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Abstract

Training of large neural networks (NNs) is often done in parallel on multiple
GPUs. While existing parallel training frameworks easily allow NN training us-
ing multi-dimensional parallelism, the challenge remains in finding the optimal
hyperparameters, such as the best balance between the sizes of various parallelism
dimensions, which would result in the highest training throughput. Due to the large
number of possible parallelism configurations (PCs) for a given training scenario,
an exhaustive search over them is prohibitively costly. Existing PC optimization
methods either require running NN training trials on a large number of PCs, each
of which is costly, or approximate the throughput using only (incomplete) domain
knowledge, which may be inaccurate and hardware-specific. To overcome these
issues, this paper presents OPPA that can boost the efficiency of Bayesian opti-
mization for optimizing the PC by novelly exploiting (a) the domain knowledge
of parallel NN training via parallelism-informed prior beliefs that are general in
catering to a variety of parallel NN training scenarios, and (b) early termination of
trials involving suboptimal PCs. Despite incorporating these nontrivial efficiency
tricks, OPPA is still theoretically guaranteed to achieve sublinear regret. We empir-
ically show that OPPA finds optimal PCs more efficiently than existing methods
for parallel training of NNs with varying architectures, training frameworks, and
multi-GPU hardware setups.

1 Introduction

Modern advances in deep learning have arisen from the ability to scale neural networks (NNs) to
larger sizes. In natural language processing, for example, transformer models [} 135]), large language
models (LLMs) [23}134], and multimodal LLMs [20} 24], which comprise millions to billions of
parameters, have shown tremendous success in tasks such as text classification, text generation, and
language understanding. These large NNs often cannot be trained on standard machines with a single
processor. To scale up, it is necessary to distribute the NN training workload across a cluster of
machines and parallelize the training process. Different parallelism techniques for NN training have
been proposed, such as that of data [26| 43|, pipeline [10} 22], tensor [31]], and their combinations
which are also referred to as multi-dimensional parallelism (17,128} 131]].

To fully utilize the given hardware for reducing the time of NN training, one can maximize its
throughput, i.e., average number of training steps being run per unit time. The training throughput
depends on the selected parallelism configuration (PC), which, in large-scale parallel NN training
frameworks [13} [17, 28, 31], is specified by several hyperparameters such as the sizes of various
parallelism dimensions. In practice, it is challenging to accurately determine how the choice of PC
affects the training throughput since such a complex relationship depends on the NN architecture,
training data, compute and communications hardware, and the exact implementation of the parallel
NN training framework. Existing works that approximate (and optimize) the training throughput of a
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Figure 1: The key idea of OPPA is to exploit domain knowledge of parallel NN training & early trial
termination to rapidly find the parallelism configuration (PC) with the highest training throughput.

PC [150141L144]] require strong assumptions on the hardware and parallel NN training implementation,
and may not capture all the complex intricacies of parallel NN training. So, it may not be reliable to
rely on any of these works alone to recover the optimal PC directly.

In practice, the most reliable method to consider all possible factors and their intricate inter-
actions during parallel training is to run real training trials with each PC on the real hardware.
Unfortunately, due to the large number of possible PCs, an exhaustive search over them is pro-
hibitively costly. To circumvent this, existing parallel NN training frameworks have selected a
subset of candidate PCs to trial using simplistic optimization algorithms, but cannot utilize measured
throughputs nor prior domain knowledge, hence inefficiently needing excessive trials to find the
optimal PC (Sec.[2).

To efficiently search for the PC with the highest throughput, it is desirable to be able to adaptively
select promising PCs for trialing and filter out poor candidates using information from trialed PCs.
Given these considerations, black-box optimization methods such as Bayesian optimization (BO)
(Sec.|2) would be well-suited for the task. However, a naive use of vanilla BO is still inefficient as it
does not exploit the inherent characteristics of PC trialing nor that of the parallel training process.

This paper presents the OPTIMIZER FOR PARALLELISM CONFIGURATIONS (OPPA) that can adap-
tively and rapidly optimize the PC for efficient parallel NN training. OPPA (Fig. [I) boosts the
efficiency of BO by novelly exploiting early termination of trials involving suboptimal PCs and
parallelism-informed prior beliefs that are general in catering to a variety of parallel NN training
scenarios. Despite incorporating these nontrivial efficiency tricks, OPPA is still theoretically guaran-
teed to achieve sublinear regret. In Sec. [3] we first formulate the problem of finding the optimal PC
as one of black-box optimization with black-box constraints. Then, we develop surrogate models
representing parallelism-informed prior beliefs (based on domain knowledge of parallel NN training)
that are general in catering to a variety of NN architectures, parallel NN training frameworks, and
multi-GPU hardware setups (Sec. [4.T) and used by BO to select promising PCs for trialing (Sec.[4.2).
We also describe the process of trialing a PC and propose a novel technique to early terminate trials
involving suboptimal PCs with both theoretical and empirical justifications (Sec.[4.3). In Sec.[5] we
empirically show that OPPA can be easily used on top of existing parallel NN training frameworks to
find a good PC for training NNs more efficiently than existing methods and vanilla BO.

2 Background and Related Works

Parallel NN training on GPUs. A large NN can be effectively trained by distributing its workload
across multiple GPUs. Different parallelism dimensions split the workload differently, which affects
the amounts of computation per GPU, memory required in each GPU, and communication between
GPUs. The most basic parallelism technique is data parallelism (DP) [16] where a batch of training
data is split and distributed to each GPU to be separately processed by its local NN replica before
gathering the gradients from all GPUs to update the NN weights. While DP is simple, it requires



replicating the NN onto each GPU, thus incurring additional memory. To resolve this, techniques,
such as the Zero Redundancy Optimizer (ZERO) [26] in the DEEPSPEED package or Fully-Sharded
Data Parallel (FSDP) [43]], have been proposed to perform some sharding of NN weights or gradients
to avoid full NN replication. Furthermore, tensor parallelism (TP) [22, 31]] and pipeline parallelism
(PP) [10; 22] have been proposed to shard the tensors in the NN and the NN execution pipelines onto
multiple GPUs, respectively. The specific implementations of DP, TP, and PP, such as which tensors
(e.g., NN weights, gradients) are sharded or how many shards they are partitioned into, are often
manually specified by the user to control the overall throughput. App.[A]discusses DP, TP, and PP
more. Besides, other types of parallelism (e.g., sequence [18]], expert [27]) have also been developed.

Multi-dimensional parallelism. Several frameworks [17, 28, [31]] have also been developed to
combine different types of parallelism into the same training process. These frameworks provide
simple interfaces for users to specify the desired parallelism configuration (PC) that comprises
hyperparameters controlling the execution of the parallel training process, a subset of which specifies
the sizes of various parallelism dimensions. These frameworks then automatically handle tensor
sharding and execute the parallel training pipeline as per the specified PC. These frameworks may
also manage training on multi-node or even heterogeneous hardware. While these frameworks allow
practitioners to easily execute parallel NN training, finding the PC with the highest throughput is
challenging since it depends non-trivially on the NN architecture, training data, GPU specifications,
communication bandwidth between GPUs, and the exact implementation of the parallel NN training
framework [[17,119}36]]. For example, DP is ineffective for large NNs since excessive NN replications
can cause out-of-memory errors. Also, PP is less effective on smaller NNs as the communication
costs between pipeline stages may dominate the computation of the fragmented pipeline.

Optimizing PC. The most accurate way to find the optimal PC would be to trial all possible PCs on
the real training hardware and determine which one yields the highest training throughput. However,
this is prohibitively costly since there can be a large number of possible PCs and trialing each PC can
be computationally costly. To circumvent this, frameworks such as NEMO [13] and DEEPSPEED
[28] have implemented methods for automatic PC tuninﬂ based on running NN training trials for
a few training steps on a number of PCs. The PCs trialed are often either selected non-adaptively
(e.g., based on random selection) or adaptively based on a simple surrogate function. However,
these methods cannot efficiently use the measured throughputs of trialed PCs to perform informed
optimization, and therefore still require a large number of NN training trials to obtain a good PC.

Since NN training trials are costly, we can consider constructing a surrogate model to approximate
the throughputs of different PCs [15} 41} 44], which allows the use of domain knowledge to filter
out suboptimal PCs and run fewer or even no trials at all. These methods, however, have implicitly
assumed that the surrogate model correctly predicts the actual training throughputs. This is not possi-
ble in practice since the surrogate model cannot capture all the complex intricacies of parallel training.
Furthermore, a fixed surrogate model cannot be easily extended to include new hyperparameters into
the PC, which is important especially with the ever-growing parallel training literature.

Overview of BO. To efficiently search for the PC with highest throughput, we utilize BO [7,[8]. BO
aims to maximize an expensive-to-query black-box function R (representing the throughput over
the space of all possible PCs) whose derivative is unknown. The black-box function R is modeled
as a realization of a Gaussian process (GP) whose prior belief is fully specified by its prior means
and covariances [29]. Given the measured throughputs of trialed PCs, we can obtain a predictive
distribution of the throughputs (of untrialed PCs) in the form of a GP posterior belief specified by its
posterior means and covariances. Then, the BO algorithm selects a PC for trialing that maximizes a
given acquisition function (e.g., expected improvement [[11]], upper confidence bound [33]]) based on
the GP posterior belief. Such an acquisition function trades off between exploring unique PCs that
have not been queried to predict R better vs. exploiting PCs likely to have high values of R so as to
efficiently find the optimal PC. App.[B|gives a more technical overview of GP modeling and BO.

BO is used in a wide range of black-box optimization problems, such as experimental design [[14, [25]
and material design [42]]. More relevant to our work here, BO is also commonly used to optimize
the NN architecture to achieve the best performance in a given task [32]. Finding the optimal PC,
however, differs in two aspects: (a) The hyperparameters in a PC affecting the training throughput
have better-defined mechanics (even if not completely known) that can be partially described based on

Thttps://docs.nvidia.com/nemo-framework/user-guide/latest/usingautoconfigurator.html,
https://www.deepspeed.ai/tutorials/autotuning/
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Figure 2: (Left) Visualization of a parallelism configuration (PC) with tunable hyperparameters.
(Right) Visualization of GPU allocation for 3D parallelism according to the dimension sizes.

domain knowledge. Modeling via a GP allows us to incorporate this knowledge through an informed
choice of the GP prior belief, which can reduce the number of trials required. (b) Trialing a PC
allows for repeated measurements of the time taken per training step, which are used to calculate the
throughput. Running many training steps is costly and may be unnecessary, so an early termination
of trials can be adaptively applied to reduce the number of training steps needed to be run. We will
elaborate more in the sections to follow.

3 Problem Setting

A parallelism configuration (PC) comprises several tunable hyperparameters found in typical parallel
NN training frameworks and a subset of them determines the sizes of various parallelism dimensions,
as visualized in Fig.[2] In our work here, we will mainly consider 3D parallelism where dp, tp, and
pp denote the sizes of the data, tensor, and pipeline parallelism dimensions, respectively; note that
their product dp - tp - pp equals the number n_gpus of available GPUs. Also, as demonstrated in our
experiments (Sec. [5), other types of parallelism can be included in the PC as well. The remaining
hyperparameters determine the specific implementations of the parallel NN training framework,
including (but not limited to) hyperparameters in the ZERO optimizer, the number of model chunks
for PP, whether communication overlaps are used, and whether gradient checkpointing is used.
App. [C.T lists all of the hyperparameters considered in the PC for our problem, including additional

parallelism dimensions that we consider in the experiments.
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Let H C Z% be a set of all possible PCs such that each PC denotes

a vector of hyperparameters in integers. The goal of our problem

is to find the optimal PC H* € H with the highest training

throughput (i.e., largest average number of training steps being

run per unit time) and its maximum memory usage not exceeding Haeesterrens teeertessactse
the available memory size M (i.e., fitting on the given GPUs). \

For any PC H € H, let R(H) and M(H) be the throughput and It ceeeresnesseraens
the maximum memory usage, respectively. Then, our problem 0o 10 20 30
of finding the optimal PC H* € # can be formulated as one of Train steps
constrained maximization: Figure 3: Time taken for each
maxgey R(H) trainipg step for a few training tri-
als with various PCs. Each color
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throughput estimate for that PC.
Note the fluctuations in the time

taken for each training step.

subjectto M (H) < M .

When querying a PC H, we run a short NN training trial (instead
of training the NN till convergence) to obtain sufficiently accu-
rate estimates of the throughput and maximum memory usage.
To estimate the throughput of H, we measure the time taken
t1,t2, ... tgm. TOT gmax consecutive training steps and use them
to estimate the throughput: R(H) ~ 7y, £ gk Zg’;‘l t; L As
shown in Fig.[3] the time taken for each training step fluctuates due to factors like additional overheads
during process initialization, fluctuating communication speeds, and unpredictable system behaviors
occurring during training. So, it is more reliable to estimate the throughput by averaging the time
taken over multiple (rather than a few) training steps. While we can run the full trial with g,y training
steps, we can also terminate the trial early after ¢ < gmax steps at the cost of a higher variance of 7.



When designing our method, we note two other characteristics of the PC optimization problem:

Since R and M depend on many factors and their intricate interactions that may be too complex
to model or be exactly known in practice, their exact forms are only partially known given
the incomplete domain knowledge. So, a suitable choice of the surrogate models for R and M
has to consider how the actual measurements may deviate from the domain knowledge.
Additionally, the surrogate models should be able to quantify the confidence of their predictions.

Though a PC can be (and should be) trialed on real hardware, running a full trial incurs a high
cost. This is especially true with suboptimal PCs since the same number of training steps on a
suboptimal PC would incur more time. This motivates us to design an optimization algorithm such
that promising PCs are prioritized for trialing while PCs, which are likely to be suboptimal,
are not trialed or are only trialed for fewer training steps and hence shorter time.

4 Method

In this section, we describe OPPA, which ex- Algorithm 1 OPPA (shortened version of Algorithm 4}
ploits parallelism-informed GP prior beliefs and ~ 1: Generate 7 of all valid PCs

early trial termination to boost the performance ~ 2: fori =1,2,...do

. R . 3 1/ Step (D —Modeling R and M (Sec.[d.T)
of BO in optimizing the PC for parallel NN train 4:  Obtain GP predictive/posterior beliefs for R and M

ing. As summarized in Algorlthmm OpPA .al.ter' from parallelism-informed GP prior beliefs using
nates between 3 steps: (1) modeling the training measurements of trialed PCs
throughput and maximum memory usage based  5:  // Step ) — Selecting the next PC to trial (Sec.[f-2)
on measurements via parallelism_informed GP 6:  Select H; € H.Wi'th cUCB acquisition function (22)
prior beliefs, 8 selecting the next PC to trial ; z} fttigiggg;;flgg— thle Se]ecqted };i (Sec.3)

. . . . : steps ¢ = 1, ..., Gmax
Vlaj BO, and . rugnlng an NN tramning trl?'l 9: Measure time ¢; , taken for training step q
(with early termination if suboptimal) to obtain o, if I; , = 0 then terminate trial // from (2)
measurements for the (estimated) throughput 11:  if budget exhausted then break
and maximum memory usage of selected PC. 12: return H; with the best (estimated) measured through-

put when its trial is not terminated early

4.1 Constructing Surrogate Models

In Step (1), surrogate models are constructed to predict the throughput and the maximum memory

usage. As suggested in , to explicitly capture the deviations from the domain knowledge, we
decompose the actual throughput R and maximum memory usage M into

—~

R(H) =R(H;0g) + fr(H)  and  M(H) = M(H;0m) + fad(H) (1)

where the functions R and M (with parameters 6z and f,4) capture the domain knowledge of
parallel NN training, and fr and fa capture the unknown deviations from the domain knowledge.

Domain knowledge. The functions R and M aim to, respectively, predict R and M using only
the domain knowledge of parallel NN training. Hence, they are not expected to give completely
accurate predictions but instead capture general trends in any given NN training scenario; any
factors not accounted for would be captured in the unknown deviation terms anyway, which will

be described below. In practice, OPPA allows the predictions by R and M to be improved through
incorporating additional domain knowledge from practitioners with more expertise in parallel NN
training. Consequently, OPPA would be able to find the optimal PC more rapidly.

For OPPA, we provide default choices of R and M by considering parallel NN training under

general, idealized conditions. Doing so allows R and M to be general enough to immediately cater
to parallel NN training scenarios of varying model, data, hardware, and network configurations,

while also having a simple analytical form that is cheap to compute. For R, we consider the time
taken per training step for the computation ﬁomp and for the communication ﬁomm, which can be
combined to approximate the throughput: ﬁ(H ;0r) = [ﬁomp(H i tcomp) + ﬁomm(H ; C)] ~! where
Or = {tcomp, C} are learnable parameters (as opposed to fixed constants) that aim to estimate factors
such as the approximate communication speed between GPUs or the communication load required

by each type of parallelism. For ﬁomp, we consider the additional computation time arising from the
pipeline bubble in PP [22]]. For 7comm, inspired by [38]], we consider an idealized training scenario



visualized in Fig. 2, which assumes the NN to contain roughly identical blocks, and considers
the communication from the All-Reduce operations involved in DP and TP, and point-to-point
communications involved in PP. We separately model the intra- and inter-node communications,
Collapsmg the constants for spemﬁc communication types into C. Further details for the construction

of R are in App.|D. ll For M we consider the memory required per GPU to store the NN weights
and gradient values for backpropagation, and learnable parameters to estimate the overall memory
required by them, as detailed in App. In our experiments (Sec. [3)), we will show that our choices

of R and M enable the GP prior beliefs to capture the general trends of the throughput and maximum
memory usage sufficiently well, especially when combined with the learned unknown deviations,
while not needing much additional computational costs during the PC optimization process.

Unknown deviations from domain knowledge. Due to incomplete domain knowledge to fully
describe a parallel NN training process, we learn the deviations fr and fa of the actual measurements
from the domain knowledge using real NN training trials by modeling them as realizations of GPs.
The benefits of using a GP are twofold: (a) A GP is typically expressive enough to model unknown
functions without an analytical form. (b) A GP can quantify the uncertainty of its predictions,
allowing the surrogate model to determine how much it does not know about the throughput of any
PC and subsequently be exploited by OPPA to potentially trial PCs with more uncertain throughput.

Specifically, we model fz and fu4 as realizations of GPs “centered” around zero prior means and
with prior covariances defined using the Matérn kernel [29] where the covariance/correlation of
any two PCs depends on the Euclidean distance between their corresponding vectors. The kernel
is characterized by smoothness ¥ = 5/2 and lengthscale and signal variance hyperparameters
0 = {£, 01} that can be learned using the actual measurements, as described below. In App.
we give the expression for the Matérn kernel and justify its use in our work here.

The additive decomposition of the domain knowledge and the unknown deviations in (1) implies that
‘R and M are samples from parallelism-informed GP prior beliefs given by

RNgP(ﬁ(-;en),k(.,.;ek)) and ngP(/\?(.;eM),k(.,-;ek)).

Using the measurements of trialed PCs, the values of parameters {x, 0} in R and M and Matérn
kernel hyperparameters ) can be estimated by maximizing the log marginal likelihood [29], as
described in in App. and the GP posterior beliefs for the throughput and maximum memory
usage of any PC H € H can be obtained from the prior beliefs, as stated in (17) to 1)) in App.

4.2 Selecting the Next PC to Trial

In Step @, the next PC H; € H to trial in round ¢ is selected to maximize the constrained upper
confidence bound (cUCB) acquisition function [33}37] based on the surrogate models constructed in
@, as detailed further in App. [E.1] cUCB trades off between exploring untrialed PCs to improve
the accuracy of the surrogate models for R and M vs. exploiting promising PCs likely to have high
throughputs so as to guide the PC optimization process to efficiently find the PC with the highest
training throughput [8, [L1], hence satisfying the requirement in .

4.3 Trialing the Selected PC with Early Termination If Suboptimal

Finally, in Step (3), an NN training trial is run on the PC H; selected in Step (2) for gmay training
steps, each of which takes time ¢; ; for ¢ = 1, ..., gmax. These time measurements are then used to

obtain an estimate 7; , . of the actual throughput R(H;) where 75 4 = ¢~ (t;, RS t;;) and

whose variance 02 , 1s defined in App. In practice, as shown earlier in Fig. E the actual time
e

measurements for a sequence of tralmng steps may contain outlier(s) that can skew a throughput
estimate. As discussed in App.[F2] the estimated throughput is made more accurate by removing
the outlier values of the time measurements. Meanwhile, the maximum memory usage m; across all
training steps is retrieved by calling torch.cuda.max_memory_allocated().

Early trial termination. In practice, some PCs do not need to be trialed for the full gy« steps since
fewer training steps might be sufficient to determine that the PC is suboptimal. This is because

Ti,q is an estimator of the actual throughput R(H;) whose variance (72 decreases as g increases.

Intultlvely, this implies after a certain number of steps, ; , can estimate R(H ) with a small enough
variance for us to determine that /; would not improve upon the best PC found so far.



To save time on such trials, we consider early trial termination where an NN training trial only
continues if the estimated throughput meets some threshold. Formally, define an indicator variable

Ii,q =1 [(q < qmin) vV (Fi,q > maxje{1,...,i—1} 77l,q} + Tq)] . 2)
That s, I; , = 1 if (i) not more than gn;, training steps have been run, or (ii) the estimated throughput
of H; is higher than any of that obtained in the previous steps by some margin 7, > 0. We continue
to run the NN training trial at step g if I; ;—1 = 1, and terminate the trial at step ¢ = ¢; if [; 3, =0
(i.e., when H; is unlikely to improve upon the best PC found so far). As explained in App.[F.3.1] this
intuitively corresponds to when more training steps are unlikely to provide further information about
the optimal PC. This saves computation time in practice while still allowing OPPA to recover the
optimal PC, as formalized in the result below:

Theorem 4.1 (Informally stated in terms of R). Consider the practical setting of M(H) < M,
forall H € H. Let N be the number of PCs trialed so far. Under mild conditions on R and
the time measurements t; 4, there exists some choice of {Tq}gixl such that with high probability,

the cumulative regret is va:l (R(H*) = R(H;)) = O (s/N/qmin), and for i = 2,...,N, if
R(Hz) < maXge(1,...,i—1} R(Hk)’ then (jz < Gmax -

In App. we prove a more general version of Thm. such that R can instead be any function
with a bounded RKHS norm, and provide an empirical verification for early trial termination. Thm..T
considers the practical setting of M(H) < M for all H € H because running the NN training trial
on the PC H when M(H) > My would lead to an out-of-memory error and hence the throughput
cannot be measured; so, our theoretical analysis can omit the case of M (H) > Mj for convenience.
Despite incorporating early trial termination to gain efficiency in practice, Thm. [4.1] guarantees that
OPPA can still achieve sublinear regret, that is, it can recover the optimal PC with the highest training
throughput. Thm. .T]also reveals that PCs whose throughput is lower than that of PCs already
trialed would likely have their training trials terminated early, hence allowing OPPA to save time and
compute resources from trialing suboptimal PCs, as mentioned in [B]. App. |§ gives the complete
pseudocode for OPPA that incorporates steps (1), (2), and (3).

S Experiments and Discussion

This section evaluates the performance of OPPA in finding the optimal PC for parallel training of NN
with varying architectures, training frameworks, and multi-GPU hardware setups. App.[H.T discusses
these various parallel NN training scenarios in detail. The performance of OPPA is compared against
that of RANDOM (i.e., random PC selection), XGBOOST (i.e., adaptive PC selection based on the
XGBOOST surrogate model [3]] that is used by DEEPSPEED [28]]), R&M-HAT (i.e., 1-shot selection

of best PC based on surrogate models R and /\7), and VANILLA-BO (i.e., BO without modifications).
App. [H.2]describes these methods in detail, including how the surrogate models are trained.

To evaluate their performances, we plot the best (estimated) measured throughput (i.e., average
number of training steps being run per second) achieved by each method (Sec. vs. its incurred
time (rather than vs. the number of PCs it has trialed). We do so since the time incurred by a method
better reflects its cost of optimizing the PC for parallel NN training by capturing both the time
needed to perform the optimization/selection and the time taken to run the NN training trials. The
latter includes the time taken to initialize the NN training, run the training steps, and switch to the
NN training trial of each subsequent selected PC, and is longer if the method trials more PCs or
suboptimal PCs. Nonetheless, we give plots for the best (estimated) measured throughput vs. number
of trialed PCs in App. [[.T} The NN loss is independent of the selected PC and hence not reported.

Single-node setups. Fig. {a|shows results for finding the optimal PC for parallel training of the
BERT model [3]] on a single node of 8 GPUs using the COLOSSAL-AI framework [17]. It can be
observed that OPPA, which exploits parallelism-informed GP prior beliefs and early trial termination,
outperforms all other tested methods, including vanilla BO. We find that OPPA automatically priori-
tizes PCs with only DP, which matches our intuition of DP being adequate for smaller NNs. Fig. Ab|
shows similar results for the Qwen model [39] where OPPA again finds a better PC than all other
methods. As the Qwen model is larger, OPPA now prefers a mix of DP and PP to reduce memory use
while incurring minimal communications across GPUs. App. [[.2]shows the PCs selected by OPPA.

To visualize the efficiency gains of OPPA, Fig.[5a shows that OPPA is able to trial many more PCs in
a given time period compared to the other methods due to the early termination of suboptimal trials
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that of other tested methods based on the experi-
ments in Fig. fa] Fig.[5a shows the no. of PCs each
method has trialed. Fig. [Sb|shows the no. of training
steps that can be run by each method during PC op-
timization (i.e., shaded gray region on the left) and
in the subsequent parallel NN training using the op-
timized/selected PC (unshaded region on the right).
See Fig. 4| for the legend.

Figure 4: Graphs of best (estimated)
measured throughput (higher is better)
achieved by each method (i.e., plotted as
medians across 10 repeated experiments
with error bands showing lower and upper
quartiles) vs. its incurred time for parallel
NN training on a single-node setup using
the COLOSSAL-AI framework [17].

to avoid wasting time: Though OPPA switches from one NN training trial to the next more often, this
switching cost is less than the time saved by not running all training trials in full, allowing OPPA to
trial more PCs overall. Along with the parallelism-informed GP prior beliefs to efficiently filter out
suboptimal PCs, OPPA returns a PC with a higher throughput, which in turn allows more training
steps to be run in the subsequent parallel NN training even after just 20 minutes of PC optimization,
as shown in Fig.[5b] This demonstrates the effectiveness of OPPA in speeding up parallel NN training.

Generality in catering to various NN architectures and parallel training frameworks. In App.|L.3|
we report results on similar experiments as that in Fig. [, except that the parallel NN training is
performed using the NEMO framework [[13]] where the size of the sequence parallelism dimension
(18] is included in the PC to be optimized. In App.[[.4] we report results comparing the performances
of OPPA and the other tested methods in optimizing the PC for parallel training of vision transformers
and mixture of experts (MoE); the latter includes the size of expert parallelism dimension [27] in the
PC. In these parallel NN training scenarios, OPPA outperforms the other methods, demonstrating that
its surrogate models (Sec. do not overfit to a specific scenario, but instead can cater to a variety
of NN architectures, parallel training frameworks, and even unseen hyperparameters in a PC.

Accuracy of surrogate models. Fig.|6a) compares the throughputs predicted by OPPA’s surrogate
model (in Step (1) of Algorithm [1) with the actual measured throughputs of trialed and (randomly
sampled) untrialed candidate PCs based on the experiments in Fig. b, It can be observed that
the predictions correlate well with the measured throughputs, especially in the space of PCs with
high throughputs that are trialed more often, which allows OPPA to better identify the optimal PC.

In contrast, R&M-HAT’s surrogate model R (Fig. @) can only capture general trends of actual
throughput R but not all the complex intricacies of parallel NN training, while VANILLA-BO’s GP
surrogate model (i.e., a GP posterior belief) is not informed by the prior domain knowledge of parallel
NN training (Fig.[6c). As a result, their surrogate models cannot predict R well in the space of PCs
with high throughput and hence cannot identify the optimal PC well. App.|[L.5|further discusses the
accuracy of these surrogate models for R and M across various parallel NN training scenarios.

Effect of each efficiency trick in OPPA. Fig.[7|shows results from our ablation studies to isolate the
effect of each proposed efficiency trick on OPPA’s performance. It can be observed that without early
trial termination, BO would incur more time in suboptimal trials and thus in finding the optimal PC.
Without the parallelism-informed GP prior beliefs, BO would be less informed about promising PCs
for trialing and hence incur more time to find the optimal PC. App.|L.7|gives more results. App.
shows the effect of gmin on OPPA’s performance, revealing minimal degradation for a small gy;y.

Multi-node setups. We also tested OPPA in optimizing the PC on multi-node setups. In these cases,
the additional communication costs makes the throughput computation less straightforward, while
larger number of feasible PCs complicates the optimization problem. In Fig.[8a| we show the results
for optimizing the PC for training a smaller NN [9] with 1 billion parameters on a commodity cluster
with 16 GPUs, which is a typical setup found by practitioners with existing hardware in practice.
Meanwhile, Figs. [8b and [8c|are the results for optimizing the PC to train larger NNs [34] 40] on
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Figure 6: Graphs of throughputs predicted by different methods’ surrogate models vs. actual measured
throughputs after 20 NN training trials based on an experiment in Fig. @bl The zoomed-in region
(green box) shows PCs with high predicted and measured throughputs. Each untrialed PC in Figs. [6a
and |6c|is associated with error bars (i.e., omitted from zoomed-in region to ease interpretation)

showing twice the GP posterior std. dev., which are not in Fig. as R gives deterministic predictions.
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of OPPA to optimize sions also being tunable hyperparameters in the PC. See Fig.&fer the

legend. Some methods were not run for results in Figs. [8b]and[8c|due to

the throughput f
e roughpu ot the available computational budget.

Qwen2-1.5b training.

high-performance computing clusters with 32 and 128 GPUs, respectively. In all of these cases,
OPPA outperforms other baselines, and also does so more consistently (i.e., smaller variance in the
resulting throughput), demonstrating its robustness. This trend is observed across different scales of
hardware setup, and even across parallel NN training frameworks or when including new parallelism
dimensions in the PC (e.g., the experiment for Fig. [8c|which includes six types of parallelism). We
also see that vanilla BO outperforms other non-BO methods due to its ability to balance exploration
and exploitation, however remaining worse than OPPA.

In Fig. [0, we also demonstrate that OPPA outperforms other

methods that do not use training trials (and instead use a more g OePa

complex approximation of training throughput compared to R) 3 Vanila-8o H

such as AMP [15] and NNSCALER [19]. This shows the superi- £ NNScAter H
ority of our adaptive approach which can effectively incorporate = AMP i

the measured throughput from real NN training trials into ex- 0.14 AO.t16I 0.18  0.20
isting domain knowledge, and the non-trivial efficiency tricks ctal ks

exploited by OPPA that allow for this boost in performance. Figure 9: Obtained R from

OPPA compared to AMP [15] and
NNSCALER [19] for L1lama2-7b
training with 32 GPUs. The results

. . Lo reported for BO and OPPA are the
In this paper, we have described OPPA, which improves upon  game from Fig.

constrained BO by exploiting parallelism-informed GP prior
beliefs and an early trial termination mechanism to efficiently
optimize the parallelism configuration and achieve the highest training throughput across a vari-
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ety of NN architectures, parallel NN training frameworks, and multi-GPU hardware setups. As
demonstrated, OPPA can also be easily adapted to optimize other unseen hyperparameters in a PC as
well. We think that the parallelism-informed GP prior beliefs can be embedded with more domain
knowledge of specific parallel NN training frameworks or knowledge of specific NN architectures,
which would boost the performance of OPPA further.
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A Additional Discussion on Types of Parallelism

In this section, we provide additional details on the types of parallelism that can be deployed for
parallel training of NNs.

Data parallelism. The most basic type of parallelism technique is data parallelism (DP) [16] where a
batch of training data is split and distributed to each GPU. Each batch is then fed into the local replicas
of the NNs, before the gradients from each GPU are synchronized. While simple and often the
fastest, the naive DP approach requires replicating the model on each GPU, which takes up additional
memory on each GPU. Several techniques have since been proposed to perform DP with sharded
models, including the Zero Redundancy Optimizer (ZERO) introduced by [26] in the DEEPSPEED
package, and Fully-Sharded Data Parallel (FSDP) introduced by [43]]. While these techniques reduces
the maximum memory usage for DP, their effectiveness can still heavily depend on the choice of
hyperparameters. For example, ZERO can be tuned so that one or more of the optimizer states, the
gradients or the NN weights are sharded between GPUs. The choice of sharded items may reduce the
memory usage on each GPU at the cost of increased communication between GPU which in turn
reduces the throughput of the NN training.

Tensor parallelism. Another parallelism technique is tensor parallelism (TP) where individual
tensors of the NN weights are sharded across multiple GPUs, so that the matrix multiplication
operations are instead done in a distributed manner, allowing operations involving larger tensors to
be possible. TP initially involved sharding a tensor along a single dimension (i.e., either row-wise or
column-wise sharding) [31], however has since also incorporated sharding tensors across multiple
dimensions as well [2]].

Pipeline parallelism. In pipeline parallelism (PP) [10} 22] we instead partition the NN along its
execution pipeline with each NN partition running synchronously with microbatches of training data.
The gradients are accumulated for each microbatch and updated at the end of each training step.
By sharding the NN and training data into smaller chunks, the GPU memory required at any one
time becomes lower, allowing for the training of larger NNs at the cost of more sequential operation
rounds and higher cost of communication between GPUs. The tradeoff between training speed and
maximum memory usage can be further controlled based on the size of microbatches and the number
of model chunks.

B Technical Primer on Gaussian Processes and Bayesian Optimization

In this section, we provide a technical overview of Gaussian process (GP) regression and on Bayesian
optimization (BO). The contents are adapted from [[7, [29].

A Gaussian process (GP) GP (Liprior, k) With prior mean fiyi0r and prior covariance k is a random
process where for any subset of input X, its corresponding output is given by a normal distribution
f(X) ~ N (tprior (X), k(X, X)). The prior mean fiprior () describes the expected value of the random
function f(z) at a certain input, while the prior covariance k(z, ') roughly captures the covariance
between between f(z) and f(z').

Suppose that we have an unknown function f drawn from the GP. Assume we are given a set D =
(X,y) ={(z1,91),.- ., (xn, yn)} of inputs and corresponding measurements, where y; = f(x;) +¢;
are noisy measurements of the actual function with Gaussian noise €; ~ N(0, \;). Then, when
performing Bayesian inference, we can express the GP posterior mean and covariance as

. -1
HJ(I) = :uPTiOT(x) + k(d?, X) (k(X) + dlag()‘)) (y - ,Uprior(x)) 5 3)
0¥ (x) = k(x,x) — k(z, X) (k(X) + diag(A)) ' k(X, 2) @)

where diag(\) is a diagonal matrix with values Ay, ..., A, on the diagonals.

In practice, the prior mean and covariance may have hyperparameters 6, which specify the prior
assumption of the functions drawn from the random process. For example, many kernels representing
the prior covariance include lengthscale as a hyperparameter, which govern how correlated the
function output is when a certain input dimension is further away. One method to find the optimal
kernel hyperparameters is by finding the hyperparameters which maximize the marginal log-likelihood
log p(D)|0) of the data D.
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In Bayesian optimization (BO), the goal is to find the maxima of the unknown function f, where the
function is assumed to be black-box with no analytical form. To do so, we can learn more about f by
querying it at different inputs, and perform Bayesian inference to update our belief on the unknown
function.

Given the measurements D; = (X;,y,) = {(x1,91),..., (2, y:)} in round ¢ of data selection, GP
regression can be performed to obtain a posterior mean i; and variance o2. The next input 2,1 to
query can be selected as the input which maximizes some acquisition function. Examples of such
acquisition function include the expected improvement [[11]]

EIt(Z‘) = Ey/NN(Ht—l(fC)y”%,l(l‘)) [maX(O, y/ — maxyeyt_l y)]
or the upper confidence bound [33]
UCBy () = p—1(x) + Bros—1()

where 5, > 0 is a constant that may vary with ¢. In all of these acquisition functions, a tradeoff is
performed between selecting inputs that the GP is uncertain about (i.e., with high o2 ; ()) to learn
more about those unknown region, and selecting inputs in regions where the function value is known
to be higher (i.e., with high p; 1 (2)).

C Additional Discussion on Problem Setting

C.1 Hyperparameters Considered

In Table[T, we list several hyperparameters which we include in the parallelism configuration (PC)
and the range of the values. Note that the hyperparameters are constrained to valid PC; for example,
we ensure that dp - tp - pp - cp = n_gpus to ensure that each dimension do not exceed number
of GPUs. In our experiments, this is done by generating all the feasible PCs before starting the
optimization. Some hyperparameters are also set to their default value when not in use; for example,
if pp = 1 (i.e., no PP used) then we restrict mb = mc = 1 such that PCs are not duplicated. In the
code, we generate all possible PCs beforehand so we can ensure that all PCs chosen will be valid
according to the constraints.

Table 1: Tunable hyperparameters in a parallelism configuration (PC).

Hyperparameter I Description I Feasible Values I Notes
DP size (dp) Data parallelism degree [1,n_gpus]
TP size (tp) Tensor parallelism degree [1,n_gpus] Requires dp - tp - pp - cp = n_gpus
PP size (pp) Pipeline parallelism degree [1,n_gpus]
CP size Context parallelism degree [1, n_gpus] Only NEMO and only for some experiments
SP size Sequence parallelism degree [1,n_gpus] Only NEMO and must be < tp
EP size Expert parallelism degree [1,n_gpus] Only NEMo and only for MoE
DP bucket size Size for gradient reduction buckets (MB) [1, 4096] Only COLOSSAL-AI
For COLOSSAL-AI must be < 2
ZeRO stage ZeRO stage used 0. 3] For NEMO, this controls FSDP sharding instead
ZeRO bucket size Bucket size for ZeRO communication [1, 4096]
Overlap ZeRO communication | Whether to overlap ZeRO communication True / False
Overlap DP AllGather ‘Whether to overlap AllGather True / False
# microbatches (mb) Number of microbatches per forward pass < batch size Only considered for COLOSSAL-AI
# model chunks (mc) Number of model chunks for pipelining < # transformer blocks
Overlap P2P for PP Overlap PP communication or not True / False
Grad. checkpointing ‘Whether gradient checkpointing is enabled True / False

C.2 Throughput vs. Time Per Training Step

We explain why we choose to maximize throughput instead of minimizing time per training step.

As an example, suppose we consider three PCs H, H', H"' where the times per training step are given
by T(H)=0.3,T(H') = 0.4, and T (H") = 0.5. In this case, H would be the best PC out of the
three. We see here the gap of the time per training step between H and H' is T(H') — T (H) = 0.1,
and the same gap size for H' and H"” of T(H") — T (H') = 0.1. Meanwhile, the gap between the
throughput of the two PCs would be R(H) — R(H') =T (H)™* = T(H')"! =3.3 -2.5=10.83
and R(H')—R(H")=T(H) ' —T(H')"! = 2.5—2 = 0.5. We can see that the gap between the
best PC becomes enhanced when we consider the throughput, when we compare it with the relative
gap size of the training step time.
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More concretely, if we have a PC which requires time ¢ per training step and another PC which
requires At less time per training step, then the throughput would be different by roughly (At) /2.
When ¢ becomes smaller, the change in throughput will also increase but at an increasing rate. This
therefore means that by modeling the throughput, the scores of the good PCs will be more clearly
separated.

Additionally, we also consider a maximizing the throughput since throughput would be bounded by
[0, rmax], rather than the time per training step which would be unbounded on one end, i.e., be in the
interval [tn, 00) which makes suboptimal PCs easier to handle. Also, we frame our problem as a
maximization in order to be consistent with Bayesian optimization works which typically considers a
maximization problem.

D Additional Discussion of Surrogate Models used by OPPA

D.1 Construction of R

In this section, we elaborate on the construction of 1/%, which eventually is used as the parallelism-

informed prior mean for the GP prior belief of the throughput. In summary, we design R to incorporate
the following characteristics.

* Parallelism coverage. We model DP/TP traffic via All-Reduce—style collectives and PP via
point-to-point transfers, using a placement-aware split of intra- and inter-node links. For
computation costs, we also explicitly consider the pipeline bubbles.

* Topology and protocol awareness. The communication term uses canonical ring/tree scaling
with hierarchical aggregation (node-local first, then cross-node), while collapsing ZERO
stages into a single All-Reduce operation at the bandwidth level (bytes over the wire are of
the same order) and letting stage-specific latency/overlap differences be absorbed by C (e.g.,
event counts, bucket sizes, communication overhead for each parallelism dimension, etc.).

* Hardware agnosticism via learning. Rather than hard-coding device/network constants,
we use a set of learnable parameters whose values are learned from the estimates of the

throughput. This keeps R generalized across NNs, data types, and hardware setup while
preserving the correct asymptotic trends for how each hyperparameters affect the overall
throughput.

To model the throughput, we will estimate the time per training step then compute its reciprocal. In
our approximation, we decompose the time per training step into the time required for the compu-
tation time (which includes the amount of tensor operations required and possibly any sequential
dependency in those operations) and the communication time (which is from any intra- and inter-node
communications).

To predict the computation time, we assume an idealized training scenario on infinitely many
processors such that DP and TP can be perfectly parallelized. Meanwhile, PP uses an interleaved
schedule which incurs additional computation time from the microbatches being run sequentially,
creating a pipeline bubble when the first microbatch is being fed through the pipeline [22]. This
additional computation time from PP, visualized in Fig.[I0] is roughly equal to

~ t -1
7zomp(H; tcomp) == . <mb + PP ) ©)
n_gpus mc

where mb is the number of microbatches used in PP (set to 1 when PP is not used), mc is the number
of model chunks for PP (also set to 1 when PP is not used), and tcomp = T + ¢3 is the total time to
perform the forward and backward passes.

To predict the communication time, inspired by the model visualized in Fig. [2, we assume that DP
and TP involve All-Reduce communications and PP P2P communications, where all these costs are
modeled separately. We use an extended («, 3, y) model discussed [38]], where the intra- and inter-
node communications are characterized by the latency qinga and cvneer, the per-byte bandwidth cost
Bintra and Sineer, the incast overhead iy, and Yiner, and the memory access overhead iy, and dipger-
We assume that the inter-node communication costs will be larger than their intra-node counterparts.
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Total time

Figure 10: Predicted computation time for PP where t; and t; are the time taken for the respective
forward and backward stages when pp = n_gpus = 4, mb = 4, and mc = 2.

For DP and TP, we assume that the Ring All-Reduce implementation is used where the cost to gather
and scatter data of size IV across D GPUs is given by

D -1
CAR(DaNaaaﬁa’%é):2(D_1)Q+TN(26+7+36)

For DP, we consider the gradient synchronization from the All-Reduce procedure. The data size per
GPU for DP All-Reduce, Ngj, is

M,
Ndp _ >\Z model
tp-pp
where M4l 1S @ learnable parameter representing the total size of the NN weights, and Az is
a tiny fudge for ZERO flavor while staying in AR-land, and it accounts for param-All-Gather +

grad-Reduce-Scatter volume equivalence with small overhead for ZERO-3.

Suppose Gpoge is the number of GPUs per node. The overall communication cost from DP ﬁomm,dp
would then depend on the configuration of the nodes.

* In a hierarchical (multi-node scenario with dp > Gjede) System, the cost is given by

~

7;0mm,dp (H; C) = C1AR(GYnodea Ndp7 Qintra, 5intra7 “Yintra, 5inlra)
+ C’AR( [dp/Gnode] ) Ndp/Gnodm Qinter Bintera “Yinter 5inter) . (6)

* In a flat inter-node (multi-node scenario with dp < Goqe), the cost is given by

~

%omm,dp(H; C) = CAR(dP; Ndpa Uinter, 6intera “Yinter 5inler)' (7)
* In a flat intra-node (single-node scenario), the cost is given by
ﬁomm,dp(H§ C) = C'AR(dp7 Ndpa intra, Bintraa “Yintra, 6inlra)~ ®)

Depending on the hardware used, the appropriate cost for the scenario can be selected.

For TP, we consider the cost from frequent activation communication (e.g., All-Reduce per layer). Let
M,e+p be a learnable parameter representing the characteristic data size for one such TP All-Reduce
operation. Let O/, be the learnable parameter representing the number of these operations per
microbatch. The total number of TP communication operations is Nep ops = Otp/mp - mb, and the cost
of a single TP All-Reduce operation is Cag (tp, M. acttp» Qefts Beff, Veffs defr) Where effective parameters
Qefr, Beft, Yeffs Oefr are chosen as intra-node or inter-node based on whether the tp group spans multiple
nodes (i.e., if Ny > 1 and tp > Gpoqe) or not. Then, the total TP communication cost is the number
of communication operations multiplied by the cost per communication operation, or

~

%omm,tp(H§ C) = th,ops : CAR(tpa Mact,tp7 Oeft, Beff Veff 6eff)~ 9

For PP, we consider the point-to-point (P2P) transfers of activations and gradients between pp pipeline
stages where the cost to transfer data of size IV is given by

szp(N,Oé,ﬁ) ZOL—FN'ﬂ. (10)
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Let M, pp be a learnable parameter representing the characteristic data size for one P2P transfer (e.g.,
the size of an activation tensor). The number of communication boundaries is pp — 1. Communication
occurs for each of mb microbatch, in both forward (activations) and backward (gradients) directions.
The total number of P2P communications is given by Npp transfers = 2 - max(pp — 1,0) - mb where a
single P2P transfer uses effective latency a.sr and effective per-unit-data cost gy i (derived from
base J parameters), chosen as intra-node or inter-node based on whether communicating stages are
on different nodes (approximated if Ny > 1). Given this, the overall cost of all communications
related to PP would be given by

ﬁomm,pp(H; C) = Npp,lransfers : CPZP(MaCl,p}H Qreff, ﬁpp,eff)~ (1 1)

Here, if pp = 1, then Tcomm,pp = 0.

When combining the communication costs for all three types of parallelism, considering in practice
large chunks of communication overlap with compute, we attach non-overlap factors « and obtain

~ ~ ~ ~

%omm(H§ C) = Kgp * %omm,dp(}h C) + Rtp * %omm,tp(H§ C) + Rpp * ’nomm,pp (H§ C) (12)

where C = {Mmodela Mact,tpa Mact,pp7 Otp/ mb s Xintra, ﬁintray “Yintra, 5intraa Qinter, ﬁinten “Yinter 5inter} are
learnable parameters related to the various costs as mentioned above which are to be inferred based
on the measured throughput. Given (5) and (12), we can construct the prior mean for throughput to be

ﬁ(H; {tcomp7 C}) = [ﬁomp(H§ tcomp) + ﬁomm(H§ C)} _1- (13)

D.2 Construction of M

We now briefly elaborate on the construction of M, and is eventually used as the parallelism-informed
prior mean for the GP prior belief of the maximum memory usage.

As discussed in the main paper, we only consider the GPU memory that is required to store the NN
weights, and those to store the gradients. For NN weights, its sharding can be done in the pipeline
itself or within the layers (i.e., by sharding the tensors which make up the NN weights), allowing us
to approximate the memory required for storing the NN weights per GPU to be inversely proportional
to pp - tp. Note that assuming the simplest DP implementation, the NN weights are duplicated and
stored on each DP dimension, and so the maximum memory usage is not affected by the DP. In
practice, we can also make the memory required in this case also inversely proportional to the DP
dimension size only in the case where ZERO-3 is used.

Meanwhile, assuming we have a fixed number of GPUs, the maximum memory required for storing
the gradients will roughly be proportional to how many model parameters a certain GPU has to
perform the forward and backward passes for (which is inversely proportional to tp - pp as before),
times how many training samples the GPU has to process at any one time (which is inversely
proportional to the number of microbatches).

Combining these two factors, can write the maximum memory usage as
M\(H; Or1) = min {m1 (pp-tp) "t +ma - (pp - tpar - mb) "' + mg, MO} (14)

where, m; captures the memory used for storing NN weights, and my captures the memory used
for storing the gradients, mg are any other additional memory overheads unaccounted for by our
model. Combined, 6 = {my, mo, m3} are learnable parameters that are to be inferred based on
the measured maximum memory usage. Note that since we cannot measure maximum memory usage
above values of M, we apply the min function to clip the GP prior beliefs.

D.3 Kernel for Modeling the Unknown Deviations
Given a PC H € Z%, we use the Matérn kernel [29] which is given by

21—1/ y
k(H,H') = o%kMatém_yy(H, H';0) = o%m(\ﬂu de(H, H’)) K, (\/ 2v dy(H, H’))
v
where I is the Gamma function, K, is the modified Bessel function, o, is the kernel scaling constant,

d(H,H') = (H—H) "L™%(H — i) (15)
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is the distance between two PC (in the vector representation) and L = diag(€) = diag([¢1---¢,]) is
the lengthscale for each of the input dimension.

Justification for kernel based on Euclidean distance. Note that in our setup, we use a kernel based
on the Euclidean distance despite a discrete search space. This is because we expect each value within
the PCs are typically correlated according to its order (e.g., throughput when dp = 1 will correlate
with when dp = 2, which then correlates with when dp = 4, etc.). In this regard, there exists some
correlation between PCs that have similar values under our embedding (even if the values are all
discrete), justifying our use of GPs.

We also observe this later in Table [§] which shows that the lengthscales learned by the GP are larger
in some values even without explicit treatment of the discrete values, suggesting existence of learned
interpolations by OPPA. Additionally, later in Fig. 20, we demonstrate that OPPA which uses a
Matérn kernel outperforms OPPA which instead uses a categorical based on the Hamming distance as
in [4]], which empirically further justifies our kernel choice.

D.4 GP Posterior Beliefs for Throughput and Maximum Memory Usage

Suppose we are in the ith round. We let H; = [H; - - - H;] be the list of PCs, ¥; = [F1,g, - - T34,

and a— = [031 o o2 } be the measured throughput and the corresponding variance, and m; =

[my ---m;] be the measured maximum memory usage values.

Given the data, we first find the optimal hyperaparameters 6 = {0z,0,,6;}. This is done by
maximizing the log marginal likelihood [29], or

6§ = arg max log p(r;, m;|H;, 6). (16)
9/
The GP posterior beliefs for the throughput and maximum memory usage of any PC H’ are then
given by normal distributions

N(pri(H'), 0% ;(H')) and N (pmi(H'),03%,:(H")) (17)

where the mean and variance for the throughput of any PC H’ can then be defined as
pri(H') = R(H;0r) + k(H', Hj; 0)) (k(H;, H; 0)) + diag(o2)) ' (7 — R(H;;0%)), (18)
o (H')=k(H' H';60;) — k(H' H;; 0;) (k(H;, H;; 05,) + diag(a%))_lk(Hi,H’; 0r), (19)

and the GP posterior mean and variance for the maximum memory usage of any PC H’ can then be
defined as

MM,i(H/)ZM\(Hi;eAA)-Fk(H',Hi;ek)( (H;,H;;05) + \I) (mz H“9M)) (20)
o3 i(H') = k(H', H';0) — k(H', Hi; 01,) (k(Hy, Hi; 03) + A1) k(Hy, H'; 0) 1)

where )\ is to make the matrix invertible.

E Additional Discussion of PC Selection Method in OrPPA

E.1 Constrained UCB Acquisition Function

The next PC H; € H to trial in round ¢ is selected to maximize the constrained upper confidence
bound (cUCB) acquisition function [33}137], which given by

CUCB;(H) £ Eryy oy g [ Xaio1 + Bi| X1 — E[Xmi—1]|] (22)

where 7 ;1 ~ N(NR,ifl(H%U%’i_l(H)) and Mgy ;1 ~ N(uMyi,l(H),an?i_l(H)) are
sampled from their respective GPs as writtenin and Xp ;1 = fri—1-(1—sigmoid(rip,;—1)).

Note that in the case that memory constraint is not violated (i.e., when sigmoid(g ;—1) ~ 0), the
objective in (22) can be reduced to the analytical UCB objectwe (i.e., cUCB,;(H) = pur,i—1(H) +

BzO"R,z 1 (H))
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E.2 Random Sampling For Additional Exploration

In OPPA, we sometimes select PCs at random for additional exploration. There are two scenarios
which triggers a random selection of PC in OPPA.

1. In the first few chosen PCs. This is because in the beginning there are no PCs which can
be used to infer the hyperparameters of the prior belief, therefore a few PCs are chosen at
random to kick-off the modeling process and provide a reasonably diverse set of samples for
inferring the hyperparameters well.

2. When too many out-of-memory errors have been encountered in a row. This is because any
out-of-memory trials will not result in a usable training data for the throughput modeling
and possibly minimal data for the maximum memory GP which does not aid the GP model.
When too many such cases are encountered, we attempt to do random exploration so that
the model can receive some information that can be used to model better with and find new
feasible PCs.

For the random selection process, we select a PC using a weighted random strategy, where we
first select a parallelism dimension configuration uniformly at random, then select the remaining
hyperparameters uniformly at random such that they are feasible within the selected parallelism
dimension configuration.

F Additional Discussion of PC Trialing Method

F.1 Throughput Estimation

Given the time ¢; 1, ...,%; 4 required for ¢ training steps, we can estimate the throughput and its
predicted variance as

1< 1 1 1 2
Fig=—-Y —, and o2 =—"0 " (— -7, . (23)
t Q( ) lij

q = tiy q—1) =

Note that ; , can be viewed as an unbiased estimator of the reciprocal of the time per training step
(i.e., E[7; o] = 1/T (H;) where T (H;) is the time per training step). Meanwhile, 2, , is the variance
of the estimator, which roughly scales inversely with the number of samples g.

F.2 Outlier Removal

As demonstrated in Fig. [3] not all training time measurements will be representative of the actual
throughput. We therefore perform two actions. First, we remove the first training step ¢; 1 since
it typically corresponds to a warm-up for the training and therefore will usually be an anomaly
measurement. Second, we compute the median and the inter-quartile range (/QR), and remove all
measurements which are away from the median by at least 2 x IQR. This is a standard method
for outlier removal in practice. However, we choose a looser threshold for outliers to account for
fluctuating measurements. This generally has little effect on the overall optimization since most
training steps tend to not fluctuate by too much anyway. This is demonstrated by Fig.[TT|which shows
that the predicted throughput would have little difference across the threshold of outlier removal,
showing robustness of our method to the outlier removal process. The remaining training points are
then used to compute (23).

F.3 Additional Discussion on Early Trial Termination Mechanism

In this section, we attempt to prove Thm. 4.1 To do so, we will consider a more general case
for an arbitrary unknown function f. We do so since the problem setting of sequential repeated
measurements is useful in many problem settings beyond optimizing the PC, such as in repeated
scientific experiments where we can decide on-the-fly whether the same experimental setup should
be repeated or not. We will first provide an intuitive justification for why early trial termination can
be applied, followed by a theoretical proof for Thm. [4.T]and ablation studies on synthetic functions.

21



—e— Training Step Time —e— Training Step Time
Mean time for £1.5 x IQR 0.714 Mean time for £1.5 x IQR
0.47 4 <=+ Mean time for £2.0 x IQR <=+ Mean time for £2.0 x IQR
0.70 4
G 046 O
Q Q 0.69 4
Q [
= el
7] 7]
o 0.45 1 o
£ £ 0.68
£ £
© [CHE TR [ T YR % 8 A ) N U N I ) Y AL A
5 0.44 4 =]
= = 0.671
2 1 2
g g
0.43
0.42 0.65
0.41 0.64 1
T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Training step Training step

Figure 11: Example of the outlier removal process based on the IQR on different random PC trials.
Here, we show the effect of the threshold selected vs. the mean of the measurements, demonstrating
the robustness with respect to the different thresholds.

F.3.1 Intuition Underlying Early Trial Termination Mechanism

Before stating the formal proof, we provide some intuition behind why the early trial termination
mechanism saves on resources while also not affecting the overall performance. In Fig.|12] we present
a toy example of a BO iteration where an input is repeatedly queried.

Here, we notice several things. We first see that for a certain input, more repetitions of the query will
result in a lower standard deviation for the measurement. This is simply from the fact that when we
take the mean of several 1.i.d. measurements, the mean will tend towards the actual value, and the
variance of the mean predictor will decay at a rate inversely proportional to the number of repeated
measurements. This is reflected in the plots where the measurement at = 2 has smaller and smaller
standard deviation as we have more repeats, and as we will show in Corollary E In these cases, we
see that some repeated queries are therefore necessary to reduce the noise of the measurements.

However, as we perform more repeats, there is a diminishing effect on how much more information is
gained from each additional repeats. In the diagram, we see that after 20 repeated measurements (as in
Fig.[12c), the posterior GP would barely change. Similarly, we see that at 20 repeated measurements,
we are able to somewhat conclude that the global optimum is less likely to be in the neighborhood of
x = 2, as reflected by the corresponding probability density function, and that this belief remains
when we continue up to 100 repeated measurements (as in Fig. [I2d). This shows the additional
repeated measurements are unlikely to improve the predictions by the GP and the confidence of the
optimum. We therefore can see that by stopping after 20 repeated measurements, we would have
been able to eventually make the same conclusion about the optimum in the end while saving on
resources that would have been incurred from additional repeated measurements.

Finally, we note that additional repeats are more beneficial to recovering the optimum value in the
case that it improves upon the best measurement so far. In Fig.[I3, we see that additional repeated
measurements at x = 2 eventually results in diminishing returns, as seen in the probability distribution
of the maximum value of f(x) being similar between using 20 repeats and 100 repeats. Meanwhile,
in Fig.[T4]where we instead repeatedly query the input z = 4.2, we continue to gain information about
the maximum value even when we use 100 repeats, as seen by the sharper probability distribution for
the belief of the maximum f (). We therefore can see that additional repeats are less informative if
they are for suboptimal inputs. We can therefore use this idea to form a metric to determine if a trial
should be terminated early.

F.3.2 Proof of Thm.

With this intuition, we will now formally prove the performance of the early trial termination
mechanism. For completeness, we first state the assumptions for the function and the measurements
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(a) 0 repeat (new input not queried yet) (b) After 1 repeat
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Figure 12: Demonstration of why early termination of certain trials does not affect final result.
Figs. [12a]to[I12d represent the modeled GP and the predicted optimum when a certain input, in this
case at & = argmax,, wu¢(x') + Bror(x’) = 2, is repeatedly queried for 0, 1, 20, and 100 times. For
each subfigure, the top diagram represents the modeled GP where the dashed green curve represents
the actual function, the solid blue line and error bands represent the GP mean and standard deviation
respectively, and the red points represent the predicted mean and standard deviation (the latter which
shrinks with more repeats). In the bottom diagram, we show the probability of each input being the
optimal (i.e., probability that = arg max,, f(z')), while highlighting the interval around the input
T =2
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(a) 0 repeat (new input not queried yet) (b) After 1 repeat
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Figure 13: Additional demonstration of why early termination of certain trials does not affect the
obtained optimal value. The setup is as done previously in Fig.[I2 with queries at 2 = 2. For each
subfigure, the left plot represents the modeled GP as shown previously in Fig.[T2] In the right diagram,
we show the probability density function for the belief of the maximum value max,, f(x) according
to the GP.

(a) After 20 repeats (b) After 100 repeats
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Figure 14: Additional demonstration of why early termination of certain trials does not affect the
obtained optimal value. The setup is similar to as done previously in Fig.[T2] however instead with
queries at = 4.2, and with only 20 repeats and 100 repeats shown (comparable to Figs.[I3c and[T3d).
The information in each subfigure is the same as in Fig.

which follow from other BO works [[12} 21} 33]] however with additional assumptions on repeated
measurements from the same input.

Assumption F.1. Let f ~ GP(0, k) be an unknown function whose RKHS norm ||f||% < B is
bounded. The BO algorithm is as noted in Algorithm 3] where in each BO iteration 7, an input ; € X
is selected, and §; < gmax noisy outputs y; ; = f(x;) + ; ; are returned, where &; ; ~ N(0, s?) are
i.i.d. noise.

Note that in this following proof, we consider any function f which has a bounded RKHS norm.
While this property also applies for the unknown throughput R, it will also be satisfied by other black-
box functions in general as well. Our theoretical results in this section will consider Algorithm [3.
Formally, we will analyze Algorithm [3 which does early trial termination on some of the rounds.
This is in contrast with Algorithm 2] which repeats each measurement g,y times regardless of input.

We first state a result regarding the mean estimator of f(z;).
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Algorithm 2 GP-UCB with Repeated Measurements

1: Do+ 0
2. fori=1,...,N do
3:  Fit GP on D;_; to obtain mean p;_; and variance 0?71
T < argmax, c y fi—1(x) + Bioi—1(z)
for j =1,...,qmax do
Sample measurement y; ;

Gmax

Yidman < q;alx j=1Yi,j
Di — Dl U {(mlﬁ gi;Qmax)}

® Nk

Algorithm 3 Modified GP-UCB with Repeated Measurements and Early Trial Termination

1: Dy 0
2: fori=1,...,N do
3:  Fit GP on D;_; to obtain mean p;_; and variance af_l
T; < argmax,e y pi—1(x) + Bioi—1(x)
for j =1,...,qmax do
Sample measurement y; ;

4
5
6
7: Gig < 37 25 1 iy
8.
9
0
1

D:l,j’ «~D; U {((E“ gi,j)}
if j > gmin and g; 4 < max;<i Yj,g; + Tq then
break // Early trial termination mechanism
D; + D,li’j/

10:

Corollary F.2. Suppose we define
I R
Uig =~ Vij- (24)
9=

Then, the expected value of the mean estimator §; o is E[g; 4] = f(x;), while the variance of the
mean estimator is given by V[j; ,] = s*/q.

Proof. The results are direct consequences of the summation of expected values and variances of
independent random variables, and the fact that V[y, ;] = s* by assumption. O

We will now prove the first half of Thm.[d.T. Given the results in Corollary [F.2] we next show that we
are able to obtain a GP with good predictive bounds even if some trials are terminated early, i.e., not
run for up to gmax repeats.

Lemma F.3. Suppose we let

pi(w) = k(w, X;) (k(Xi, X;) + Q) Ty, (25)
o2 (x) = k(z,x) — k(z, X;) (k(Xi, Xi) + 52°Q7 1)~ k(Xi, 7) (26)
where X; = 1+ 23], ¥, = [U1,6, - - - Ui, )» and Q; = diag([¢y - - - ¢i))- If

det (k(X;, X;) + S2Q;1)1/2

Bi =B+ ,|2log 27
5 det (s2Q; )"
then, with probability greater than 1 — ¢, forall x € X and alli = 1,..., N, we have
[f(2) = pima(2)] < Bioioa (). (28)

Proof. Given the variance of the mean predictor from Corollary our scenario can be thought of
as having 4 function measurements with heteroscedastic noise with variances of s/, ..., s?/g;.

The variance bounds then follow directly from Lemma 7 in [12] where we substitute >; — sQQi_ !
and A — 1.
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Corollary F.4. Given Lemmafor all ' € X, we have f(x') — pi—1(x;) < Bioi—1(x;).

Proof. We see that

@) = pica (i) < pioa (@) 4 Bioioa (2') — piza1 () by Lemmal[F.3} (29)
< pi1(xy) + Bioi—1 (i) — pi—1(x;) by how z; is chosen, (30)

= Bioi—1(w;). (31)

O]

We now show the cumulative regret of the problem. Let

| o2, ()
I x|l == I 14+ == 32
[yx;fx] 2 E og( + 26 ) (32)
zieX
and
= Tyx:f 33
%= o X Ty X Ex] (33)

be the maximum possible information gain across ¢ rounds. We then prove the following result.
Theorem E.5. Let o* = arg max,c v f(x). With probability at least 1 — §,

(34)

Proof. This result is similar to previous results for UCB-based methods, e.g., Theorem 3 in [33]] or
Corollary 9 in [12].

With probability at least 1 — §, Lemma|F.3 holds. We see that

N N
Z (fla*) = f(a:)) = Z (f(@") = pica (@) + (pioa (@) = () (35)
=1 =1 Corollary [F.4] Lemma [E23]
N
<Y 2Bioia(wi). (36)
i=1
Since
N N 22
2 A 5% 07y ()
; o7y (i) < ; Py (37)
2 N 2 )
< log (1 + I (fc Z)> (38)
Gmin i—1 S /Qi
2
we can rewrite as
N
> (@) = fla) < by Cauchy-Schwartz,  (40)
=1

since §; < B, (41)

by (39). (42)
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Remark F.6 (The regret bound in Thm. [F.3]is lower when ¢y, increases). We investigate the upper
bound in (#2) further to see its dependence on gpin.

For simplicity, we will let K = k(X, Xy ). First, we see that

log det (K + s’Qy') = logdet s?Qy" + logdet (I + s >QyK) (43)
< log det s2Q;,1 + log det (I + s*2qmaxK) , (44)

which means that

1\ 1/2
det (K + 52Qy"
Bn = B+ |2log ( in 1)/2 (45)
§det (s2Qy")
1
=B+ \/2 log 5 + log det (K + sQQZ_Vl) — log det s2Qy" (46)
1
<B+ \/2 log 5 + log det (I + s™2gmaxK). 47
Furthermore, we see that
1 0—12—1(:1";‘)
= max LSl <1 4 T > (48)
X=[z],....zy]CX 2 1;{ 82/(12‘
1 0'2—1(95/'))
< max - log 1+ 2"+, (49)
X=[z},...,zlJcx 2 Z & ( SQ/Qmax

z,eX

Therefore we see that both 3 and -y are upper bounded by terms which are independent of gy,
and so the constants in the upper bound provided in Thm.|[F5]do not hide any additional dependencies
with respect to gmin. This shows that the upper bound of cumulative regret from decays at a rate

of 1/ /Gmin-

We will now prove the second half of Thm. .T| We first prove the following result.

Lemma F.7. Define c; = /210g(2N qmax/6). With probability at least 1 — 6, foralli =1,..., N
andallq=1,..., qnax, we have

|Gi.g — f(z5)| < N (50)

Proof. From Corollary we know that the §; , is normally distributed with mean f(x;) and
standard deviation s/, /q. By Chernoff bounds, foreachi = 1,..., N andeach ¢ = 1,. .., gmax, We
would have 3; ; — f(x;) > c15/./q, and f(x;) — y;,q > c15/,/q where either event happens with
probability no greater than § N/2¢m.x. This means that with probability no greater than 6 /N ¢max,
we have |y; , — f(x;)| > ci1s/\/q. Therefore, by union bound, we have for all i = 1,..., N
and each ¢ = 1, ..., ¢max, we would have |; , — f(2;)| < c15/,/q with probability greater than
1- (6/NQmax)(NQmax) =1-9. O

Theorem F.8. Define

1 1
Tq2018< — +\/§> . D

Then, with probability at least 1 — 0, for alli < N, if we have f(x;) < max;<; f(x;), then §; < gmax.

Proof. With probability at least 1 — ¢, Lemma|E.7 applies.

To prove the statement above, we show its contrapositive. Suppose we have §; = gmax, or that the trial
for x; does not terminate early. This implies that ; , > max;; Yja; +7q for all ¢ = gmin, - - - » Gmax-
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For any ¢ in this range, we would then have
C18

f(@i) > Yig— — (52)
( ) q \/a
_ C18
>max Yo + 7, — — 53
= mas Yja; T Ta NG (53)
C18 C18
>max f(z;) — —+717,— — (54)
J<i ( ]) 4/ dmin I \/5
= max f(z;). (55)
1<t
This proves the contrapositive which in turn proves the original statement. O

Finally, Thms. [F.5 and [E.8 can be combined with appropriate union bounds to achieve a more formal
version of Thm. [4.1]

F.3.3 Ablation Studies on Toy Examples

In Fig. |15} we provide a brief empirical demonstration of efficiency gains due to early trial termination.
We see that when the noise variance is too high, querying the function once per input would give
measurements which are too noisy to give good information. Meanwhile, by repeating each query a
maximum number of times, we can obtain a good estimate of the actual function and allow the BO
algorithm to arrive at the optimal using few queries. However, it can be observed that when early
trial termination is allowed, we can still arrive at the optimal input as before, while not requiring all
queries to be repeated the maximum number of times. This shows that early trial termination allows
for efficiency gains while minimally sacrificing on the actual optimization process.

(a) Branin (s = 1) (b) Hartmann (s = 0.5)
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Figure 15: Results of BO with early trial termination (with g, = 1) on different synthetic functions
where each query has different noise levels. For each case, we show the best queried objective value
(left plot), and the cumulative number of total repeated queries made with each BO iteration (right

plot).

In practice, since it is difficult to determine yn, By, s, and ¢; exactly, we instead fix 8; and 7, to
some constant. In OPPA, we choose 8; = 1 and 7, = 10~3. We find that these values work well for
our methods. Furthermore, in our proofs we do not consider the constrained BO setting. Despite this,
the early trial termination can still be used in practice to achieve good results which we show in the
experiments.

G Pseudocode and Hyperparameter Choices of OPPA

We present the pseudocode for OPPA in Algorithm 4]

In practice, we find that fixed hyperparameter values (i.e., setting 5; = 1, 7, = 1073, and gmin = 5
in all iterations as done in our main experiments) give consistent results in most cases since the
parameters are generally robust to different choices of hyperparameter values anyway. In our
experiments, we only use a higher ¢n;, value for MoE training (where we use gmi, = 10) to
counteract the higher fluctuation in training load between each training step.

In our experiments, the value of gmax are set in accordance to Table 2 depending on the benchmark;
however in practice can be set as large as the practitioner wants depending on how accurately they
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would like to measure the actual throughput of the PC. As plotted in Fig.|16] we find that after a certain
point, a larger number of repeats will typically not have large effects on the measured throughput of a
PC, showing that OPPA is quite robust to different choices of gp,x. For OPPA, larger gpax is more
tolerable since the early trial termination mechanism will not exhaust such budget anyway.

We also consider removing outliers which are beyond two times the IQR from the mean; this is be
more lenient towards fluctuating training effects, however can also be set to 1.5 times the IQR as
typically done as well with little consequences, as described in App.[F.2!

Algorithm 4 OPTIMIZER FOR PARALLELISM CONFIGURATIONS (OPPA)
1: Generate all valid PCs H
2: 1+ 1
3: while time budget not exhausted do

4:  if i < Niandom then

5: Select H; randomly

6: else

7 /I Step @ — Modeling throughput and memory usage

8: Construct piz ;—1 and 0723’1-71 according to 1@| and l| respectively

9: Construct j1a4,—1 and 03\4,1'71 according to || and li respectively

10: /1 Step (2) — Selecting the next PC to trial

11 H; + arg max cUCB;(H) where cUCB;_ is defined in
HEH\{H1,....Hi_1}

12: // Step (3) — Trialing selected PC
13: forg=1,...,qmax do

14: Measure training step time as #; ;

15: Compute 7; 4 and U%m according to

16: if I; ; = 0 then

17: break /I Early trial termination condition from

18:  Measure maximum memory usage as m;

19:  §; < q to track the number of training steps run in round %
20 i<4—i+1

21: return H;» where i* = argmax; . (;m, < Mo)A(Gi=gme) Ti:di
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Figure 16: Effect of number of training steps repeatedly measured on the predicted throughput. The
solid blue line represents the measured time per training step for an NN training trial. The solid
orange line represents the average training time (i.e., reciprocal of throughput) predicted up to that
certain training step.
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H Additional Details on Experimental Setup

H.1 Training and Hardware Configurations

We list the models used in our experiments in Table 2, along with the allotted time budget for the
optimization, and how many repeated measurements are allowed for each trial (gmax). All models
used are based on the transformer architecture. All of the LLLMs have architectures based on the
specified model, which are loaded from Huggingface. For the ViT case, we use a custom Vision
Transformer with 24 hidden layers, 16 attention heads, hidden size of 1024, and intermediate layer
hidden size of 4096. For the MoE case, we use a Mixture-of-Experts model with 16 hidden layers, 32
attention heads, 32 experts, hidden size of 1024, and intermediate layer hidden size of 1024.

Table 2: Details of models used in our experiments and the corresponding training scenario.

Case Model Batch size  Max. seq. length | Time budget gmax | # Rep. exps.

BERT BERT Base Uncased (110M params) 256 256 20 mins 50 10
Qwen2-1.5b Qwen-2 (1.5B params) 64 1024 20 mins 30 10
Llama3-1b Llama 3 (1B params) 64 1024 60 mins 20 5
Llama2-7b Llama 2 (7B params) 256 1024 60 mins 30 5
Qwen3-32b Qwen-3 (32B params) 256 8192 80 mins 30 5

ViT Custom ViT 256 N/A 30 mins 30 5

MoE Custom MoE 64 1024 60 mins 30 5

In Table[3, we list the hardware setups used in our experiments. Here, we see that the experiments
are conducted on multiple setups with varying number of nodes, GPU model, and communication
bandwidth. The hardware setups used are based on the resources available to the authors. All of the
NN training is done on either COLOSSAL-AI or on NEMO which we specify in each of the results.

Table 3: Different hardware setups used in the experiments.

Config. Name GPU Model (Memory) GPUs per Node #Node  Multi-Node Characteristic
8 GPUs NVIDIA RTX A5000 (24GB) 8 1 -
16 GPUs NVIDIA RTX 3080 (10GB) 8 2 Docker Overlay Network
32 GPUs NVIDIA A100 (40GB) 4 8 High-Performance Compute
128 GPUs NVIDIA GH200 (96GB) 4 32 High-Performance Compute

In all of our plots, we plot the median of whichever reported value with a solid line, and also the
lower and upper quartiles with an error band around the solid line across some number of repeated
experiments. We report the quantiles instead of the standard deviation since we find that the values
are often asymmetrically skewed, and therefore opted to show the quartile values to more accurately
represent the distribution of these values. The number of repeated experiments conducted for each
scenario is based on how expensive the full optimization would take (with the more expensive
scenarios being repeated for a fewer number of times).

In every run of the experiment, the best PC is the one that has the best measured throughput so far
and whose trial has been run for gn.x steps. In other words, any PC whose trial terminated early will
not be considered when we report the best measured throughput so far.

H.2 Other Methods Run for Comparison
We list the other methods that we have run along with their implementation details here:

* RANDOM. This involves randomly selecting a PC from H to trial in each round until the
time budget is exhausted.

* XGB0oOST [3]]. This method is used by DEEPSPEED [28]] to configure the PC and adapted
to work with the hyperparameters in our PC. The method involves training an XGB0OOST
surrogate model based on the measured throughput so far, then selecting the PC with the
highest prediction from the surrogate according to the XGBOOST surrogate model to trial
next. Like in the implementation from [28]], the XGBOOST surrogate model does not model
the throughput directly, but the relative rankings of the throughput value. This is repeated
until time budget is exhausted.
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* R&M-HAT. This involves performing curve-fitting directly on R and M as written in dﬁb
and (I4) respectively. The data used to fit are based on randomly selected PCs, which are
trialed to obtain the throughput and maximum memory usage. We continue to select and
trial PCs until the time budget is exhausted. We then find the optimal hyperparameters 6z

and 6, for R and M respectively by performing curve-fitting with MSE loss, then use the
fitted functions to perform a one-shot selection of the best PC.

* VANILLA-BO. This performs BO whose GP has a constant mean and a Matérn kernel
with v = 5/2. The cUCB acquisition function is used for PC selection. The BO loop is
implemented using BOTORCH [[1]].

* OPPA. This is the method proposed in Sec. @ which involves modifying BO to include
parallelism-informed GP prior beliefs and early trial termination being used when trialing
the PCs. The hyperparameters for this method are set as stated in App.[G.

We note that the methods we compare with are those which rely on measurements from short training
trials, as opposed to the class of methods which only rely on constructing an approximation of the
training throughput without directly observing any training trials. This is because the methods which
only rely on constructing an approximation of the training throughput generally require different
input data compared to OPPA, and tend to also operate on a different representation of PC, making
them difficult to compare with OPPA. Nonetheless, we provide some comparisons with selected
methods of such nature, namely, AMP [[15] and NNSCALER [19] in Fig. E}

I Additional Results

I.1 Plots of Best Measured Throughput vs. Other Quantities

In Fig. we plot the best measured throughput vs. the number of training trials that have been run
for experiments corresponding to Figs. [ and [8 We see that in this view, OPPA still outperforms
other methods. While the margin may be smaller in some instances, we see that OPPA is able to
achieve the good results more consistently as seen by the error bands when compared to some of the
other methods. This also demonstrates that the prior beliefs used in OPPA alone would have helped
in achieving a better performance regardless of the early trial termination mechanism in OPPA.

In Fig. we plot the best measured throughput vs. the number of training steps run in the training
trials, where the difference in efficiency of OPPA becomes more pronounced. From Figs.[T7]and [T8]
observe that OPPA is both more time- and query-efficient, which is useful when the overhead to run
one trial is large, such as when the framework is adapted to run on a cluster with a job scheduler.

.2 Optimal PCs recovered by OPPA

In Tables [ and [5, we show the optimal PCs that were found by OPPA for different parallel NN
training scenarios on the COLOSSAL-AI and NEMO frameworks, respectively. Note that the optimal
PCs chosen match quite well with intuitive choices of PC optimization, such as prioritizing DP
for smaller NNs and prioritizing TP or PP for larger NNs. Additionally, we also find that some
choices made by OPPA may not match exactly with the intuition of PC optimization, such as when
communication overlap is necessary or whether the DP bucket size affects overall throughput. We
see that because NN training is not always done on the same hardware, intuitive choices of PC
may not always give the maximum throughput, and so should instead be optimized based on actual
measurements as well to obtain the most accurate information.

L3 Generality of OPPA in Catering to Various Parallel Neural Network Training
Frameworks

Another advantage of adaptively selecting real NN training trials to run can be seen when we change
the parallel training framework used to train the NN. In Fig.[T9, we run similar experiments as in
Fig. [, however instead performing training on NEMo [13]. In these experiments, we consider
additional hyperparameters within our PC, such as the size of the sequence parallelism dimension.
We see that compared to Fig. @] the obtained maximum throughput are different because the training
processes are implemented differently across the two frameworks, and the fact that the tunable
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Figure 17: Graphs of best (estimated) measured throughput (higher is better) achieved by each
method (i.e., plotted as medians across (a,b) 10 and (c,d,e) 5 repeated experiments with error bands
showing lower and upper quartiles) vs. the number of PCs it has trialed for parallel NN training on
(a,b) single- and (c,d,e) multi-node setups using COLOSSAL-AI framework [[17]. These results are
from the same experiments as in Figs. [ and[8. Note that for the experiments on 32 GPUs, we are
unable to run the optimization beyond the allotted time due to resource constraints and therefore are
only able to plot some methods for a fewer number of trialed PCs.

Table 4: Example of optimal PCs selected by OPPA in different parallel NN training scenarios when
training on COLOSSAL-AI framework. The listed PCs are based on the found optimal PCs across
multiple repeated experiments. A range of value shows that a certain hyperparameter shows a spread
across multiple trials (i.e., no strong preference towards one value), while a dash shows that the
parallelism dimension associated with that hyperparameter is not used. Note that these may not be the
best PCs for the parallel NN training scenarios, but are instead only examples of what are recovered
by OPPA.

Hyperparameter ‘ BERT, 8 GPUs Qwen2-1.5b,8 GPUs ViT,8 GPUs Llama3-1b, 16 GPUs Llama2-7b, 32 GPUs
YPerp: (Fig.ra) (Fig.[4b) (Fig.p1) (Fig.[8a) (Fig.[8b)
DP size (dp) 8 4 8 1 2
TP size (tp) 1 1 1 1 1
PP size (pp) 1 2 1 16 16
DP bucket size 1-64 1-4096 1-64 - 1 -4096
ZeRO stage 0 1 0 1
ZeRO bucket size 1-64 64 — 4096
Overlap ZeRO communication True/False False
Overlap DP AllGather True/False - False
# microbatches (mb) 8 64 32
# model chunks (mc) 1-2 1 1
Overlap P2P for PP - True/False - False True/False
Grad. checkpointing False False True False False

hyperparameters in the PC are also different. Regardless, we see that even though most methods can
eventually recover the optimal PC, OPPA is still able to do so more rapidly and, more importantly,
much more consistently. The latter fact can be seen in the error bands of the other methods, which are
much larger than that of OPPA. This shows that OPPA does not overfit to any one specific parallel NN
training framework, but instead can simultaneously cater to various parallel NN training frameworks.
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Figure 18: Graphs of best (estimated) measured throughput (higher is better) achieved by each
method (i.e., plotted as medians across (a,b) 10 and (c,d,e) 5 repeated experiments with error bands
showing lower and upper quartiles) vs. total number of training steps being run by the method for
parallel NN training on (a,b) single- and (c,d,e) multi-node setups using COLOSSAL-AI framework
[17]. These results are from the same experiments as in Figs. Hand@}

Table 5: Example of optimal PCs selected by OPPA in different parallel NN training scenarios when
training on NEMO framework. The interpretation is as in Table
BERT, 8 GPUs Quen2-1.5b,8 GPUs MoE, 8 GPUs Quen3-32b, 128 GPUs

Hyperparameter (Fig. (Fig. @ (Fig. @ (Fig.
DP size (dp) 8 4 8 16-32
TP size (tp) 1 1 1 4
PP size (pp) 1 2 1 1-2
SP size 1 1 1 1-4
EP size - - 2 -
CP size - - - 1
DP bucket size 1-064 1 —4096 1 —4096 1-4096
ZeRO stage 0 0 0 0
Overlap ZeRO communication - - - -
Overlap DP AllGather False False True True
# model chunks (mc) - 1 - -4
Overlap P2P for PP - -/True/False - True/False
Grad. checkpointing False False False False

1.4 PC Optimization for Other NN Architectures

In Fig. g, we presented the results for PC optimization for ViT model [6]. We see that the results
here show that OPPA is able to select more optimal PCs compared to the other methods, consistent
with other results in the paper.

Additionally, in Fig.[22, we present the results for PC optimization for transformer-based Mixture-
of-Experts (MoE) model [30], which allows for expert parallelism (EP) to be utilized in addition
to the existing DP, TP and PP. In our experiments, we consider parallel training of a model with
16 transformer units, 32 attention heads, and 32 experts. Each trial can be run for up to ¢yax = 50
training steps, and in OPPA, we set ¢min = 10 to account for higher variation in training step
times. In the results, we again see that OPPA consistently outperforms the other competing methods.
Specifically, even if OPPA may eventually lead to similar results to vanilla BO at the end of the
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Figure 19: Graphs of best (estimated) measured throughput (higher is better) achieved by each method
vs. its incurred time for parallel NN training on a single-node setup using the NEMO framework [13]].
Both cases train the NN with identical architectures as the experiments in the respective Figs. 4a]
and @], and are run on a single node.

optimization process, OPPA is able to do so more consistently (lower variance across the repeated
experiments), and is able to arrive at the optimal PC much more rapidly and efficiently. These results
further demonstrate that OPPA can also generalize to other NN architectures as well.

LI.5 Predicted Throughput and Memory by Parallelism-Informed GP Prior Beliefs

In Figs. 23 to[25] we compare the predicted throughput from different surrogate models with the
measured throughput across different parallel NN training scenarios. We see that in this case, the
parallelism-informed GP prior beliefs allow the throughput to be predicted adequately well, but more
importantly, allow for the PC which achieves the highest throughput to also be identified correctly.
We find that for BO, surrogate models only need to model the good PCs well in order to select a
good PC in the end. Meanwhile, when not using the parallelism-informed prior beliefs, the resulting
posterior beliefs learn the patterns much less efficiently or do not learn them at all. This correlates
well with the results in the main text where vanilla BO selects a worse PC compared to OPPA. This
is similar to the XGBOOST surrogate model which are unable to correctly learn the ranking of the

PCs. Meanwhile, R alone is only able to learn the general trend of the throughput, but is unable
to capture all of the effects of hyperparameters within the PC, especially those which cannot be

explicitly modeled by R.

In Fig.[26] we compare the modeled maximum memory with the actual measured value. We present
both the actual predicted value and the binary classification results in the form of a confusion matrix.
Here, we see a similar trend as before, where using a parallelism-informed prior belief is able to
distinguish between PCs which will cause an out-of-memory error and those that will not. Meanwhile,
using the GP alone without the parallelism-informed prior belief does not provide enough information
for the maximum memory usage to be efficiently learned, while using M alone is unable to capture
all of the effects of hyperparameters within the PC.

To additionally demonstrate the interpretability of using a GP as the surrogate model, in Table[6] we
show the results for the lengthscales of the Matérn kernel (as given in (I5)) which maximizes the
log-likelihood. We see that PC hyperparameters that have larger effects on the resulting throughput or
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Figure 20: Graphs of best (estimated) measured throughput (higher is better) achieved by OPPA
vs. its incurred time when changing from the Matérn kernel to the categorical kernel [4]. Both cases
train the NN with identical architectures as the experiments in the respective Figs.[da and [4b] (with the
results for the Matérn kernel being exactly the same as in those figures), and are run on a single node.

(a) vs. time spent (b) vs. PCs trialed (c) vs. training steps
T T 1.8 T 1.8
) ) L
T T 1.6 T 1.6
R & R
i % 1.4 % 1.4
[ () [}
o o o
1.2 T 1.2 T T
10 20 0 500 1000
Time (mins) No. trialed PCs Training steps
—-= Random XGBoost ~ ---- R&M-Hat —-== Vanilla-BO —— OPPA

Figure 21: Results for optimizing the PC for training ViT model [6] on the COLOSSAL-AI training
framework.

are less well-modeled by our parallelism-informed prior belief will typically correspond to the shorter
lengthscales. For example, for the training of BERT, we see that the lengthscales corresponding to the
TP dimension size and the number of microbatches (for PP) have shorter lengthscales. This matches
our intuition where the throughput would be more sensitive to the change in TP or PP dimension
sizes.

1.6 Effects of Prior Misspecification

To investigate the robustness of OPPA against a misspecified prior belief, we perform experiments
to see how OPPA behaves as our parallelism-informed prior belief becomes increasingly inaccurate.
To do so, we add perturbation terms (whose magnitude is about 25% and 50% that of the maximum

throughput obtained) into R and M. We present the best measured throughput across 5 repeated
experiments in Table [7. We see that even when R and M are adversarially perturbed, we are still
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Figure 22: Results for optimizing the PC for training Mixture-of-Experts [30] on the NEMO training
framework.
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Figure 23: Comparison of modeled throughput vs. the actual throughput for training of BERT model
on 8 GPUs and using COLOSSAL-AI framework after 20 NN training trials. Each untrialed PC
for OPPA and VANILLA-BO is associated with error bars showing twice the GP posterior standard
deviation.

able to obtain good performances even if the convergence is slightly slower. This suggests that even
in this extreme case, the GP is able to correct for the inaccuracies in the parallelism-informed prior
belief anyway.

In practice, prior misspecification is typically due to the parallelism-informed prior belief not being
sufficiently complex to match the actual parallel NN training dynamics arising from incomplete or
inaccurate domain knowledge about the actual system, rather than due to an adversarial construction

of the cost function. This is the case for our choice of R and M where there is a discrepancy between
the predicted throughput and maximum memory usage and the actual measurements, as demonstrated
in Fig.[6b! Under practical scenarios, we therefore would not expect the results to be as extreme as
what we have seen here, and that a GP should be able to effectively model the throughputs anyway.

I.7 Additional Results for Ablation Studies of Efficiency Tricks in OPPA

In Fig. 27, we demonstrate how early trial termination and parallelism-informed GP prior beliefs
affect the best measured throughput. First, we see that the parallelism-informed prior beliefs does
not harm the performance, and in fact shows clear benefit as seen in the Qwen2-1.5b scenario,
which is due to the increased complexity in the training setup which benefit from additional domain
knowledge being exploited by OPPA. Meanwhile, with early trial termination, it can be observed that
the performance is consistently better in terms of time and number of training steps needed, while not
sacrificing the performances when considering the number of PCs that are trialed to achieve a certain
performance.
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Figure 24: Comparison of modeled throughput vs. the actual throughput for training of Qwen2-1.5b
model on 8 GPUs and using COLOSSAL-AI framework after 20 NN training trials. Each untrialed PC
for OPPA and VANILLA-BO is associated with error bars showing twice the GP posterior standard
deviation.
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Figure 25: Comparison of modeled throughput vs. the actual throughput for training of L1ama-2
model on 32 GPUs and using COLOSSAL-AI framework for, in order, OPPA after 20 NN training
trials, VANILLA-BO after 10 NN training trials and XGBOOST after 10 NN training trials. Each
untrialed PC for OPPA and VANILLA-BO is associated with error bars showing twice the GP posterior
standard deviation. Note that among the three methods, only OPPA ran for up to 20 trials given the
time constraint.

L.8 Effect of gyin on OPPA’s Performance

In Fig. 28] we see how the choice of gy affects the best measured throughput. For the BERT case, it
can be observed that early trial termination clearly improves the time required for optimization, as
seen where when ¢min = gmax, the obtained PC is the worst. For a smaller gy, it can be observed that
there is less difference in the best measured throughput, which is due to there still being sufficient
trails to measure the throughput accurately. At smaller values of gy, it is also likely that the required
time to trial a PC is dominated by the setup phase (i.e., starting the program script and loading the
models) rather than the time for the training itself. However, when the number of training steps for
the optimization is plotted, it can be observed that a smaller g, will require fewer training steps to
arrive at the same optimal PC. However, the performance worsens when g, is excessively small,
likely since the value obtained is too noisy to give good information. For the Qwen2-1.5b case,
similar trends can be seen where reducing g, is able to reduce the time and the number of training
steps required to find the optimal PC up to a certain point.

J Limitations and Broader Impacts

While there are many other factors of parallel NN training that we can optimize, we have mainly
considered hyperparameters commonly found in existing parallel NN training frameworks that are
usually manually tuned by practitioners. We believe that OPPA can also be extended to optimize
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Figure 26: Comparison of modeled maximum memory usage vs. the actual maximum memory usage
for training of Qwen2-1.5b model on 8 GPUs and on COLOSSAL-AI framework after 20 PCs trialed.
In each row, the left hand graph shows the predicted vs. the actual value (with the predictive standard
deviation omitted for clarity), while the right hand table is the confusion matrix when using the
surrogate to classify between PCs which result in out-of-memory errors and those which do not.

in other more sophisticated PC search spaces that may arise in practice as well. In a wider picture,
our work allows the training of NN to be done more efficiently since it reduces the amount of time
required to perform some number of training steps when training NNs on multiple GPUs. While this
may allow faster development of NNs for both good and bad use cases, we still believe our work
provides a net positive impact since the higher efficiency in NN training would reduce the required
GPU compute time, directly making the training process more resource efficient.
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Table 6: Example of the log lengthscales learned by the kernel of the GP for the throughput. The
bolded value are to highlight hyperparameters with particularly shorter lengthscales.

\ Hyperparameter | BERT, 8 GPUs  Qwen2-1.5b, 8 GPUs |

DP size (dp) 1.877 5.233
TP size (tp) -1.071 6.024

PP size (pp) 2.293 —1.849
DP bucket size 3.484 5.994
ZeRO stage 0.434 5.279
ZeRO bucket size 3.402 6.516
Overlap ZeRO communication 3.949 7.581
Overlap DP AllGather 3.822 7.589

# microbatches (mb) —1.322 —-1.741
# model chunks (mc) —0.293 0.124
Overlap P2P for PP 3.854 6.974
Grad. checkpointing —0.334 6.586

Table 7: Effect of perturbing the parallelism-informed prior belief on the resulting optimization
process. The values reported are the median throughput obtained for the PC found after certain
number of minutes of running OPPA with the perturbed prior belief.

Percent perturbation magnitude | 10 mins. of search 20 mins. of search
0 (original prior) 0.425 0.446
About 25 0.424 0.447
About 50 0.415 0.447

(a) BERT (Qmax = 50)

N
o
1
N
0
A
N
[
1

Best R(H) (s71)
N
S

Best R(H) (s1)
N
~

Best R(H) (s71)
N
S

2.0 2.0 T 2.0 T T
0 10 20 0 500 1000
Time (mins) No. trialed PCs Training steps
(b) Qwen2-1.5b (gmax = 30)
T"\ 0.44 4 HT‘ 0.44 A T"\ 0.44 4
2 N 2
T T T
R 53 3
% 0.40 A % 0.40 4 % 0.40 A
[} [} [
[an] [a] o
0 5 10 15 0 500
Time (mins) No. trialed PCs Training steps
----- Vanilla-BO —-= BO + Early Term. —== BO + Prior Belief = —— OPPA

Figure 27: Effects of different efficiency tricks in OPPA on the optimal PC found. We present the
measured throughput vs., from left to right, the time the method has been run for, the number of
unique PCs trialed, and the number of training steps that have been run across all of the trials.
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Figure 28: Effect of gui, on the optimal PC found. In each row, we present the results in a certain
training setup, where we present the measured throughput vs., from left to right, the time the method
has been run for, the number of unique PCs trialed, and the number of training steps that has been run
across all of the trials.
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