to Section 3.4.

In practice, quadratic attention computation is distributed
across a group of ranks to alleviate computation overhead.
However, this distributed attention pattern requires transfer-
ring large volumes of key-value (KV) activations. The direct
Allgather approach, adopted by LLaMA 3 training [34, 53],
increases peak memory usage and places communication on
the critical path. To improve overlap and reduce memory
pressure, communication can instead be decomposed into
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Figure 5. Attention computation cost on an A800 GPU and
send-receive cost under 200 Gb/s inter-node and 400 GB/s
intra-node bandwidths for different sequence lengths. The
intersections of the three cost curves divide datasets into
three zones: local, intra-node, and inter-node, representing
the overlapping capabilities of sequences of different lengths.

rounds of send-receive operations, which interleave natu-
rally with sharded attention computation. The send-receive-
based ring attention mechanism [32] provides greater flexi-
bility, offering a more adaptable foundation for per-sequence
parallelism by supporting dynamic group sizes and fine-
grained partitioning, compared to a single-synchronization
Allgather across a rank group.

Based on the ring attention pattern, we identify a core
objective in sequence splitting and placement: maximizing
overlap between computation and communication over a
hierarchical network. As shown in Fig. 5, computation scales
more rapidly than communication, yielding a computation-
to-communication ratio that increases linearly with se-
quence length. This trend indicates that longer sequences
canmore effectively hide communication costs, while shorter
sequences suffer from inefficient communication. Leverag-
ing this insight, we categorize sequences into three distinct
zones, as depicted in Fig. 5.

• Local zone: Short sequences that require no communica-
tion and are most efficiently processed on a single device.

• Intra-node zone:Medium-length sequences that benefit
from overlapping intra-node communication with compu-
tation.

• Inter-node zone: Long sequences that span multiple
nodes, where high computation cost effectively overlaps
inter-node communication.

This three-zone categorization aligns with the bandwidth hi-
erarchy of modern GPU training infrastructures, where inter-
node bandwidth is typically an order of magnitude lower
than intra-node bandwidth. With this model, the optimiza-
tion problem reduces to two key decisions: 1○ determining
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Algorithm 1: Inter-Node Partitioning
Input : Input Sequences S, Devices per node 𝑃 , Token

capacity per device 𝐿, Number of Nodes 𝑁 ,
1 Sort S in descending order by sequence length;
2 Initialize inter-node zone threshold 𝑠1 = 𝑃 ∗ 𝐿;
3 do
4 𝑛𝑜𝑑𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 = [[] x 𝑁 ], flag = False ;
5 intra-node/local zone 𝑧01 = {|s| < 𝑠1 |s ∈ S};
6 inter-node zone 𝑧2 = {|s| ≥ 𝑠1 |s ∈ S} ;
7 per-node length budget 𝑠avg =

∑
s∈𝑧2 |s|/𝑁 ;

8 for s in 𝑧2 do
9 Split s evenly to

⌈
|s|/𝑠avg

⌉
empty buckets;

10 end
11 for s in 𝑧01 do
12 𝑖𝑑𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑖 (

∑
𝑠𝑠∈𝑛𝑜𝑑𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 [𝑖 ] |𝑠𝑠 |);

13 if |s| +∑
𝑠𝑠∈𝑛𝑜𝑑𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 [𝑖𝑑𝑥 ] |𝑠𝑠 | > 𝑃 ∗ 𝐿 then

14 Update threshold: 𝑠1 =𝑚𝑎𝑥{𝑧01};
15 flag = True; break;
16 else
17 𝑛𝑜𝑑𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 [𝑖𝑑𝑥].push(s);
18 end
19 end
20 while flag ;

Output :𝑛𝑜𝑑𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠

the appropriate zone for each sequence and 2○ partition-
ing and placing sequences within each zone at the proper
granularity.
We propose a hierarchical partitioning strategy consist-

ing of two steps: inter-node partitioning followed by intra-
node partitioning. As illustrated in Alg. 1, the inter-node
stage determines the boundary 𝑠1 between the inter-node
𝑧2 and intra-node/local 𝑧01 zones, and assigns them into 𝑁

node-level buckets to optimize communication, which is the
primary bottleneck at this level. The algorithm iteratively ad-
justs 𝑠1: it is initially set by the per-node token capacity (Line
2), and inter-node sequences 𝑧2 are then chunked based on
the average per-node budget 𝑠avg to balance load. Instead of
spreading sequences uniformly across all nodes, we increase
the partition granularity for cross-node sequences and assign
them to separate GPUs (Lines 7–10), improving communica-
tion efficiency. The remaining shorter sequences in 𝑧01 are
assigned to the least-loaded node buckets (Lines 11–15). If
any sequence in 𝑧01 exceeds node capacity (Lines 13–15), 𝑠1 is
reduced to the maximum of 𝑧01 and the process repeats. The
iterative refinement guarantees that all sequences shorter
than the final 𝑠1 can be placed within node capacity.
At the intra-node stage, Alg. 2 further partitions the se-

quences within each node across 𝑃 devices. Similar to Alg. 1,
the algorithm determines the boundary 𝑠0 between intra-
node 𝑧1 and local 𝑧0 sequences. Inter-node sequences are

Algorithm 2: Intra-Node Partitioning
Input : Intra-node Sequences 𝑧01, Inter-node

Sequences 𝑧2 (at curent node), Devices per
Node 𝑃 , Token Capacity per Device 𝐿

1 Initialize threshold 𝑠0 = 𝐿;
2 do
3 𝑑𝑒𝑣𝑖𝑐𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 = [[] x 𝑃], flag = False ;
4 for s in 𝑧2 do
5 Split s evenly to 𝑃 devices;
6 end
7 𝑧0 = {|s| < 𝑠0 |s ∈ 𝑧01}, 𝑧1 = {|s| ≥ 𝑠0 |s ∈ 𝑧01} ;
8 per-device budget 𝑐avg =

∑
s∈𝑧1 ( |s|2)/𝑃 ;

9 for s in 𝑧1 do
10 Split s into

⌈
|s|2/𝑐avg

⌉
fragments;

11 Assign fragments to buckets in round-robin
fashion;

12 end
13 for s in 𝑧0 do
14 𝑖𝑑𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑖 (

∑
𝑠𝑠∈𝑑𝑒𝑣𝑖𝑐𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 [𝑖 ] |𝑠𝑠 |);

15 if |s| +∑
𝑠𝑠∈𝑑𝑒𝑣𝑖𝑐𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 [𝑖𝑑𝑥 ] |𝑠𝑠 |) > 𝐿 then

16 Update threshold: 𝑠0 =𝑚𝑎𝑥{𝑧0};
17 flag = True; break;
18 else
19 𝑑𝑒𝑣𝑖𝑐𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠 [𝑖𝑑𝑥].push(s);
20 end
21 end
22 while flag ;

Output :𝑑𝑒𝑣𝑖𝑐𝑒_𝑏𝑢𝑐𝑘𝑒𝑡𝑠

evenly distributed across 𝑃 GPUs. Since intra-node commu-
nication overlaps more effectively with computation, intra-
node sequences are split to balance their quadratic compu-
tation across devices, using 𝑐avg as the per-device budget.
Finally, local sequences are assigned to individual devices. If
any local sequence exceeds device capacity 𝐿, 𝑠0 is adjusted
iteratively to the maximum of 𝑧0. This iterative adjustment
guarantees feasible placement while balancing computation
and communication within each node.
3.2 Attention Engine
With the sequence assignments, each device receives se-
quences categorized into three types: inter-node, intra-node,
and local. Each type mapped to a distinct ring communica-
tion group. Compared to the evenly split pattern, where all
sequences are evenly split across a single global ring [4, 39],
the hierarchical ring-group mapping reduces the communi-
cation overhead from 𝑏inter

∑
𝑖∈𝑆

𝑠𝑖 to max
s∈𝑧2

𝑏inters +max
s∈𝑧1

𝑏intras,

where 𝑏inter and 𝑏intra denote the inverses of inter- and intra-
node bandwidths, respectively. Hybrid methods [19, 52] that
partition sequences into multiple communication groups typ-
ically apply coarse-grainedmodel-level parallelism, which of-
ten introduces imbalance among ranks. In contrast, Zeppelin
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Figure 6. Attention Engine orchestrates partitioned se-
quences on each device, performing computations in the
order of inter-node, intra-node, and local. Sequences are par-
titioned to balance the computational load, considering the
triangular attention mask.

employs a fine-grained attention-level execution engine. It
orchestrates three separate queues, ensuring balanced work-
load distribution while aligning with the underlying network
hierarchy.

As shown in Fig. 6, execution proceeds in the order of inter-
node, intra-node, and local sequences. This ordering is cru-
cial for maximizing efficiency. Because the inter-node com-
munication group spans and subsumes intra-node groups
on participating nodes, completing inter-node tasks first
enables immediate launching of intra-node queues with-
out blocking. In contrast, executing intra-node tasks first
would delay inter-node launches, as they must wait for all
intra-node operations across nodes to finish, introducing idle
time. Finally, local sequences, requiring no communication,
are executed last to avoid interfering with communication-
dependent tasks.
The lower-triangular computation pattern in causal self-

attention [5, 34] requires a fine-grained sequence partition-
ing strategy for inter- and intra-node rings to achieve bal-
anced load across participating ranks [53]. As illustrated in
Fig. 6, sequences within a queue, e.g., an inter-node ring
of size 𝐺inter or an intra-node ring of size 𝐺intra, are further
divided into 2×𝐺 equal-length chunks, where𝐺 denotes the
ring group size. Each rank 𝑖 in the ring is assigned the 𝑖-th
and the (2𝐺 − 𝑖 − 1)-th chunks, ensuring balanced compu-
tation among all ranks in the group. Execution follows the
standard ring attention pattern: [4, 31, 32], the execution of
each queue involves 𝐺 rounds of computation overlapped
with send-receive communication. In each round, rank 𝑖

sends its current KV activations to rank 𝑖 + 1 and receives
the next round’s KV activations from rank 𝑖 − 1. Local se-
quences are executed directly on their assigned GPU using a

standard variable-length attention kernel without inter-rank
communication.
3.3 Communication Routing
The hierarchical partitioning strategy, combining local, intra-
node, and inter-node parallel patterns in distributed atten-
tion, helps reduce overall communication volume. However,
the flexible combination of these methods introduces diverse
communication patterns that can still result in hardware
under-utilization. For example, devices processing local or
intra-node sequences may leave their dedicated NICs idle
while other devices on the same node engage in inter-node
communication, as shown in Fig. 7. Within an inter-node
ring, the structured send-receive pattern, e.g., rank 𝑖 sends
to 𝑖 + 1 and receives from 𝑖 − 1, can also lead to NIC under-
utilization. NICs associated with GPUs not directly involved
in the cross-node communication remain idle, and even ac-
tive NICs are underused bacause ring attention only transfer
data unidirectionally, leaving the opposite direction unused.

To fully utilize all NICs for flexible routing, Zeppelin intro-
duces a Communication Routing Layer that disaggregates
logical communication paths from fixed GPU-NIC affinities.
We define proxy ranks as the ranks within a node responsible
for inter-node transfers. Considering an inter-node ring: let
𝑥1 and 𝑥2 denote the number of proxy ranks at the current
node for sending and receiving, respectively. In each round
of send-receives, the inter-node communication for KV ac-
tivation of total size 𝑛 is decomposed into three-steps, as
shown in Fig. 7:
• Workload Dispatch (Intra-node): The source rank scat-
ters its 𝑛 tokens to 𝑥1 send proxy ranks using high-
bandwidth intra-node links, with each proxy handling
about 𝑛/𝑥1 tokens.

• Inter-node Transfer (Multi-NIC): The 𝑥1 send proxy
ranks deliver their data portions to the destination node,
while 𝑥2 receive proxy ranks simultaneously retrieve data
from the source node.

• Workload Combine (Intra-node): Each of the 𝑥2 receive
proxy ranks forwards its 𝑛/𝑥2 tokens to the designated
destination rank.

The direct transfer cost, 𝑏inter · 𝑛, is thus optimized to:

𝑏intra
𝑛(𝑥1 − 1)

𝑥1
+ 𝑏inter max( 𝑛

𝑥1
,
𝑛

𝑥2
) + 𝑏intra

𝑛(𝑥2 − 1)
𝑥2

(1)

Given the typical 10× bandwidth gap between 𝑏intra, 𝑏inter in
modern GPU clusters, even a small number of proxy ranks
can significantly reduce the inter-node communication bot-
tleneck.
To implement this, GPUs are designated as send and re-

ceive proxy ranks in a balanced manner. GPUs already par-
ticipating in ring communication act as proxy ranks for their
groups, while GPUs handling local or intra-node sequences
can also serve as proxies for inter-node transfer. For inter-
node rings spanning multiple nodes, the number of proxy
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Figure 7. The send-receive operations of an inter-node ring for a data volume of 𝑛 are decomposed into three steps: 1) local
dispatch: the inter-node send workload is first distributed to designated proxy ranks within each node, 2) inter-node exchange:
these proxy ranks perform the inter-node send-receives for the dispatched workload, overlapped with ongoing intra-node
transfers, and 3) local gather: the data received from remote nodes is gathered on the target rank. Ranks assigned for intra-node
and local attention computation also serve as proxy ranks to route the data.

GPUs involved in communication may differ across nodes.
To ensure balanced communication, the number of send
proxy ranks 𝑥1 at each node is set to the minimum number
of GPUs assigned to the current and destination nodes; the
number of receive proxy ranks 𝑥2 is set analogously, based on
the current and source nodes. This pairing strategy ensures
one-to-one matching of senders and receivers.
The optimized inter-node communication can be sched-

uled to overlap with local computation and intra-node trans-
fers. As shown in Fig. 7.a, intra-node send-receives can pro-
ceed simultaneously with cross-node data transfer, improv-
ing hardware utilization. For ranks within a ring, their intra-
node communication can also be scheduled to overlap the
cross-node data transfer in Fig. 7.b.
3.4 Remapping Layer
After addressing attention imbalance, linear computation
still contributes a non-negligible share of the total over-
head, particularly when the sequence length distribution
is highly right-skewed, with many short sequences and a
few very long ones, as shown in Fig. 5. The partitioning strat-
egy optimized for attention often leads to token distributions
where some ranks are heavily loaded while others may be
underutilized. In contrast, linear structures such as MatMul,
LayerNorm, and Mixture-of-Experts (MoEs) achieve optimal
efficiency when tokens are evenly distributed across ranks.
Consequently, a strategy that balances quadratic attention
computation may be misaligned with the optimal distribu-
tion for linear modules, leading to inefficiencies.

To bridge this gap, we introduce a Remapping Layer that
dynamically adjusts the sequence distribution across ranks
before and after the linear modules. Prior to linear computa-
tion, the remapping layer transforms the attention-optimized
layout into a token-balanced layout. Afterwards, it performs
the inverse transformation, incurring an equivalent cost,
thereby aligning both attention and linear structures with
their respective optimal execution patterns.
To minimize the communication overhead of remapping

operations, we formalize the problem as an optimization
task. Let 𝐴 be a 𝑑-dimension vector representing the current
token distribution across 𝑑 ranks in a remapping group. The
target distribution 𝐵 is a 𝑑-dimensional vector in which each
element 𝐵𝑖 equals the average number of tokens, i.e.,

∑
𝐴𝑖/𝑑 .

The goal is to find a transfer matrix𝑀 ∈ R𝑑×𝑑 , which min-
imizes the data transfer cost required to transform 𝐴 into
𝐵:

argmin
𝑀

| | (𝑇 ∗𝑀)1| |∞

𝑠 .𝑡 .
∑︁
𝑗

(𝑀𝑖 𝑗 ) =max{𝐴 − 𝐵, 0}𝑖 ,∀𝑖;∑︁
𝑖

(𝑀𝑖 𝑗 ) =max{𝐵 −𝐴, 0} 𝑗 ,∀𝑗 ;

𝑀 ≥ 0;

(2)

Here,𝑀𝑖 𝑗 denotes the volume of tokens transferred from
rank 𝑖 to rank 𝑗 , and𝑇 is a symmetric cost matrix determined
by network bandwidth:𝑇𝑖 𝑗 = 𝑏inter for inter-node remapping,
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Figure 8. Throughputs for three model configurations—7B, 13B, 30B, and 8×550M—evaluated on three dataset types, across
total context lengths ranging from 64k to 256k (with 4k per GPU), on Cluster A & C.

and 𝑇𝑖 𝑗 = 𝑏intra otherwise. The first constraint ensures that
ranks only send surplus tokens, while the second constraint
ensures that deficits are satisfied. The objective minimize
the maximum communication cost incurred by any rank,
thereby balancing the transfer overheads. This formulation
corresponds to a minimum-cost flow problem and can be
solved efficiently using standard solvers such as Gurobi [1].

4 Implementation
We implemented the core of Zeppelin with 2k lines of
C++/CUDA and 6k lines of Python, extending Megatron-
LM [47] and Transformer Engine [39], two widely adopted
open-source LLM training frameworks. The communication
routing layer includes custom NCCL kernels for the three-
step routing procedure, which flexibly assign inter-node send
and receive ranks. These kernels are scheduled across multi-
ple CUDA streams with a stream manager that that priori-
tizes kernel launches to maximize execution overlap. The at-
tention engine, integrated into Transformer Engine, manages
the execution of three sequence queues (local, intra-node,
and inter-node) on a dedicated computation stream. A global
context-parallel process group is dynamically partitioned
into multiple logical ring, and the engine asynchronously
launches routing-layer communication kernels or intra-node

Table 2. Sequence length distribution of three datasets. Val-
ues represent the proportion of sequences within each length
bin (lengths in thousands of tokens).

Dataset <1 1-2 2-4 4-8 8-16 16-32 32-64 64-128 128-256
Arxiv 0.032 0.03 0.08 0.219 0.338 0.224 0.077 0 0
Github 0 0.34 0.095 0.104 0.107 0.102 0.088 0.064 0.045
Prolong64k 0.231 0.042 0.021 0.012 0.013 0.008 0.673 0 0

send-receive operations to overlap communication with com-
putation. The sequence partitioner and remapping layers
are integrated into Megatron-LM. The sequence partitioner
leverages the global batch length distribution to execute the
hierarchical partitioning algorithm and generate per-rank
placement planss. The remapping layer computes optimal
data transfer strategies via a standard solver [1] and exe-
cutes them with a dynamic-shape alltoallv primitive that
supports both forward and backward passes.

5 Evaluation
Experimental Setup We conduct experiments on three
GPU clusters: Cluster A, B, and C. In Cluster A, each node
is equipped with 8 NVIDIA A800-80G GPUs interconnected
via NVSwitch, providing 400 GB/s of intra-node bandwidth.
Each node also has 4 RoCE NICs, with each NIC shared by 2
GPUs, yielding an aggregate cross-node bandwidth of 4×200
Gb/s. In contrast, Cluster B features nodes equipped with 8
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NVIDIA H800 GPUs and 8 RoCE NICs. Cluster C nodes con-
tain 8 H200 GPUs and 8 CX7 NICs of 8×400 Gb/s bandwidth,
enabling significantly higher cross-node bandwidth with
one-to-one GPU–NIC mapping. All clusters run a uniform
software stack: CUDA 11.8, cuDNN 8.9.6, NCCL 2.14 [36],
PyTorch 2.4.0 [2], FlashAttention 2.4.3 [10], Megatron-LM
0.8.0rc0 [47], and Transformer Engine v1.8 [39].
Model and DatasetWe use LLaMA [33] with multi-head at-
tention as the baseline architecture, given its competitiveness
and widespread adoption. Five representative configurations
are evaluated: 3B, 7B, 13B, 30B dense, and 8×550M MoE.
For datasets, we evaluate on three representative long-

context datasets: ArXiv [46], GitHub [19], and Pro-
Long64k [18]. Synthetic datasets are generated to match
the length distributions of these benchmarks, with batch
sequence lengths sampled proportionally to dataset distribu-
tions. The detailed length distributions are shown in Table 2.
Throughput is reported as processed tokens per second, av-
eraged over steps 50-150.
Baseline We compare Zeppelin against several state-of-the-
art methods:
• Transformer Engine CP [39]: evenly splits sequences
across devices and applies balanced ring attention.

• LLaMACP [34, 53]: replicates the CP approach in LLaMA
training, where KV activations are all-gathered across de-
vices prior to attention computation.

• Hybrid DP [19]: combines standard DP for short se-
quences with ring-based CP for long sequences to balance
FLOPs. When short sequences exceed memory limits, they
are further chunked into smaller micro-batches.

Evaluation ScopeWe evaluate Zeppelin across four aspects:
1○ end-to-end performance across models, datasets, and
scales; 2○ scalability and adaptability to different network
architectures; 3○ ablation studies of key design points; 4○
case studies with execution timeline analysis and length
distribution effects.
5.1 End-to-End Throughput
We evaluate end-to-end training throughput across diverse
combinations of four model architectures, three datasets,
and three context length scales, as shown in Fig. 8. Zeppelin
consistently outperforms other SOTA baselines, achieving
up to 6.60× speedup and an average speedup of 2.80× over
the TE baseline.

For 7B model training, throughput improvements are con-
sistent across different context lengths and dataset distribu-
tions. At each context length, datasets with shorter length
distributions (e.g., ArXiv) are partitioned efficiently to reduce
more communication costs than skewed distributions (e.g.,
GitHub) with longer sequence lengths, resulting in larger
speedups. For the 13B model on Cluster A and 30B model on
Cluster C, context parallel training is combined with tensor
parallelism of size 2. The speedup trend mirrors the 7B case.
An interesting observation is that the speedups achieved
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Figure 9. Scalability on the LLaMA 3B (Cluster A). Through-
put is plotted against the number of GPUs (16-128), with
context length set fixed at 4K tokens per GPU.
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Figure 10. Speedup comparison on Cluster A & B.

by the 13B model are greater than those of the 7B model.
This is because, in the 13B setting, two ranks within a TP
group share the same NIC on Cluster A, whereas in the 7B
setting (TP size 1), the workload is handled by a single rank.
Consequently, bottleneck communication is eliminated with
better speedups.

For MoE models, flop cannot be accurately estimated prior
to routing, which undermines Hybrid DP’s flop-based token
assignment and often leads to imbalanced expert compu-
tation. At shorter context length (e.g., 64k), where expert
computation dominates, the balanced LLaMA CP method
achieves the highest throughput. However, as context length
grows, the primary bottleneck shifts to attention computa-
tion. In this regime, Zeppelin’s attention optimizations domi-
nate, yielding superior performance.
5.2 Scalability
We evaluate the scalability of Zeppelin across different train-
ing scales and datasets, and also test its performance under
a different GPU-NIC affinity architecture on Cluster B.
Experiments are conducted with the LLaMA 3B dense

model on cluster A, using a context length of 4k tokens per
GPU. As shown in Fig. 9, the TE baseline maintains nearly
constant throughput across scales due to the cross-node com-
munication bottleneck of ring attention. LLaMA CP achieves
better performance by leveraging optimized all-gather collec-
tives, but its communication overhead grows linearly with
total sequence length. Hybrid DP reduces communication
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Figure 11. Ablation study on Zeppelin component perfor-
mance. Comparison of TE CP baseline versus configurations
with Routing Layer, Attention Engine, and Remapping Layer
on a 3B model (32 GPUs, Cluster A) across three datasets.

costs using coarse-grained model-level parallelism, yet fails
to capture the scaling characteristics of individual compo-
nents. Consequently, it fails to outperform LLaMACP even at
small scales (16–32 GPUs), where group size remains limited.
In contrast, Zeppelin incorporates per-sequence parallelism
and leverages the hierarchical bandwidth structure of the
hardware, yielding significantly better scalability across all
settings.

For the ArXiv dataset, which exhibits a balanced sequence
length distribution at 64k, performance scales smoothly
across all methods. In contrast, the GitHub dataset contains
long sequences exceeding 64k tokens. As context length
grows, such sequences become more prevalent, leading to
slower throughput gains for Hybrid DP and Zeppelin com-
pared to balanced datasets. For both GitHub and ProLong64k,
Hybrid DP’s FLOP-balanced metric is particularly sensi-
tive to the dominance of long sequences: they occupy most
ranks and force short sequences to be split into additional
micro-batches. By contrast, Zeppelin mitigates this bottle-
neck through its fine-grained, per-sequence execution and
hierarchical partitioning strategy.

We further evaluate performance on Cluster B, which fea-
tures a different GPU–NIC affinity architecture and stronger
GPU processing capabilities. As shown in Fig. 10, Zeppelin
achieves significant throughput improvements on Cluster B
over all baselines. The overall throughput is higher than that
of Cluster A, primarily due to the enhanced computational
power of the Hopper architecture. Both clusters exhibit sim-
ilar speedup trends across datasets. However, the relative
speedup of Zeppelin is greater on Cluster A. This is because
Cluster A has a larger computation-to-communication ratio,
allowing Zeppelin to more effectively overlap communica-
tion costs, consistent with its design principles.
5.3 Ablation Study
We evaluate the efficacy of key design components in Zep-
pelin by comparing TE CP with ablated variants of Zeppelin
across three datasets, as shown in Fig. 11. Integrating the
Communication Routing Layer into the TE CP baseline en-
ables full utilization of all NICs in a global ring. Since the

total communication volume remains proportional to token
count, the routing layer alone provides a consistent ∼1.6×
speedup across datasets. Adding efficient sequence parti-
tioning and the attention engine, which coordinate the exe-
cution of local, intra-node, and inter-node queues, further
reduces communication volume. On balanced datasets such
as ArXiv, this yields up to 3.2× speedup. Combining routing
with the attention engine amplifies these gains by simultane-
ously reducing communication volume and improving NIC
utilization. Building on attention-level partitioning, intro-
ducing the Remapping Layer balances workloads for linear
modules. On right-skewed datasets such as ArXiv, remap-
ping increases speedup from 3.51× to 3.64×. In contrast, on
long-sequence–dominated datasets such as GitHub, the in-
cremental benefit of remapping is minimal, since attention
computation dominates the cost.
5.4 Case Study

5.4.1 Timeline Analysis We profile three execution
traces of a 3B model on 16 GPUs wit a total sequence length
of 64k on Cluster A in Fig. 12. These traces illustrate how
Zeppelin improves performance and reveal potential over-
heads in its implementation. In the TE CP baseline, each
round of ring attention overlaps attention computation of
local Query activations and inter-node communication of KV
activations for the next round. However, limited inter-node
bandwidth makes inter-node communication the dominant
contributor to attention overhead.

With communication routing in Zeppelin (Fig. 12.b), inter-
node communication is decomposed into three steps. The
local dispatch step overlaps directly with attention compu-
tation, but the inter-node transfer phase often stalls while
waiting for Streaming Multiprocessor (SM) resources, since
attention kernels dominate compute capacity. This creates
bubbles—idle periods between communication kernels in
the forward phase. Despite these bubbles, inter-node com-
munication cost is reduced substantially from 2.18 ms to
411 𝜇s (a reduction proportional to NIC count). The forward
phase communication cost is nearly halved, decreasing from
2.18 ms to 1.3 ms. In the backward phase, both computation
and communication roughly double in duration, but overlap
improves.
When the total context consists of multiple small se-

quences (Fig. 12.c), inter-node communication is avoided
by assigning sequences to separate node buckets. Intra-node
communication overlaps more effectively with computation,
as observed in the timeline of Rank 0. Ranks 8–11 handle both
intra-node and local sequences, with backward computation
executed in reverse order. For small intra-node communica-
tions, performance fluctuations appear at Rank 8, in contrast
to the stable but heavier communication observed in TE CP.
Nonetheless, the per-round cost is dramatically reduced from
16× (2.18 ms + 4.41 ms) = 105.44 ms in TE CP to 8× (738 𝜇s +
1.95 ms) = 21.504 ms in Zeppelin.
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Figure 12. Forward and backward phase timelines of the attention component in a 3B model on 16 GPUs with a total
context length of 64k tokens. a) TE CP: For a single sequence of length 64k, cross-node communication between rank 0 and
rank 15 becomes a bottleneck during each round of ring attention. b) Zeppelin (single sequence): For a 64k-length sequence,
the cross-node communication workload is split into eight chunks, enabling local dispatch, inter-node transfers, and local
combination in each ring attention round. c) Zeppelin (multiple sequences): For multiple sequences with a total length of
64k, sequences are distributed to separate nodes without partitioning across nodes. Within each node, sequences are further
partitioned or placed with balanced computation, improving parallel efficiency.

Table 3. Cost distribution under two length distribution
Components (ms) Balanced Skewed
Forward 316 - 817 1000 - 1002
Forward Quadratic Attention 161 - 670 801 - 854
Forward Linear Modules 93 - 97 91 - 105
Forward Remapping Layer 14 - 16 14 - 45
Forward Sequence Partition 3 - 10 3 - 12
Backward 422 - 1108 1605 - 1608

5.4.2 Length Distribution We evaluate the cost distri-
bution across ranks under two different input length distri-
butions, as shown in Table 3. Experiments are conducted
on the 7B model with four nodes of Cluster C and a total
context length of 128K. The Balanced distribution samples
sequences from each bucket in Table 2, while the Skewed
distribution contains one very long sequence and several
short ones. End-to-end overhead under the Skewed distribu-
tion is higher than under the Balanced distribution, as the
long sequence dominates attention computation. By contrast,
remapping overheads are negligible, since our partitioning
algorithm already accounts for token balance. The complex-
ity of sequence partitioning is polynomial and incurred only
once per iteration, making it negligible compared to the
end-to-end training cost.

6 Related Work
Training LLMs efficiently at scale and enabling long-context
capability have driven the development of advanced dis-
tributed learning techniques. Our work builds upon and

extends prior research in parallelization strategies, long-
sequence processing, and communication optimization.
Basic Parallelisms in LLM Training In Data Paral-
lelism [45], multiple workers train identical model replicas
on different data subsets. ZeRO [44] reduces memory redun-
dancy in DP. For models too large to fit on a single device,
Tensor Parallelism (TP) [29, 47] shards weights within layers,
while Pipeline Parallelism (PP) [8, 24, 35, 43] partitions layers
across devices. Hybrid approaches [6, 27, 57] combine these
techniques to scale to extremely large models.
Sequence Length Scaling The growing demand for long-
context processing stresses traditional parallelisms due to
the quadratic cost of self-attention mechanism. FlashAtten-
tion [10] reduces memory I/O overheads for single-device
attention. For distributed training, multiple schemes have
been proposed: DeepSpeed Ulysses [26] utilizes all-to-all
operations to switch between sequence- and head-wise par-
titions; WLB-LLM [53] allgathers KV cache before local at-
tention; Ring Attention [32] adopts ring-based communica-
tion to distribute attention; Striped Attention [4] and DIST-
FLASHATTN [31] optimize load balance under causal masks;
USP [16] integrate DeepSpeed-Ulysses and Ring Attention
for better scalability; and LoongTrain [23] applies a double
ring algorithm to reduce communication overhead.
Variable-length Training Fixed-length padding is inef-
ficient as it wasted computation and memory. Packing
variable-length sequences [42] reduces waste but leads to
complex attention masks and load imbalance in SP ap-
proaches. Transformer Engine [39] balance computation by
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evenly splitting sequences. FlexSP [52] adapts grouping and
parallelism dynamically. HotSPa [20] mitigates skewness via
hot switching among parallel strategies. ByteScale [19] re-
duces redundant communication for short sequences using
hybrid data parallel approaches.

7 Conclusion
In this paper, we proposed Zeppelin, a novel system design en-
gineered to address the severe imbalance issues encountered
during data-parallel training of LLMs with long and variable-
length data. Zeppelin enhances training performance through
three key components: an efficient attention engine, a flexible
communication routing layer, and a remapping layer. Com-
prehensive evaluations demonstrate that Zeppelin achieves
an impressive average speedup of 2.80× over state-of-the-art
methods.
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