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ABSTRACT

The scale of transformer model pre-training is constrained by the increasing computation and communication
cost. Low-rank bottleneck architectures offer a promising solution to significantly reduce the training time and
memory footprint with minimum impact on accuracy. Despite algorithmic efficiency, bottleneck architectures
scale poorly under standard tensor parallelism. Simply applying 3D parallelism designed for full-rank methods
leads to excessive communication and poor GPU utilization. To address this limitation, we propose BOOST,
an efficient training framework tailored for large-scale low-rank bottleneck architectures. BOOST introduces a
novel Bottleneck-aware Tensor Parallelism, and combines optimizations such as online-RMSNorm, linear layer
grouping, and low-rank activation checkpointing to achieve end-to-end training speedup. Evaluations on different
low-rank bottleneck architectures demonstrate that BOOST achieves 1.46—1.91 x speedup over full-rank model
baselines and 1.87-2.27x speedup over low-rank model with naively integrated 3D parallelism, with improved
GPU utilization and reduced communication overhead. Code available here.

1 INTRODUCTION

Large Language Models (LLMs) continue to evolve and
are increasingly becoming an integral part of a wide range
of industrial and scientific applications. More generally,
modern transformer-based foundation models that combine
multi-modal data, use domain-specific information, and
being integrated into complex Al workflows are pushing
the limits of scientific discovery. Such models become
more useful as they grow larger and ingest more training
data (Kaplan et al., 2020; Hoffmann et al., 2022). Unfor-
tunately, this unprecedented scale of growth also poses a
major challenge: pre-training such models is exceptionally
costly. For example, GPT-3 (175B) was trained on roughly
300B tokens (Brown et al., 2020); BLOOM-176B required
1.08M A100 GPU-hours (Luccioni et al., 2023); Meta’s
LLaMA-3.1-405B model was trained on 15T tokens with
30.84M H100 GPU hours (Dubey et al., 2024). As the
trend continues, it takes hundreds of millions of US dollars
to develop such a state-of-the-art foundation model. For
example, the cost of developing Grok-4 is estimated to be
~$500M (Sanders et al., 2025). These realities motivate
both academia and industry to actively develop efficient
training techniques for foundation models.
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Motivation: Driven by the need of scalability, major state-
of-the-art advancements have targeted both system-level
and algorithmic considerations. From the system-level per-
spective, a key challenge is how to distribute the compu-
tations and data on multiple GPUs in order to parallelize
computations and aggregate the GPU memory (and other
memory tiers) while reducing coordination costs and com-
munication overheads. In this regard, techniques such as
3D parallelism (a combination of data, tensor/sequence, and
pipeline) (Shoeybi et al., 2019; Korthikanti et al., 2023;
Huang et al., 2019; Narayanan et al., 2019; Qi et al., 2023)
are indispensable in modern training frameworks such as
DeepSpeed (Rasley et al., 2020), Nanotron (Tazi et al., 2025)
and TorchTitan (Liang et al., 2024). Reduced communica-
tion costs and coordination overheads are often achieved
by using high-performance communication libraries (e.g.,
NCCL and MPI (Walker & Dongarra, 1996; Gabriel et al.,
2004)) and asynchronous I/O techniques that hide the cost
of processing messages and GPU-host memory movements
in the background. From the algorithmic perspective, many
efforts have sought to improve model efficiency through
different directions, including improved attention mecha-
nisms (Wang et al., 2020; Shazeer, 2019; Ainslie et al., 2023;
Yuan et al., 2025), quantization-based methods that preserve
accuracy under reduced precision (Micikevicius et al., 2022;
Peng et al., 2023; Chmiel et al., 2025; Abecassis et al.,
2025; Xi et al., 2023), and sparsity-based approaches such
as Mixture-of-Experts (MoE) (Jacobs et al., 1991; Jordan &
Jacobs, 1994).
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Figure 1.(Left) Linear layer in Bottleneck Architecture; (Middle) Decoder block runtime breakdown among different TP strategy; (Right)

Overview of our framework BOOST.

Among these algorithmic approaches, low-rank methodso insuf cient low-rank computational speed-up that erodes
that either project gradients/activations to low-dimensionaklgorithmic ef ciency. Together, these limitations restrict
space (Zhao et al., 2024; Zhu et al., 2024; Shamshoum et athe theoretical algorithmic scalability potential.

2024; Chen et al., 2025) or have partial/entire weights fac-
torized in low-rank matrix/tensor format (Lialin et al., 2023;
Loeschcke et al., 2024; Han et al., 2024; Yang et al.,
Liu et al., 2025b; Zhanfeng Mo, 2025; Zhang et al.,

Kong et al., 2025; Li et al., 2025) are a particular class of,
algorithmic methods speci cally targeted at balancing accu-

Contributions: To bridge this gap, we design and imple-
22002254;e-training of low-rank (bottleneck) foundation models.
We leverage the idea that synchronization points can either

ent scalable tensor-parallel training strategy for ef cient

be avoided or placed strategically where the bottleneck ar-

. S chitecture is narrow to reduce communication overheads.
racy with performance and resource utilization. Thanks to

a uni ed bottleneck architecture (Figure 1 left), examplesAnd we boost computation by sharding along the large di-

such as CoLA (Liu et al., 2025b), LORO (Zhanfeng Mo, mensions to preserve healthy GEMM reduction sizes thus

2025) and LaX (Zhang et al., 2025) can simultaneous| improving GPU utilization. We summarize our key contri-

compared with a full-rank architecture while preserving'
comparable accuracy. Unfortunately, a large part of these
efforts have only been explored at small scale (e.g., below
7B parameters), in which case both the full-rank and the cor-
responding low-rank model can tin the memory of a single
GPU. Without a co-design with system-level approache ,
the scalability potential of low-rank methods remains lim-
ited. Speci cally, one dif cult challenge is how to enable
ef cient tensor parallelism for low-rank methods, which,
unlike data and pipeline parallelism, features a tightly cou-
pled pattern with all-to-all dependencies. In this paper, we
aim to address this challenge. *

Limitations of state of the art: We cannot simply apply
vanilla tensor parallelism techniques that were originally
designed for full-rank methods to low-rank methods. As
can be observed in Figure 1 (middle), a full-rank training
iteration on four GPUs co-located on the same compute
node (details in § 5.1) has less than 20% communication
overhead, while an equivalent low-rank method experiences
an explosion in the communication overhead. This is be-

: ybutions as follows:
reduce parameter count, memory, compute and runtime

We present a theoretical analysis of bottleneck architec-
tures in 3D parallelism, quantifying arithmetic intensity
and communication volume in distributed training to re-
veal the scaling challenges of vanilla designs and the
bene ts of our approach.

We propose a novel tensor parallelism strategy, namely,
Bottleneck-aware Tensor Parallelism (BTP), which op-
timizes partitioning of low-rank weight matrices to fa-
cilitate ef cient communication on low-rank activations.
BTP also signi cantly increases the computational inten-
sity of GEMM kernels, thus improving GPU utilization.
We implement BOOST, a high-performance distributed
training framework to take advantage of BTP in several
ways: Online-RMSNorm to facilitate sharded-safe global
normalization and reduce latency, Layer Grouping to im-
prove computational intensity and lower the number of
collective operations, and Low-rank Activation Check-
pointing to reduce re-computation cost and eliminate ad-
ditional collectives.

We demonstrate a 1.46—-1.91speedup over full-rank
baselines and a 1.87—2.2%peedup over vanilla tensor

cause the bottleneck architecture is based on smaller butparallel implementations of bottleneck architectures. The

deeper structures that feature more synchronization points,

which increase the communication latency and volume. Ad-
ditionally, the GPU utilization is also sub-optimal due to
inef cient shapes of the weight matrices as partitioned by
vanilla tensor parallelism onto individual devices, leading

ablation study further con rms ef ciency gains on both
the computation and communication axes.
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2 RELATED WORK

Low-rank methods have been extensively explored in the
literature from different perspectives, the most relevant of
which we discuss below.

Low-Rank Matrix Factorization. Classical low-rank train-
ing schemes (Khodak et al., 2021; Kamalakara et al., 2022)
replace a weight matri¥y 2 R d«d n with & BA
whereA2 R n B2 R%u" v min(d o din) deter- _ o
mines the rank and thus the compression ratio. Howeveli9ure 2.Megatron-LM style Tensor Parallelism. Hefeis iden-
naively applying this low-rank matrix factorization often tity in forward and all-reduce in backward, whitgs all-reduce in
. i . forward and identity in backward.
harms model accuracy in pre-training setting. Recent work

proposed various modi cations to improve model capac-

ity. For example, ReLoRA (Lialin et al., 2023) adopted the training larger models. Representative implementations in-
LoRA (Hu et al., 2022) adapter with constantly merged andclude DeepSpeed ZeRO (Rasley et al., 2020) and FairScale's
reinitialized low-rank factors. SLTrain (Han et al., 2024) sharded optimizers (FairScale authors, 2021). Such tech-
combined an unstructured sparse matrix with low-rank facniques are complementary to our own work.

tors to approximat&/ . LORO (Zhanfeng Mo, 2025) pre- )

served the classical low-rank formulation but perform some3D Parallelism. Frameworks such as Megatron-LM and

optimization steps directly on the Riemannian manifold. Megatron-DeepSpeed combine data (DP), tensor (TP), and
pipeline (PP) parallelism to distribute memory and com-

Low-Rank Activation via Auto-Encoder. Observing that  putation across devices for billion-parameter pre-training
the activation function of every layer stays in a low-rank(Shoeybi et al., 2019; Narayanan et al., 2021). DP acceler-
space, CoLA (Liu et al., 2025b) proposed to replace bothates training by replicating the model across GPUs, process-
an MLP layer (Wx) and a linear projection lay&/x by ing different mini-batches in parallel, and synchronizing by
an auto-encoder lay@ (Ax) . This method has achieved gradient all-reduce once per iteration before the optimizer
simultaneous reduction of perplexity, model size, memorystep. PP splits layers vertically into stages so micro-batches
cost and runtime in pre-training BERT and LLaMA. Re- stream through as an assembly line, communicates activa-
cently LOST (Li et al., 2025) further modi ed CoLA by tions/gradients at stage boundaries. Ef ciency hinges on
incorporating an unstructured sparse magjsimilartothe  schedules such as GPipe/PipeDream (Huang et al., 2019;
ones in SLTrain, as B (Ax) +(1 )Sx. Narayanan et al., 2019) and on minimizing warm-up/drain

Low-Rank Models Enhanced by Residual Connection. bubbles. TP partitions the model horizontally, sharding
Another promising direction is to boost the accuracy of existindividual weight matrices and correspon_dlng activations
ing low-rank architecture with some plug-in residual blocks 26r0ss GPUs. Each device computes partial results that are
LaX (Zhang et al., 2025) proposed to fuse cross-layer |OWI__ater combined via tightly-coupled collective communica-

rank features to boost model capacity without increasind}on' TP builds on matrix/activation sharding (e.g., Mesh-
their physical rank, i.e.Bi(Aix; + A i1 i1 ). This ensorFlow, GShard, GSPMD) (Shazeer et al., 2018; Lep-

method can improve the accuracy of low-rank matrix/tensorinin et al., 2020; Xu et al., 2021). Megatron-LM adopts a
compressed models as well as CoLA with negligible paramStandard column—row pattern: each TP chunk (two linears
eter and computing overhead. CR-Net (Kong et al., 2025§!uS the intervening op such as SDPA/SwiGLU) issues one
proposed a similar approach from a different perspectiveQlIECtIVE Per pass. Here,is identity in the forward pass
the difference of activations between adjacent layers exhibif"d all-reduce in the backward pass, wigles all-reduce in
low-rank property, thu;Ax; + B i1 Ai1 Xi1 , with the forward pass and identity in the backward pass (Figure 2)
the exception of the rst layer being full-rank. (Shoeybi et al., 2019).

Additionally, pre-training LLMs also requires sophisticated 1ensor Parallelism in Hybrid MoE Systems. Mixture-of-
large-scale system-level optimizations. Two complementary-XPerts (MOE) has become a major trend in modern LLM
paradigms dominate large-scale training: scal_lng. Although expert parallghsm (EP) is a common
scaling strategy in MoE systems, it introduces heavy token-
Redundancy Elimimation using Model/Optimizer State  |evel all-to-all communication and can suffer from severe
Sharding. Methods such as ZeRO (Rajbhandari et al.Joad imbalance. By contrast, tensor parallelism (TP) relies
2020), ZeRO-Of oad (Ren et al., 2021), ZeRO-In nity (Ra- on more regular collective communication, often within a
jbhandari et al., 2021) and PyTorch FSDP (Zhao et alnode. Moreover, when experts become suf ciently large, EP
2023) partition optimizer states, gradients, and paramenay complement rather than replace TP, and hybrid EP+TP
ters across devices to reduce memory footprint and enablgon gurations can still be necessary (Singh et al., 2023; Jin
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et al., 2025; Liu et al., 2025a). As a result, TP remainar L I .
important in modern large-model training, including hybrid able 1.Per-iteration communication volum®g%mm) under differ-
' t parallelism strategies for full-rank and bottleneck architecture

e
dense—MoE systems: large dense/shared components SﬁlﬂLLaMA-Iike models.
rely on TP, and suf ciently large experts may also require
TP in addition to EP.

STRATEGY FuLL-RANK Low-RANK
Tensor Parallelism for Low-Rank Adapters. Prior work VANILLA ~ BOOST
on low-rank methods has focused more on ne-tuning than DATA PARALLELISM O(d(d +d # )) O(rd+d 1 ))

PIPELINE PARALLELISM o o

on pre-training. S-LoRA (Sheng et al., 2024) proposes
a tensor-parallel strategy for the low-rank adapter settings;
where LORA adapters are attached to a frozen dense back-

bone. While the adapter branch also introduces deeper B and writing C, yielding:

layers with narrow intermediate activations, its output must

be merged back into the frozen full-rank branch, so the com- A | = 2MNK - (1)
munication and sharding design remains naturally coupled (MK +KN +MN) bytes _perelement

to t.h? dense backbone. In contrast, our work focusgs O" P'p and PP in Bottleneck Architectures. Table 1 summa-
training pure low-rank or bottleneck backbone architectures;

without a frozen full-rank branch. rizes the communication volume across diﬁerent pgralllelism
strategy. Low-rank bottleneck architectures intrinsically
To the best of our knowledge, we are the rst to tackle bene t DP and PP due to smaller parameter size and low-
the problem of optimizing tensor parallelism for low-rank rank activations. Because factorized weights yield smaller
methods in pre-training. In this work, we focus on densegradients, bottleneck models reduce gradient all-reduce traf-
low-rank bottleneck architectures, which are the main sete. In LLaMA with r = %, this correspondsto a@:5 re-
ting considered by current low-rank pre-training methods, duction in communication volume. For pipeline parallelism,
and design a general framework for uni ed bottleneck arfactorized layers lower per-stage FLOPs, which shortens
chitectures such as CoLA, LORO, and LaX. In practice per micro-batch compute and shrinks the pipeline bubble;
this class of methods typically offers the largest trainingthe smaller footprint also permits larger micro-batches, im-
speedups and memory savings with minimal impact on agroving arithmetic intensity and hardware utilization.
curacy. Furthermore, although outside the scope of thiﬁ_

work, our framework is complementary to pipeline and data Pin Bottlenegk A rchitectures. Contr ary to bem.g mostly'
. . model-agnostic in DP and PP, TP interacts directly with
parallelism, as well as other techniques such as redundanc o L X
ST . . o . odel structure: it shards activations and parameters in
elimination; we discuss broader applicability to architec- ) : .
) architecture-aware ways to balance compute intensity and
tures such as MoE in Sec. 6. s ) . )
communication. In the following section we will analyze
why a naive low-rank TP degrades ef ciency and motivates

3 PRELIMINARIES our bottleneck-aware TP design.

TENSOR PARALLELISM o(d) O(d+dy ) o(r)

As shown in Figure 1 (Middle), naively scaling a bottleneck
architecture exhibits both communication and computatiod BOOST: BOTTLENECK-OPTIMIZED
inef ciencies. We quantify system ef ciency with two com- SCALABLE TRAINING

plementary metrics: . ) )
In this section, we introduce our BOOST framework and

+ Communication Volume Veomm: bytes moved by col-  present the details of how it addresses scalability issues of
lectives, loweNVcomm indicates reduced synchronization |ow-rank (bottleneck) LLM training under 3D parallelism.
overhead and better scalability across devices;

* Arithmetic Intensity (A.l.): FLOPs per byte moved by 4 1 Bottleneck-aware Tensor Parallelism
kernels, a proxy for how close execution is to compute-
bound. A higher A.l. indicates a compute-bound operationTensor parallelism is non-trivial for bottleneck layers. Re-
capable of saturating GPU compute units, while a loweplacing a singlel d projection with consecutive r and
A.l. denotes a memory-bound kernel limited by memoryr d projections{ d ) doubles linear stages per block and
bandwidth. For a matrix multiplicatio = A B with  raises two design questions: (i) Where to place TP chunks
A2RMK B2 RKN andC 2 RMN  thetotal indeeper block? Since each TP chunk incurs one collective,
number of FLOPs i@MNK . Assuming ideal memory adding stages increases the number of collectives per block.

reuse, the total memory traf c consists of readiscand (i) How to shard ef ciently given the low-rank structure?
Conventional TP reduces per-rank hidden width, but the

bottleneck factorization already shrinks effective dimension,
inef cient sharding can therefore harm hardware utilization
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Figure 3.Modularized Tensor Parallelism Design for Bottleneck Architecture. Top: vanilla TP uses sdparatg communication
boundaries for each TP chunk. Bottom: after shifting the TP chunk boundary to the low-rank bottleneck, the same low-dimensional
boundary serves as a shared f=g point.

by having a lower arithmetic intensity. smaller than in the single-GPU setting.

Vanilla low-rank Tensor Parallelism. A straightforward ~ Additionally, the up-projection materializes a full, un-
baseline follows the Megatron-LM pattern: treat each pairsharded activation even though each TP rank consumes
of low-rank layersd r thenrd )as a TP chunk: column- only its local shard, leading to redundant allocation and
parallel for the down-projection, row-parallel for the up- unnecessary data movement.
projection. We re_fer to thls as vanilla TP (top of F'gwe .3)'Bottleneck-aware Tensor Parallelism (BTP). To address
However, this vanilla design introduces both communication, . o .
and computation inef ciencies. the inef ciencies of vanilla TP, we propose a bottleneck-
aware sharding strategy that leverages the low-nank
On the communication side, a full-rank Megatron style dedimensional output of each pair of bottleneck layers to issue
coder block issues two activation-sized collectives of paylightweight collectives. Concretely, this sharding strategy
load[b;s;d} i.e., VI = 2bsd (one in attention, one in  shifts the TP chunk boundary by exactly one individual bot-
MLP). In contrast, vanilla TP triggers a collective at eachtleneck layer. The bottleneck-aware TP chunk starts with
linear: 4 bsdin the attention block andsd + 2bsds inthe  the up-projection layerr( d ) being column-parallel and
MLP, for a total of the next down-projection layed (r ) being row-parallel,
while the intervened operations being executed on sharded
i 5+2(d ¢ =d activations. To shard along the large dimension and com-
Veomm = (5bsd +2bsdy ) = =0V municate at the low dimengsion, B'IgP improves both the

(2)  communication ef ciency and computation ef ciency.
Thus the per-block volume grows By whends 2:5d

and up t06:5 whendy 4d . This explains the large Effectively, BTP improves communication ef ciency by

communication time observed in the breakdowns for naively€ducing its workload. In BTP chunk, the collective operates
scaled bottleneck models. on a low-rank activation of sizgh; s; r] rather tharib; s; d]

o . Per decoder block, this yields a total payload of
On the computation side, bottleneck architecture already re-

duces the effective hidden dimension, and vanilla TP further VBTP = 7pgr = Ity ful . 3)
shards along the low rank shrinking the GEMM reduction comm 2d comm
dimension. This results in kernels that move a lot of dat

but perform little compute, lowering arithmetic intensity 5:7 versus vanilla low-rank TP (when = %) and by

and pushm.g execution into the memory-boynd reg|me..Allzl4 versus the full-rank TP baseline, substantially lower-
though vanilla low-rank TP reduces FLOPS, its A.l. remains; LT ;

: . ) ing communication time in practice.
very low due to disproportionate data movement; for exam-
ple, in LLaMA-7B MLP blocks it attains onl§:2 the A.l.  From the computation side, BTP shards along the hidden
of full-rank TP, leading to poor GPU utilization. This also dimension rather than the low-rank dimensigmproducing

explains why at scale the reduction in computation time iskernels with a larger GEMM reduction dimension and thus

8rhus BTP reduces communication volume by more than
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higher arithmetic intensity. Although BTP and vanilla TP Algorithm 1 Online RMSNorm

perform the same FLOPs, BTP moves less data, yieldinghput: deca = d=TP_size sharded activatiorX; 2
higher arithmetic intensity. For example, in LLaMA-7B Rsbd wea on TP ranki; row-split weightW; 2 R%ee’
MLP blocks, BTP achieve&:5 the A.l. of vanilla TP,  scaling factor ;; numerical constant

translating into substantially better hardware utilization.  Qutput: Final outputY 2 RSP"

doca TR
1: Socal jéllxi[-y-yJ]Z
2: IMSjgcal leocal +

diocal

Sharded-safe vs. sharded-unsafe operators. In tensor par- 3 X, X _

allelism, we assume no extra collectives inside a TP chunk:™ ™' rmS focal :

a single all-reduce is issued at the end of each chunk. Unde: H; X ; W,

this assumption, any operation inside the chunk that cans: Hi H ;| rmsgcq

be correctly performed on sharded activations is sharded-6: [Hgiobai; Sgbb@ ] AlIReduce([H i; Siocal 1)

safe, e.g., element-wise functions (activations, dropout) and7: FMS giopal 1S 0al
. . L global d “global

attention heads when the head count is divisible by the

TP degree. Conversely, ops that require cross-shard dat® Y H

are sharded-unsafe; a canonical example is normalization, 9: return’Y

which depends on global mean and variance computations

and therefore cannot be placed inside a TP chunk witho

additional synchronization.

4.2 Online RMSNorm

1
global ymg global

U1Iollowing row-parallel GEMM (Line 4), rescale the rank-
dependent correction factor (Line 5), then all-reduce to-
A simple design principle is to avoid sharded-unsafe operagether the GEMM output and the local statistic (Line 6).
tions inside the chunk. However, with BTP the RMSNorm Step 3: Recovery. Calculate correct global rms using global
[Eq. (4)] naturally falls in the middle of a TP chunk, so we sum of squares (Line 7). And rescale the reduced GEMM
must handle it explicitly. We therefore introduce and com-output back by the global rms(Line 8).

pare two variants: Sync RMSNorm (explicit in-place statis-
tic synchronization) and Online RMSNorm (fused statistic
exchange with recovery).

Online RMSNorm preserves mathematical equivalence:
although the GEMM is performed using locally normalized
inputs, the output can be rescaled by a per-row correction
factor derived from the ratio of local to global statistics,

RMSN X)= =
orm(x) RMS(X) ' making the result equivalent to standard RMSNorm. Specif-
E 71 d (4) ically, we can show in Equation (5):
with RMS(X)=t = X2 +: X X X X
( ) d.:l | W|X| :( W|X| RMS(XI)) 1
] , RMS(X) RMS(X;) RMS(X)
Sync RMSNorm. A straightforward approach is to compute (5)

per-rank local statisticRMS(X;) and use a collective to . S .
. . Moreover, Online RMSNorm helps maintain numerical
aggregate the global statistic before normalizing. Although

the payload is tiny (the statistic exchangdtas: 1), many stability in practice. By computing intermediate normal-

ization statistics locally on sharded activations, it reduces

such calls incur nontrivial launch overhead, are latency- . =~ .
. : . . . ’the likelihood of extreme values that could otherwise lead
dominated and achieve poor effective bandwidth, resultin

in extra communication time % over ow or under ow. Online RMSNorm can clos_:e_ly

’ match thel P = 1 baseline at both the kernel and training
Online RMSNorm. To eliminate the standalone small- levels. As shown in Table 2, farP = 4, Online RMSNorm
payload collective, we compute normalization using localfollowed by row-split linear yields only small numerical dis-
statistics and fuse the statistic exchange into the TP collecrepancies from th& P = 1 baseline in both fp32 and bf16,
tive that follows the next GEMM. This mirrors the insight of within acceptable precision tolerances. Fig. 4 further shows
online-softmax in FlashAttention (Dao et al., 2022): deferthat BTP with Online RMSNorm preserves the baseline
global normalization and recover the exact result afterwardraining behavior.
In effect, the previously sharded-unsafe RMSNorm become

a sharded-safe online RMSNorm. Erom a performance standpoint, local normalization re-

duces per-rank work via smaller dimension, and fusing the
The online-RMSNorm operator consists of three main stepstatistic exchange with the GEMM all-reduce removes a
(Alg. 1): Step 1: Local norm computation. Compute separate kernel launch and increases effective bandwidth
and record the local sum of squares on sharded activatiori®s/ aggregating it into a larger message. The recovery is a
(Line 1) and calculate local RMSNorm (Line 2 and 3). Step cheap per-row scaling. Empirically, the recovery compute
2: Row-split GEMM with fused all-reduce. Apply the  overhead is small relative to the latency-domiated statistic
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Table 2.Kernel-level comparison between Online RMSNorm +
row-split linear (TP=4) and the TP=1 baseline RMSNorm + linear
output. We report the average maximum and mean absolute differ-

ences.
Precision Avg. Max Abs. Diff.  Avg. Mean Abs. Diff.
FP32 7 107 6 10 8
BF16 3:125 102 2:2 10 8

Figure 5. Low-rank ef cient activation checkpointing under BTP

Under BTP, grouping delivers even larger bene ts. On the

compute path, it cuts kernel count and eliminates redundant

reads ofX , reducing total data movement, raising arithmetic

intensity (A.l.) and hardware utilization. On the communica-
Figure 4.Training loss curves for a tiny LLaMA model, comparing tion path, it lowers the number of collectives and improves
BTP with Online RMSNorm against the TP=1 baseline. Theeffective bandwidth by increasing per-call payload, together
two curves closely match, indicating that the corrected Onlineproducing a substantial boost in end-to-end ef ciency.
RMSNorm preserves stable training behavior.

4.4 Comm-free Low-rank Activation Checkpointing

collective in Sync RMSNorm, making the computation-
communication trade-off favorable. As the model scales up, we use PP to span across nodes.

However, standard 1F1B scheduling requires multiple mi-
In practice, these two variants offer different trade-offscrobatches in ight to Il pipeline bubbles, which in ates
Sync RMSNorm is the exact and conservative option: it activation memory. Activation checkpointing is a common
explicitly synchronizes the scalar normalization statistic beremedy, where intermediate results are partia”y saved in
fore applying RMSNorm, and therefore serves as a simplgorward, and re-computed when needed in backward. When
always-available fallback. Online RMSNorm uses a re- integrating with the bottleneck architecture, its low-rank
ordered computation to defer synchronization and recovesctivations provide a better choice for choosing the check-
the same global normalization factor after the following pointing interval that favors the tradeoff between memory

TP collective, making it the faster option when minimizing and compute, as exempli ed by CoLA-M (Liu et al., 2025b).

standalone small-payload communication is important. i i
However, vanilla-TP would weaken such bene t by intro-

ducing additional communications. From Figure 5, we see
that its re-forward path contains the collective operation that
Although BTP outperforms vanilla TP, its extra sync point lives between two consecutive TP chunks. Effectively, this
and small GEMMs still degrade ef ciency. To translate triggers an extra synchronization point during re-forward.
BTP's analytical gains into consistent per-layer speedup
we apply linear-layer grouping optimization.

4.3 Linear Layer Grouping

Th contrast, our BTP ampli es the bene t of low-rank check-
pointing by aligning its boundaries with the checkpoint
In a full-rank model, we group parallel linears into a single interval: the re-forward stays entirely within-chunk and
fused operation (e.g., QKV in attention; gate+up in MLP)requires no additional communication. As shown in Fig-
to reduce kernel launches and enlarge GEMMs. Howeveutre 5, within each BTP chunk (yellow) we checkpoint only
grouping is more challenging for bottleneck layers becauséow-rank activationsX anday). In backward, we locally
branch inputs differ: while down-projections sha¢eand re-forwardx ! B ; !a ;! sharded-safe ! a ; to recon-
can be grouped by concatenating weights, up-projectionstruct the input needed for the gradient computation of the
use distinct inputsX 1; X ;X 3), so we use a batched subsequent up-projectidhi,; , resulting in a completely
GEMM over (input, weight) pairs in one fused kernel. communication-free re-forward.
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4.5 Implementation they incur higher memory and runtime overheads. Vanilla-
TP is a direct adaptation of the tensor-parallelism strategy
roposed in Megatron-LM (Shoeybi et al., 2019) for low-
ank architectures such as SVD, CoLA (Liu et al., 2025b),

Software Stack. We integrate BOOST into Nanotron (Tazi
et al., 2025) pre-training framework as composable engine
Nanotron provides column/row-parallel linear APIs, a 3D

i : . nd LAX (Zhang et al., 2025), which show reduced mem-
(DP/TR/PP) e>_(ecut|on engine, NC_CL-based CO"?C“VES thagry consumption and faster runtimes compared to full-rank
run on a dedicated communication stream, with built-in.

in single GPU case. Lastly, we compare our proposed

activation checkpointing. In our setup we operate in aII—a proach— BOOST, which incorporates the design princi-
reduce mode (no sequence-parallel chunks), and NanotrquD

rrentlv do not it ne-arained overl d all-red es discussed in § 4 to accelerate the training of low-rank
currently do hot Support ne-grained overiapped all-reducesy, o yeneck LLM architectures using tensor-parallelism.

Model Implementation. For full-rank baseline we use

2‘3?8”9”5’ referen%e mlodtel. LtO\r/]v_-rank l\//arlants f"T‘IC'{lol_r'zeuate 6 different models of sizes 1B, 3B, 7B, 13B, 30B and
anT and seiect matching colirow-parallellin- ,qg narameters, all from the LLaMA-2 family under pure

ears. For BTP, we shard the embedding output to rOW'Spl'BﬂG training. For system performance checks we use Wiki-

the rst down-projection layer; the nal up-projection layer : :
. : ' . Text dataset with sequence length 4096, matching real-world
is replicated on every TP rank. Online RMSNorm computes d g g

harded activat ¢ local RMS. and piaavb ksettings (Lang et al., 2024). Unless stated, we use a batch
on sharced activations, retums loca » and piggybacks;, o of 4, tensor-parallelism of degree 4 (equal to the number
local stats in the next TP collective via agducecoalesced. ¢ ~p o per node), pipeline and data-parallelism of 1, and
Grouping adds (i) concatenated down-projections (sharea ' ’

- - L isable activation checkpointing for faster iterations. As a
X) and (i) batched-GEMM up-projections (distinct inputs) representative of bottleneck architecture LLM, we primarily
to cut launches and traf c. Checkpointing stores only low-

. . ) use CoLA (Liu et al., 2025b) as its algorithmic effective-
rank boundaries via Nanotron's decorator. ness has been most thoroughly validated across different
Con guration. Building on Nanotron's example con gs, bottleneck architectures. Nonetheless, we demonstrate the
we expose minimal knobs to toggle BOOST componentggeneralizability of our proposed design principles to other
When preconditions fail, we fall back to unfused operatordow-rank approaches such as SVD (Zhanfeng Mo, 2025;
or Sync RMSNorm; unsupported cases are auto-disabled/ang et al., 2025), and LAX (Zhang et al., 2025). For each
safely. experiment, we run 10 training iterations, of which the rst
2 are considered as warm-up, and we report an average of
fhe remainder 8 iterations.

Models, Dataset, and Runtime Con guration. We eval-

Pro ling. We use Nsight Systems for kernel time and Nan-
otron logs for step time, enabling end-to-end and micro-leve
attribution of speedups. Key Performance Metrics. Throughout our evaluations,
we study the compared approaches using different metrics.
First, we consider the Average Iteration Time, which cap-
tures the holistic performance impacts, and is representative
5.1 Experimental Setup of the end-to-end time taken throughout the training pro-

. cess. Next, we measure the Kernel Execution Time to break
Testbed. Our evaluations are conducted on the NERSCdown the computational time taken by different GEMM

Perlmutter supercomputer. Each node contains 192 CPUperations, which also yields the corresponding FLOPS
cores, 256 GB DDR4 memory, and A100 GPUs, each ¢, nderstanding the kernel ef ciency. Third, we study

containing 80GB HBM2 memory (320GB per node), With ¢ 44 qware Utilization, measured as a percentage of the

intra-node connection NVLink Gen3 and inter-node S”ng'peak computational capability of the GPU, to understand

shot 11. Following practice in BLOOM (Workshop et al., .oq4rce usage by different approaches. Fourth, to study
2022), OPT (Zhang et al., 2022), and LLaMA (Dubey et al..tp communication overheads, we measure the communica-

2024), we use tensor-parallelism for scaling within a I"Odel!ion volume and time of data transfers. Finally, we measure

and pipeline-parallelism for scaling across nodes. Becausgo memory saving and runtime overheads when enabling
our optimizations mainly target TP and apply per pipe”neactivation checkpointing

stage, we report results on up to 4 nodes (16 GPUSs) to high-
light per-node performance and resource utilization use.

5 EVALUATION

5.3 Overall Training Performance

5.2 Methodology Scaling Model Sizes. In our rst set of experiments, we

) evaluate the impact of weak scaling model sizes from 1B
Compared Approaches. Throughout our experiments, 4, 30p For smaller models— 1B, 3B, 7B, that tin a single

we compare three different tensor-parallellism strategie%ode, we keep increasing the tensor-parallelism degree, and

FullRank-TP is representative of real-world TP deploymentsoeyond the 7B model, we use pipeline parallelism of degree
that do not perform low-rank compression, due to which
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Figure 6.System-wide scalability and generality. (Left) Average iteration time on scaling model sizes with #GPUs; (Middle) Average
iteration time on scaling micro-batch size; (Right) Average iteration time on different low-rank architecture.

2, 4 and 8 for the 13B, 30B and 40B models, respectivelythe different underlying bottleneck structure of transformer
We use the iteration time to study the scalability behavioblocks impact training performance when scaling across
for different model sizes. tensor-parallel ranks. As seen in Figure 6(right), BOOST
outperforms Vanilla-TP and FullRank-TP approaches by
1:4 faster with low rank, con rming baseline ef ciency LS a_nd 2.2 ! rgspegtwely,.for a-II Iovy—rank approaches.
The slight variations in the iteration times are a result of

of bottleneck architectures for LLMs. On scaling to 3B . : ) : .
: . differences in their respective low-rank architectures— SVD
model with 2 GPUs or higher, FullRank-TP outperforms : . :
runs fastest because of no intervening operations, CoLA

Vanilla-TP by 25% because vanilla's extra collectives and . : . :
) is slower due to a nonlinearity between the low-rank lin-
low-A.l. kernels offsets FLOP savings (84.1). In contrast, : . .
BOOST achieves up ©:91 over FullRank-TP an@:28 ear layers, and LaX is slowest owing to an added residual
over Vanilla-TP. Even with cross-node PP at 13|3/3O|3/4()|3path. These results underpin the versatility of the design

BOOST 's TP optimizations signi cantly reduce iteration Tormylaﬂ_ons proposed in F_uIIRank-TP to .opt|m|ze the com-
. . 2 munication and computations across different bottleneck
time, demonstrating end-to-end scalability.

architectures, irrespective of how the layers were factorized.

As shown in Figure 6(left), the 1B model (with no TP) is

Scaling Batch Sizes. In the next set of experiments, we
study the impact of increasing batch sizes on different ags5.4 Computation Ef ciency

proaches. We consider the 7B model running with a tensor-

parallelism degree of 4, and scale the micro-batch size fronf) th€ next series of experiments, we study the computation
1 8, until every approach runs out of memory (OOM). As ef ciency introduced by BOOST and quantify its impact on

depicted in Figure 6(middle), with increasing batch sizesGEMM time and hardware utilization. We instrument each

of 1, 2, and 4, we see BOOST outperforms the FullRanklnear layer (attention QKV/out and MLP gate/up/down)
TP by 1.3 , 1.42 , and 1.48 , respectively, showing a in LLaMA-7B/13B and compare FullRank-TP, Vanilla-TP,

linear acceleration in performance due to better hardwar@nd our approach BOOST. For each linear layer, we report
utilization of larger batches. Similar to scaling of models,(!) theoretical work (FLOPs) alongside measured GEMM

Vanilla-TP shows the worst performance across the condime, and (i) the resulting hardware utilization. This anal-

pared approaches because it collects full hidden states a¥g'S €xPlains why our design accelerates computation and
holds redundant activations (§ 4.1), while BOOST avoids’€ll €s alignment with the predictions in § 4.1.

these memory overheads, preserving the memory ef cienc¥igure 7 (left) shows that both low-rank designs, including
of low-rank bottleneck architectures for tensor-parallel seyanilla-TP and BOOST, perform substantially fewer FLOPs
tups, resulting in accommodating larger batch sizes. Finallyand achieve shorter GEMM times than FullRank-TP. The
we observe that BOOST's reduced memory footprint alreductions are more pronounced in the MLP linears, where
lows us to train larger batches while showing a superlineathe factorization targets the larga dimension, yielding
scalability trend. a bigger drop in work than in attention. This explains why
Extending Across Different Bottleneck Architectures. low-rank methO(_js are faster than fullrank in computation.
Next, we demonstrate the generality of our approach acroggnPortantly, Vanilla-TP and BOOST have the same FLOP
different LLM bottleneck architectures- SVD, CoLA, and ¢ounts and do the same amount of math.

LaX. We use the 7B model with 4 GPUs and compare therigure 7 (middle) shows why BOOST nishes the GEMMs
average iteration time for all approaches. Given the diveffaster than Vanilla-TP despite their identical FLOP counts.
sity of factorization methods used for producing low-rankfFrom the gure we can see that BOOST sustains higher
architectures, through this experiment, we study whethegardware utilization in both attention and MLP linears. The
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Figure 7.Computation Ef ciency. (Left) Linear layer FLOPs and GEMM kernel time under different TP designs; (Middle) Hardware
utilization of vanilla TP and BOOST for each linear layer; (Right) Hardware utilization on scaling micro-batch size for each linear layer.

Figure 8.(Left) Communication volume and time on different TP strategy; (Middle) Communication volume and time on scaling micro-
batch size; (Right) Online-RMSNorm breakdown.

improvement comes from a more hardware-friendly sharcdcommunication volume and time. In contrast, BOOST also
layout: BOOST splits along the larger dimension, yieldingincreases the number of collectives, but performs them on
GEMMs with larger reduction dimension, which are more low-rank activationslgsr instead otbsd), leading to a com-
compute-bound and less memory-bound. This aligns welinunication volume smaller than FullRank-TP and orders
with our arithmetic intensity analysis in § 4.1. of magnitude below Vanilla-TP. The measured time re ects
the same reduction, up t@8faster than FullRank-TP and

From Figure 7 (right), we observe that as the micro-batc '3 faster than Vanilla-TP in communication.

size increases, utilization rises for all methods because
of more work per launch and better arithmetic intensityAs the micro-batch size grows (Figure 8 (middle)), com-
BOOST remains consistently higher than Vanilla-TP acrossnunication volume increases roughly linearly for all meth-
batches and layers, demonstrating the ef ciency of its kereds. The slope for Vanilla-TP is steep because of extra
nels to stay closer to the compute-bound regime and achiefull-hidden activations. BOOST 's growth grows much gen-
ing end-to-end speedups. tler because it communicates on low-rank payloads, and it

Together, these results show that BOOST not only preservers?mams consistently faster than FullRank-TP across batch

L ) Sizes.

the algorithmic ef ciency of low-rank models, but also sub-

stantially improves hardware utilization—bridging the gap These measurements show that our BOOST substantially

between theoretical compression and practical speedup. reduces TP communication volume and time compared to
Vanilla-TP, and keeps it below FullRank-TP. This commu-

5.5 Communication Ef ciency nication ef ciency is a key contributor to the end-to-end

. ) throughput gains observed as models and batch size scale.
We instrument TP collectives and report the total com-

munication _volume per decoder b_IocI_< per pass and th%.G Optimization Ablations
corresponding wall-clock communication time. We com-
pare FullRank-TP, Vanilla-TP, and BOOST across 7B/13BOnline RMSNorm. Repositioning the TP chunk places

model sizes and varying micro-batch sizes. sharded-unsafe RMSNorm inside the chunk, we therefore
compare Sync vs. Online RMSNorm. Communication over-

From Figure 8 (left), we can see that Vanilla-TP communiy ead for Online RMSNorm is measured as the difference
cates far more than FullRank-TP because each bottlene% . . ) . .
etween communication time with fusion and without fu-

block adds an extra TP chunk, making two activation a”'sion' er-step breakdowns are in Figure 8(right)
reduces per block with payloads at the full hidden size P P 9 gnt).
even the intermediate sizlr (8 4.1). This in ates both  From this gure, we can observe that: 1) Normalization com-
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Table 3.Per-decoder-block time (us) for Default vs.Grouped linear-Table 4.Per-TP-rank memory breakdown on CoLA LLaMA-7B

layer on CoLA LLaMA-7B model. (bz=4, seden=4k). Memory is reported in GB.
bz=1 bz=4 Method Wgt. Grad. Opt. Act.+others Total
Block / Kernel Non. Grouped Speed Non. Grouped Speed Vanilla TP 1.25 1.25 2.50 30.73 35.73
MLP1 Comp 355 292 1.22 1115 1082 1.03 Ours 1.25 1.25 2.50 22.14 27.14
MLP1 Comm 266 218 122 620 580 1.07
QKV Comp 391 255 153 939 877 1.07
QKV Comm 406 288 141 981 806 1.22

Table 5.Activation checkpointing efciency on LLaMA-7B.
Mem and+ Time are measured with no ckpt. at the same batch
size. E apt = Mem=(+Time) (MB per ms; higher is better).

Layerwise Total 2773 2395 116 7577 7266 1.04

pute on sharded activations is effectively identical for both _
methods, the performance gap stems from communicationMethod bz Mem (MB) +Time (ms) E ot (MB/mS)

not arithmetic. 2) Sync RMSNorm is dominated by statis- Vanilla 4 26,022 229 113.7
tic communication, although its volume is tiny, it suffers _©urs 4 17,414 90 193.5
high latency from kernel-launch overhead and poor effective Vanilla 8 52,280 460 113.6

Ours 8 35,392 200 177.0

bandwidth, so the pink bar is large and nearly at across
model sizes. With longer sequences, it grows modestly for

the same reason, it is now launch/latency-bound instead of

throughput-bound. 3) Online RMSNorm introduces mini-full-width activations materialized after the row-parallel
mal communication overhead because the statistic exchanggi-reduce, together with larger buffers for full-rank collec-
is fused into the TP collective, adding little extra traf ¢ tives, whereas BOOST operates at the smaller bottleneck
when bandwidth is already saturated. Its runtime increasgimensionr.

with model size/sequence length is driven primarily by theT ble 5 | K activati heckpoint
extra compute in recovery step, not by communication. able 5 compares low-rank activation checkpointing un-

der Vanilla-TP and BOOST. For each batch size, we re-
Overall, this highlights a clear communication—computationport activation memory saved by checkpointinggm ),
tradeoff: Online RMSNorm replaces the latency-dominatedextra re-forward timeTime), and ef ciency E ckpt =
statistic exchange with a fused path, dramatically reducingviem=(+Time) . Larger values indicate more memory
communication time; the modest extra compute is more&aved per unit of re-forward.

than offset by the lower communication cost.

Our method consistently yields highBr ¢ for bz=4,
Linear Layers Grouping. As shown in Table 3, grouping 153;(‘? M?/ms f?é 8107?%-; Vséél(:;gTMB/Tlsgf% &%ryna-;rp
improves both compute and communication for the QKV( .70 ); for bz=8, - Tor VS. ' ms Tor

projection and the MLP gate—up path. On compute, grou Vanilla-TP (1.56 ). Although the absolute Mem of the

ing amortizes activation reads and enlarges the effectivtg OOSTis smg Idlfei bgtcausbe t\/ar:-lllﬁt—'ll'P mcurs% extra;ctw?-
GEMM, raising A.l. and utilization (e.g., 1.53x for QKV ion memory (§ 4.1), its substantially lower re-forward cos

at bz=1, 1.07x at bz=4). On communication, it reduces(+T'me) yields a higher E ot -

kernel launches and increases per-call payload, improvin@his gain ofE ¢ stems from BOOST eliminating ex-
effective bandwidth (e.g., 1.41x for QKV at bz=1, 1.22x attra communication in the re-forward path (§4.4), making
bz=4). Aggregated per block, this yields a 1.16x speedup activation checkpointing more ef cient.

bz=1 and 1.04x at bz=4, con rming that grouping translates

analytical gains into end-to-end savings across batch size%. DISCUSSION AND FUTURE WORK

Note that the gains are larger at bz=1 than at bz=4. Wit .
a smaller per-GPU workload, kernels are more memory." this work, we focus on dense low-rank bottleneck ar-

bound and exhibit lower hardware utilization, so grouping'scmtecwres’ since current low-rank pre-fraining methods

ffects in | ffective GEMM df | h il p_rimarily target this regime. Howe_zver, the core motiya-
?ra(ra];;tlgir?trgzrbeigggr“gepeedup S andieweriaunches wi tion behind BTP is broader. At a high level, BTP applies

whenever a submodule becomes deeper, introducing more
tensor-parallel synchronization points, and contains a nar-

Ef cient Activation Checkpointing. Table 4 provides L . .
. ..__row bottleneck activation, allowing TP collectives to be
a comparative per-TP-rank breakdown of memory utiliza-

tion across methods. The choice of TP strategy does n sthifted to the lowest-dimensional intermediate representa-
affect the persistent memory used by weights, gradients, or

optimizer states. Instead, Vanilla-TP incurs additional actiMore generally, BTP does not require strictly paired
vation and communication-buffer memory due to redundantdown/up projections or a xed global bottleneck rank. As
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llic, S., Hesslow, D., CastagnR., Luccioni, A. S., Yvon,
F., et al. Bloom: A 176b-parameter open-access multilin?-1 Abstract

gual language model. arXiv preprint arXiv:2211.05100,This artifact contains the implementation of BOOST, the
2022. training framework proposed in the MLSys 2026 paper
Xi, H., Li, C., Chen, J., and Zhu, J. Training transform- BOOST: Bottleneck-Optimized Scalable Training Frame-

ers with 4-bit integers. Advances in Neural Information\.Nork for Low-Rank Large Language Models.” The artifact

Processing Systems, 36:49146-49168, 2023. mcludes the source code, experiment scn_pts, and con gura-
tion les used to reproduce the key experimental results in

Xu, Y., Lee, H., Chen, D., Hechtman, B., Huang, Y., Joshithe paper.
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« Publicly available: Yes. A.4 Installation
» Code licenses: Apache-2.0 The artifact can be executed using the NVIDIA PyTorch container
) . _ to ensure consistent dependencies across environments. Detailed
» GitHub link: https://github.com/Arcana- installation instructions are provided in the GitHub repository
2236/BOOST README.
A.3 Description A.5 Experiment work ow
A.3.1 How delivered The repository provides scripts for running distributed training

experiments comparing three con gurations: the full-rank base-
The artifact is delivered as a public GitHub repository containingline, the low-rank vanilla tensor-parallel baseline, and the BOOST
the BOOST implementation, example con gurations, experimentapproach with Bottleneck-aware Tensor Parallelism (BTP).

scripts, and instructions for installation and evaluation. The reposi- ) .
tory includes: To reproduce a direct comparison between the three approaches,

the repository provides a script that sequentially runs the full-rank

. o . baseline, the low-rank vanilla tensor-parallel baseline, and the

+ the BOOST implementation integrated into the NanotrongTp jmplementation. The script records the average iteration time
training framework, for each con guration, enabling a quick comparison of training

» conguration les for full-rank, vanilla low-rank, and performance.
BOOST runs, The comparison experiment can be launched using the following
command:

« scripts for lightweight validation experiments,

* bash runiter_.compare.sh
The public repository URL is provided in the submission form and P

in the README. ) . Lo .
Alternatively, the con gurations can be executed individually using

. the followi ds:
A.3.2 Hardware dependencies € foflowing commanas

The minimal supported setup is 1-4 NVIDIA GPUs with CUDA e Full-rank baseline

support. A single-node 4-GPU setup is suf cient for the main _

lightweight validation experiments. The main experiments in the CUDA,DEVI%IE:Z/IAXD[,CQNNECTIONS—l torchrun
paper were conducted on NVIDIA A100 GPUs (80GB) and larger —nprocpler,no e_l rL/J raln.tpy I |
multi-node settings, but the artifact includes smaller validation —con g- Ie exampiesicon g-tiny-flama.yam

runs intended for AE reviewers. « CoLA model with BOOST (BTP)
Recommended: CUDA_DEVICE_.MAX _.CONNECTIONS=1 torchrun
—nprocper.node=4
+ 4 NVIDIA A100 GPUs for the closest reproduction of the examples/cola/traiola.py .
reported results; —con g- le examples/cola/con gtiny_colallama.yaml
* NVLink-enabled intra-node communication for tensor- .
parallel evaluation. A.6 Evaluation and expected result
After running the experiment work ow, logs and runtime statistics
A.3.3 Software dependencies are generated in the logging directory.
The artifact requires: Reviewers should observe the qualitative trends reported in the
paper, including:
e Linux, ) ) ) ) )
* BOOST achieves lower iteration time than naive tensor-
» Python 3.10 or newer, parallel low-rank implementations.
» CUDA 12.x, » Communication overhead is reduced due to communication

) on low-rank activations.
» PyTorch with CUDA support,

» Hardware utilization improves compared with naive tensor-
* NCCL, parallel baselines.

* Nanotron.
Exact numerical values may vary depending on GPU model and
system con guration, but the relative performance trends should

Optional dependencies: remain consistent with those reported in the paper.

« Nsight Systems for pro ling, The experiments reported in the paper were conducted on 80GB
NVIDIA A100 GPUs. For reproduction on 40GB A100 GPUs, the
» Conda or docker for environment management. batch size can be adjusted accordingly using the provided scripts.



BOOST: BOttleneck-Optimized Scalable Training Framework for Low-Rank Large Language Models

A.7 Experiment customization

The artifact provides .yaml configuration files under the
examples/ directory that allow users to modify experimental
parameters.

Users may customize:

* model size (TinyLLaMA, LLaMA-1B, LLaMA-7B, etc.)

* batch size and sequence length

* 3D parallelism configurations

* low-rank model variants and BOOST optimizations
These parameters can be modified by editing the configuration
files before launching training runs. Additional instructions for

running larger experiments and profiling workflows are provided
in the GitHub README.

A.8 Methodology

Submission, reviewing, and badging methodology:

* http://cTuning.org/ae/submission-
20190109.html

* http://cTuning.org/ae/reviewing-
20190109.html

* https://www.acm.org/publications/
policies/artifact-review-badging

B APPENDIX

B.1 Detailed Performance Analysis

Communication volume analysis. We report per-iteration com-
munication volume Veomm for a LLaMA-style decoder in Table 6
with [ layers, microbatch size b, sequence length s, hidden size d,
MLP expansion dy ¢, low-rank size r  d, and pipeline degree p.
The counts assume Megatron-style implementations, no sequence
parallelism, constants and embedding/norm traffic are omitted for
clarity.

DP. Gradient synchronization volume scales with parameter size.
For full rank, each layer’s attention contributes 44d? (Q,K,V,0) and
MLP contributes 3dd; ; (gate, up, down), giving [(4d” + 3dd s s).
For low-rank variants (both Vanilla and Ours), replace d? ¥ 2dr
andddyy ¥ dr + dysr consistent with factorized weights across
the same 4+3 linear maps, yielding {(11dr + 3dy¢7).

PP. Pipeline activations of size [b, s, d] traverse stage boundaries
in forward/backward. Abstracting per-edge factors and schedule
details, volume scales as pbsd (with p stages) per pass, the same
for full rank and low rank because boundary tensors are at width d
in this configuration.

TP. In Megatron’s column-row pattern, each decoder block is-
sues one activation-sized collective in attention and one in MLP
per pass, i.e., 2 [b, s, d] per layer. Accounting for forward and
backward gives 2[(2bsd). Vanilla Low-rank TP treats each low-
rank linear separately increases collective count. Per pass, atten-
tion triggers 4bsd (one per d r/r d linear) and MLP triggers
bsd + 2bsdys (down plus up), totaling (Sbsd + 2bsdyy); for-
ward+backward yields 21(5bsd + 2bsd¢). With BOOST, the TP
chunk boundary is shifted so the single collective happens at low-
rank tensor [b, s, 7]. Summing over chunks gives 7 bsr per pass
and thus 2[(7bsr) per iteration. This replaces O(d) activation-
sized traffic with O(r), explaining the large reduction relative to
full rank and Vanilla low rank.

Arithmetic Intensity analysis. We report per-MLP-block arith-
metic intensity (A.L. = FLOPs / data moved) under three TP designs
(Table 7. Let hidden size be d, expansion dy; = ad, low-rank
size r with d = fBr (8 = d/r), microbatch b, sequence length
s, and TP degree TP. We count forward only GEMMs and the
dominant activation/weight traffic; constants, bias/elementwise
ops, and embedding/norm terms are omitted.

The result separates algorithmic vs. system effects. First, both
low-rank variants (Vanilla and BOOST) have strictly fewer FLOPs
than Full-rank TP, this is the algorithmic efficiency of bottleneck
factorization(d d ¥ d r,r dwithr d). Second, within
the low-rank family, Vanilla and BOOST have the same FLOPs:
the TP design does not change the amount of math, only how
it is scheduled and communicated. Third, BOOST’s advantage
comes from lower data movement: by sharding along the large
dimension and communicating on the low-rank path, BOOST re-
duces activation traffic and yields higher arithmetic intensity (more
FLOPs per byte). Hence, the performance gap between Vanilla and
BOOST is a system-level gain (communication/memory traffic),
not an algorithmic one.

B.2 Model Configuration

Table 8 lists the LLaMA-style model settings used in our experi-
ments. For each size (1B-30B), we specity the number of trans-
former layers, hidden width d, and MLP expansion d ¢, along-
side a canonical low rank » = d/4 for the bottleneck variants



BOOST: BOttleneck-Optimized Scalable Training Framework for Low-Rank Large Language Models

Table 6. Per iteration communication volume (Veomm) under different parallelism strategies for full-rank and bottleneck architecture in

Llama-like models.

STRATEGY FULL-RANK BOTTLENECK ARCHITECTURE
VANILLA OURS

DATA PARALLEL (DP) I(4d® + 3ddy ¢) I(11dr + 3dys7)

PIPELINE PARALLEL (PP) 2pbsd 2pbsd

TENSOR PARALLEL (TP) 21(2bsd) 21(5bsd + 2bsds¢)  21(7bsr)

Table 7. Per MLP block GEMM arithmetic intensity (A.L) for fullrank TP, vanilla low-rank TP and bottleneck-aware TP (Assuming

dsr = ad,d = pr).

TP DESIGN FLOPs DATA MOVEMENT Al
2 a(d+bs) bsd?
FULLRANK TP 4absd” /TP 4d(bs + “5522) b2dT P ad(dT5s)
(1+a)d+2bs 4bsd? (1+a)
VANILLA LOW-RANK TP 4(1+a)bsd? 4d((1+ a)bs + —575—)  q BTP(1+a)+4d2(1+a)+8bsd
BT P (1+0)(Bbs+d)+2bsT P 4bsd? (1+a)
BOTTLENECK TP 4d( BTP ) 4Bbsd(1+a)+4d2(1+a)+8bsd TP

Table 8. Model configuration (LLaMA-style). We use a canonical
low rank r=d/4.

Model size Layers head d dss T
1B 24 32 2048 5472 512
3B 28 24 3072 8192 768
7B 32 32 4096 11008 1024
13B 40 40 5120 13824 1280
30B 36 64 8192 22016 2048

(SVD/CoLA/LaX). These configurations follow common scaling
rules while keeping r proportional to d so that accuracy remains
comparable and the system effects of low-rank factorization (com-
munication volume and arithmetic intensity) are isolated. We use
these fixed shapes across all TP/PP settings to ensure that reported
performance differences stem from the parallelism design rather
than architectural changes.

B.3 Low-rank Training Algorithm

Common setup. Unless noted otherwise, we use pure bf16
for training with AdamW and a single fused CUDA kernel that
updates parameters and optimizer states.

SVD baseline (system baseline). To establish a system-
performance lower bound with minimal algorithmic changes, we
mechanically replace every full-rank linear W with two low-rank
linears:

y = A(Bz), A2R% " B2R" %, (6)

No nonlinearity is introduced between B and A. This variant
isolates the effect of reduced arithmetic/memory while keeping the
computation graph closest to the full-rank case.

CoLA variant (nonlinear bottleneck). For CoLA, we in-
sert a nonlinearity in the low-rank pathway. Concretely, with

SwiGLU as the nonlinearity, following the original paper setting,

y=A SwiGLU(Bxz). @)

LaX variant (residual low-rank). For LaX, we implement
a residual low-rank path using an Identity Gate and inter-layer LaX
(low-rank residual):

hi 1=A; 12 12R",
v = B; (hL + h; 1) 2 Rdout.

B.4 Linear Grouping Details

Figure 9 details our linear-grouping implementation. In BTP, the
first down-projection is row-parallel; we therefore concatenate the
weights along the rank dimension and execute a single GEMM
to produce a wider activation, which is then split per path. The
subsequent all-reduce remains unchanged. For the column-parallel
up-projections, we stack weights/activations and use a batched
GEMM (e.g., einsum) to accommodate the stacked shapes.

B.5 Framework Details

Process groups and topology. Nanotron exposes a Paral-
lelContext that constructs and tracks all process groups for 3D
parallelism (DP/TP/PP) alongside a world group. It provides rank
mapping utilities (world_rank_matrix, local rank queries) and lets
modules invoke collectives on the correct subgroup granularity.

Tensor parallelism (TP). Nanotron implements Megatron-
style column/row-parallel linears, parallel vocabulary, cross-
entropy over sharded logits, and distributed samplers. Different
sharding patterns trade duplicated compute for reduced communi-
cation; engines select the appropriate collective (e.g., all-reduce or
all-gather) over the TP group.

Pipeline parallelism (PP). Models are assembled from
PipelineBlocks, a lightweight wrapper that pins a submodule to a






