ZORSE APPENDIX:
OPTIMIZING LLM TRAINING EFFICIENCY ON HETEROGENEOUS GPU
CLUSTERS

1 P2P COMMUNICATION IN ZORSE
1.1 Communication Plan

Algorithm 1 presents the pseudocode for the greedy algo-
rithm used to compute an efficient communication plan
between adjacent pipeline stages in a heterogeneous cluster.
Note that each stage has microbatchesPer Rank defined
based on the compute ratios of the GPUs. We compute this
plan statically before execution begins based on compute
latencies profiled from each GPU.

The algorithm takes as input the current pipeline stage con-
figuration, the next pipeline stage configuration, and a map-
ping of GPU types to their compute latencies. It produces a
communication plan that specifies:

1. For each microbatch in the current stage: the rank in
the next stage to send outputs to

2. For each microbatch in the next stage: the rank in the
current stage to receive inputs from

3. Unique tags for all forward and backward communica-
tions

1.2 NCCL Communication Challenges

We encountered challenges when using NCCL (NVIDIA
Collective Communications Library (NVIDIA, 2024)) for
pipeline parallel peer-to-peer communication. NCCL’s com-
munication primitives operate under strict ordering require-
ments that can lead to deadlocks in complex pipeline sched-
ules.

The core issue stems from NCCL’s blocking behavior
in P2P communication (NVIDIA Corporation, 2020):
any ncclSend operation blocks until the corresponding
ncclRecv call is executed on the receiving rank, and sim-
ilarly, any ncc1Recv operation blocks waiting for the cor-
responding ncclSend. This will not block computation
which can occur on a separate stream, but will block sub-
sequent send and recv operations on the same NCCL com-
municator. This creates a strict global ordering requirement
where communication operations must follow a consistent
sequence across all GPU ranks.

Specifically, when implementing pipeline parallelism with
multiple microbatches and interleaved pipeline stages of

different sizes, there is significant potential for cyclic depen-
dencies.
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Figure 1. Bandwidth comparison heatmaps between Gloo (left)
and NCCL (right) communication backends for 4 GPUs distributed
across 2 machines. GPUs 0 and 1 are NVIDIA H100 GPUs within
the same machine, while GPUs 2 and 3 are NVIDIA A100 GPUs
within the same machine. The color intensity represents bandwidth

in GB/s, with NCCL showing significantly higher bandwidth for
intra-node communication between similar GPU types.

Due to differences in computation workload and stage exe-
cution timing, we could encounter a deadlock scenario like
this:

GPUO GPU1 GPU2
ncclRecv(Gs) | ncclRecv(Gy) | ncclSend(Gh)
ncclSend(G1) | ncclRecv(Gs) | ncclSend(Gy)

Here’s why this creates a deadlock:

1. Gy is waiting for data from G2 before it can proceed
to sending data to GG;

2. (G, is waiting for data from G before it can proceed
to receiving data from G4
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Algorithm 1 Greedy Microbatch Distribution

1: Input: Current stage S., Next stage S,,, GPU compute
time mapping L.
Output: Communication plan between stages
C « 0 {List to store microbatch completion times}
for each rank » € S, do
for each microbatch m from 0 to numMBs(r) — 1
do
Append (m x L,,r) to C {When this microbatch
completes}
end for
end for
W <« ( {List to store remaining work per GPU}
for each rank » € S,, do
for each microbatch m from 0 to numMBs(r) — 1
do
12: Append ((M, — m) x L,,r) to W {Remaining
work after m microbatches}
13:  end for
14: end for
15: Sort C by completion time (earliest first)
16: Sort W by remaining work (most work first)
17: Initialize microbatch indices for all ranks to 0
18: Initialize empty communication plan P
19: for each pair (1., ) € zip(C, W) do
20: i, < current index for rank r. {Match by sorted
order}
21: 1, < current index for rank r,,
22:  P[r][ic].forward_send_to < r, {Set forward path}
23:  Plry][in).forward_recv_from < r.
24:  P[r][ic].backward_recv_from < r, {Set backward
path}
25:  P[ry][in]-backward_send_to < r.
26:  Increment microbatch index for 7. and r,,
27: end for
28: return P
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3. (2 needs to send data to both G; and G, but its com-
munication operations execute in order

The key insight is that the relative ordering of ncclSend
and ncclRecv operations across different GPUs creates
an implicit dependency graph. If this graph contains a cycle,
a deadlock will occur. In pipeline parallelism with multiple
microbatches, ensuring a globally deadlock-free ordering
becomes extremely challenging as the number of stages and
microbatches increases.

While NCCL provides
ncclGroupStart/ncclGroupEnd  primitives  to
group operations, these mechanisms are inadequate for
complex pipeline parallelism scenarios with multiple
microbatches. The key limitation is that operations within

a group are batched and finish together, which prevents
effective pipelining when different microbatches need to
be processed in parallel. We leave the resolution of these
communication ordering challenges in NCCL to future
work.

1.3 NCCL Deadlock Example During Training

A common scenario where this NCCL deadlock can occur is
when stages have different numbers of GPUs. For example,
suppose there are 3 stages, with one GPU in the first stage
(1a), two in the second stage (2a, 2b), and one in the third
stage (3a). Then the following deadlock can occur:

1. GPU la sends an activation to GPU 2a.

2. GPU lais blocked as GPU 2a is sending an activation
to GPU 3a.

3. GPU 2ais blocked as GPU 3a is receiving an activation
from GPU 2b.

4. GPU 3ais blocked as GPU 2b is receiving an activation
from GPU la.

5. A cycle forms since we are back at GPU 1la.

1.4 Gloo-Based Solution

To address these challenges, we implemented an alterna-
tive communication strategy using the Gloo communication
library (Facebook Incubator, 2025). Gloo offers several
advantages for pipeline communication:

* Tag-based messaging: Gloo’s communication prim-
itives support message tagging, allowing sends and
receives to be matched based on tags rather than strict
ordering

* Non-blocking behavior: Gloo’s operations can be
executed out of order without causing deadlocks

¢ Flexibility: This approach enables more dynamic com-
munication patterns essential for efficient pipeline par-
allelism

The primary tradeoff with Gloo is that it communicates over
CPU memory, meaning it cannot leverage high-bandwidth
GPU interconnects like NVLink. This can lead to larger
communication overheads when a lot of data is transferred.
As the heatmaps in Figure 1 illustrate, while NCCL provides
superior bandwidth for intra-node transfers, the gap narrows
for inter-node communication where network bandwidth be-
comes the bottleneck rather than the communication back-
end. We limited our use of Gloo to PP communication,
which is significantly less communication intensive than DP
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Figure 2. This diagram contrasts the forwards pass in Zorse compared to breadth-first pipeline parallelism. The model has 20 layers (L;)
and there are 3 microbatches. There are 3 GPU groups, each with 4 ministages (Same as Figure 4 of the paper). In breadth-first pipeline
parallelism, communication cannot be effectively overlapped with computation efficiently since the subsequent stage cannot start until the

current stage reaches the first microbatch of the last layer.

communication, and can still work efficiently over slower
networking. Note that our PP communication is overlapped
with computation, which is typically large enough to over-
lap GLOO P2P communication. Moreover, we still use
NCCL for communication within GPU groups where we
know there can be no deadlocks.

1.4.1 Hybrid Communication Strategy

To maximize performance, we implemented a hybrid com-
munication strategy that selectively uses NCCL and Gloo
based on the communication context:

* Gloo for cross-stage pipeline communication: We
use Gloo for communication between pipeline stages
of different sizes where deadlocks can arise from many-
to-many communication schedules.

e NCCL for data parallelism: We use NCCL for
data-parallel communication for maximum bandwidth,
since it does not conflict with P2P communication
across DP groups.

e NCCL between same-sized pipeline stages: For
pipeline stages of equal size and containing identical

sets of GPUs, we can establish a predictable communi-
cation one-to-one pattern that safely uses NCCL. This
constraint ensures we avoid many-to-many communi-
cation schedules that could lead to deadlocks.

2 PIPELINE-EFFICIENT ZERO DP vS
BREADTH-FIRST PP

In this section we compare Pipeline-Efficient ZeRO DP and
Breadth-First PP. While Zorse is similar to breadth-first PP
in that multiple ministages are assigned to each GPU, Zorse
is fundamentally different in that it processes all layers per-
microbatch before moving to the next microbatch, whereas
breadth-first PP processes all microbatches per layer before
moving to the next layer. Breadth-first PP introduces a
large pipelining overhead when ministages have more than
1 layer, which is necessary in heterogeneous clusters to
balance computation. In Figure 2, we illustrate with an
example how Zorse’s pipeline compares with a breadth-first
strategy.
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3 EVALUATION DETAILS

In this section we provide additional details on the models
and training configurations used by Zorse in the evaluation.

Table 1. Model Statistics

Model Layers | Embd. Size | Attn. Heads | Parameters
Llama 1B (Zhang et al., 2024a) 22 2048 32 1B
Llama 3B (Touvron et al., 2023) 26 3200 32 3B
Llama 7B (Touvron et al., 2023) 32 4096 32 7B
Llama 13B (Touvron et al., 2023) 40 5120 40 13B
Llama 33B (Touvron et al., 2023) 60 6656 52 33B
Llama 65B (Touvron et al., 2023) 80 8192 64 65B
GPT 6.7B (Brown et al., 2020) 32 4096 32 6.7B
GPT 13B (Brown et al., 2020) 40 5120 40 13B
3.1 Models

We use the larger LLama 7B - 65B (Touvron et al., 2023)
models for our evaluation in Section 5, and smaller variants
(Zhang et al., 2024a) for benchmarking PP + DP in the
introduction. We also report additional experimental results
for GPT (Brown et al., 2020) models in this section. Model
specifications are provided in Table 1.

3.2 Training Configurations

In Table 2, we provide more details on the training configu-
rations that Zorse uses for experiments in the main paper.
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Figure 3. TFlops and memory utilization of Zorse optimizations
(Cluster A, LLama 65B). Baseline runs out of memory.

3.3 Ablation Study

We conduct an ablation study to evaluate the impact of
Zorse’s key components on training throughput and memory
utilization. Starting with a baseline PP+ZeRO-2 implemen-
tation in TorchTitan, we incrementally add: (1) activation
offloading (O), (2) Pipeline-Efficient ZeRO DP and inter-
leaved optimizer updates (I), and (3) Heterogeneous Pipeline
Parallelism (H). We evaluate these components using Llama
65B on Cluster A, with results shown in Figure 3.

The PP+ZeRO-2 baseline cannot train the model due to
excessive activation memory requirements. Activation of-
floading (O) enables training with PP degree 5 and ZeRO-2
degree 4, though H100 GPUs remain underutilized despite
3% higher speed than A100s, lacking memory for additional
layers. Pipeline-Efficient ZeRO DP with interleaved updates

(I) decreases memory usage by 26% through parameter of-
floading and interleaved optimizer updates. Heterogeneous
Pipeline Parallelism (H) reduces pipeline stages to 4 by
grouping node-local GPUs, achieving balanced computa-
tion and trading modest memory increases for substantial
performance gains.

Note that the main benefit of Pipeline-Efficient ZeRO DP
is in reducing memory utilization compared to standard
PP+DP. With unchanged parallelism strategy and partition-
ing, this yields marginal throughput gains. However, when
GPU memory is limited, Pipeline-Efficient ZeRO DP can
enable training configurations that use more memory but bal-
ance computation more effectively or improve computation-
communication overlap. For instance, in this ablation study,
the gain from adding heterogeneous pipeline parallelism
is achievable only because Pipeline-Efficient ZeRO DP re-
duces memory usage sufficiently to support this configura-
tion; without it, the model would not fit in memory.

4 CLUSTER PROFILING
4.1 Network Bandwidth Profiling

Accurate measurement of inter-GPU communication band-
width is essential for optimizing distributed training config-
urations in our planner.

4.1.1 Methodology

Our profiling framework systematically measures both in-
tranode and internode bandwidth using controlled point-to-
point communication tests.

1. Cluster Information Collection: We gather hardware
details from each machine in the cluster, including
GPU types, counts, and connectivity interfaces.

2. Bandwidth Measurement: We conduct point-to-point
communication tests that measure both bandwidth
(Gb/s) and latency (ms) between logical GPU pairs
using PyTorch’s distributed communication primitives.

3. Backend Selection: For intranode communication,
we use NVIDIA’s NCCL backend which leverages
high-speed NVLink where available. For internode
communication, we use the GLOO backend for P2P
bandwidth and latency estimates.

4.1.2 Optimization Techniques

Profiling all pairs of GPUs in a large cluster would require
O(n?) measurements, where n is the number of GPUs in
the cluster, making the profiling process very expensive. We
implement several optimizations to reduce profiling time:
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Table 2. Zorse’s training configurations used in the evaluation.

Cluster Model Batch Size | Sequence Length | Total Tokens | Microbatch Size | Ministages / GPU Group GPU Groups

A Llama 7B 256 4096 IM 4 1 2H100,2H100,8V100,8V100

A Llama 13B 256 4096 M 2 1 2H100,2H100,8V100,8V100

A Llama 33B 256 4096 M 2 4 2H100,2H100,8V100,8V100

A Llama 65B 256 4096 IM 2 4 2H100,2H100,8V100,8V100

B Llama 7B 1024 1024 IM 4 1 8A100,16V100,16A10G,24T4

B Llama 13B 1024 1024 M 4 4 8A100,16V100,16A10G,24T4

B Llama 33B 1024 1024 IM 1 6 8A100,16V100,16A10G,24T4

C Llama 7B 2048 512 IM 4 1 8V100,8V100,24T4,24T4,16A10G,24T4,24T4
C Llama 13B 2048 512 M 2 1 8V100,8V100,24T4,24T4,16A10G,24T4,24T4
C Llama 33B 2048 512 IM 1 3 4V100,4V100,4V100,4V100,24T4,24T4,16A10G,24T4,24T4

Logical Pair Reduction for Intranode Testing Instead
of measuring bandwidth between all possible GPU pairs
within a node, we identify the set of logical GPU pairs
for each machine with unique GPU and networking char-
acteristics. For a machine with = unique GPU types, we
measure bandwidth between @ pairs, which represents
all unique combinations of GPU types within the node.

For example:

* In a homogeneous machine with 8 identical GPUs,
we measure only 1 pair since all GPUs have identical
interconnect characteristics

* In a heterogeneous machine with 4 A100 GPUs and 4
H100 GPUs, we measure 3 pairs:
(A100—A100), (H100—H100), (A100—H100)

The communication test uses non-blocking operations
(isend/irecv) with sufficient warmup iterations. Further-
more, these intranode tests are conducted in parallel across
all machines in the cluster.

Logical Pair Reduction for Internode Testing For in-
ternode communication, we apply a similar logical pair
reduction approach:

1. GPU Type Representation: For each machine pair,
we select one representative GPU of each unique type
from each machine. For a pair of machines with = and
y unique GPU types respectively, this reduces testing
complexity from n X m pairs to x X y pairs, where
n and m are the total number of GPUs on each ma-
chine. In cloud environments where GPUs within a
machine are typically homogeneous, this often reduces
to measuring just a single pair of GPUs.

2. Machine Type Grouping: We further optimize by
grouping machines based on:
* Geographic region/datacenter

e Hardware configuration (exact GPU types and
counts)

For each group of identical machines, we select one rep-
resentative machine. For each pair of machine groups, we

measure bandwidth between their representatives and propa-
gate these measurements to all machine pairs between these
groups. This approach reduces the testing complexity from
O(M?) to O(G?), where M is the total number of machines
and G is the number of unique machine configurations (typ-
ically G < M).

S PERFORMANCE MODELS
5.1 Latency Model.
We model the total training latency as:

Ltotal = (Lforwards +Lbackwards)'Nministages +Lstartup

(H
where Lforwards> Lbackwards are the latencies to process
one ministage in the forward and backward passes, respec-
tively, Nyinistages 15 the number of ministages per GPU
group, and Lqrtyp 1S the latency to initialize the pipeline.

Ministage Forward and Backward Pass Latency. Let
F; 4 be the forward pass latency for running a ministage for
all microbatches on GPU g in GPU group ¢, and Lg.,,q be
the latency required to send all microbatches between neigh-
boring GPU groups. The compute latency for processing
one ministage in the forward pass of the pipeline is:

(@)

Cforwards = Héa;X ?éaé)f ma'X(Fi,g7 Lsend)
The inner max accounts for the overlap between computa-
tion and communication of microbatches, while the outer
max terms model the forwards pass being bottlenecked by
the slowest ministage across all GPU groups. To account for
the overlap of the forward computation with the AllGather
of parameters, the overall latency for a ministage in the
forward pass is:

3

where L 4¢ is the latency of the AllGather for the ministage
parameters, and L, 1044 is the latency for offloading and
reloading both ministage parameters and activations. We
model the AllGather latency based on profiled network band-
widths, assuming a ring-based AllGather implementation
(Jiang et al., 2020; Strati et al., 2024). Given a ministage size
of P GB and |G;| GPUs in the group, each GPU will trans-

mit a total of W GB of data. This data exchange

Lforwards = maX(Cforwardsa LAGa Loffload)
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occurs in parallel and is bottlenecked by the slowest network
bandwidth b,,,;,, between any two GPUs in the group. Thus,
the communication time for AllGather is:

(Gi[-=1)-P

Lag =

Offloading latency can be estimated by dividing the total
bytes offloaded and loaded for model parameters and activa-
tions by the PCIe bandwidth.

The backward computation (which includes the forwards
recomputation of activations) is overlapped with another All-
Gather of parameters along with ReduceScatter to average
the gradients:

Lbackwards = maX(Cbackward57 LAG + LRS) (5)

where Chgckwards 18 the latency for processing a ministage
in the backwards pass, Lrg the latency for ReduceScatter,
modeled like Cforwards and Lag.

Pipeline Startup Latency. The pipeline startup latency
Lgtartup 1s computed by summing the AllGather latency
of the first ministage and the send latencies for the first
K — 1 microbatches, which are not overlappable with any
computation:

Lstcw'tup - LAG + Lsend . (K - 1) (6)
where K is the number of GPU groups.

5.2 Memory Model.

We model the total per-GPU memory consumption as:

Mtotal = Mparams + Mgrads + Moptim + Mactiuations

(N
where My,qrqms represents memory for model param-
eters, Mgy,qqs gradients, M,y optimizer states, and
M yctivations activations. Let Nty and N7 be the to-
tal number of layers assigned to a GPU group G, and the
number of layers per ministage, respectively. In FP16 mixed-
precision training, a master copy of the model parameters
are kept sharded in full precision, while at most 2 layers
in half precision are materialized in memory. Then, total
memory (bytes) for the model parameters is

NTL : Player

M, arams = 4~ <
! G|

>+2'(2'N]\4L']Dlayer) .

With Pipeline-Efficient ZeRO DP, there are gradients for
at most one ministage in memory at a time. The gradient
memory is

Mgrads =2 (N]WL . Player) .

With a standard optimizer like Adam (Kingma & Ba, 2015),
the first and second moments of the gradient are stored as op-
timizer state in full precision, and so the sharded optimizer
state requires

N 'Paer
Mptim =4 - (2M>

G|

Finally, with offloading, only two sets of boundary activa-
tions are kept in memory, which amount to

Mactivations =2 (b © S h)

where b is the microbatch size, s is the sequence length, and
h is the model hidden dimension.

Table 3. Datacenter-class GPU Specifications

Performance | GPU Memory | TFlops (FP16)
Hich H100-NVL | 94 GB 989
18 A100 40/80 GB 312
. V100 16 GB 125
Middle |\ 106 24 GB 125
Low T4 16 GB 65

6 GPU SPECIFICATIONS

In Table 3, we provide the specifications of the GPUs used
in the evaluation.

7 TENSOR PARALLELISM INTEGRATION

The current design of Zorse combines PP and DP for
three practical reasons. First, in a large majority of
heterogeneous training use cases, using sharded DP is
more communication-efficient than TP while being equally
memory-efficient. As shown in Figure 2 of the paper, TP
suffers from poor GPU utilization on most such VMs due to
limited interconnect bandwidth, with only the 8xA 100 with
NVSwitch VM achieving acceptable TP performance. Sec-
ond, for our targeted model sizes and cluster scales, Pipeline-
Efficient ZeRO DP already reduces memory use efficiently
without TP’s communication overhead. The batch size con-
straints that TP resolves (global_batch_size < num_GPUs)
are only relevant for very large clusters with 1024+ GPUs,
while heterogeneous clusters are typically much smaller
due to resource constraints (Zhang et al., 2024b; Guo et al.,
2024; Jiang et al., 2025; Yan et al., 2025; Um et al., 2024;
Ding et al., 2021; Nie et al., 2024).

Future work may explore TP integration in settings where
it becomes advantageous. One setting is in large clusters
with widespread high-bandwidth interconnects or for mod-
els with single layers exceeding single-GPU memory capac-
ity. TP in heterogeneous clusters would require cross-mesh
resharding, since transitions between GPU groups with dif-
ferent TP configurations (e.g., 4 to 2) or between TP and
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FSDP demand tensor layout conversions and careful coor-
dination to limit communication overhead (Zhuang et al.,
2023).

The following additions to Zorse would support TP without
changing Zorse’s core design:

1. Layout-aware resharding routines that overlap commu-
nication with computation.

2. Updating planner latency and memory models to ac-
curately account for TP’s communication and memory
overheads.

3. Considering TP when searching for the parallelization
strategy in the planner.
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