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Abstract

Training of large neural networks (NNs) is often done in parallel on multiple1

GPUs. While existing parallel training frameworks easily allow NN training2

using multi-dimensional parallelism, the challenge remains in finding the optimal3

hyperparameters, such as the best balance between the sizes of various parallelism4

dimensions, which would result in the highest training throughput. Due to the5

large number of possible parallelism configurations (PCs) for a given training6

scenario, an exhaustive search over them is prohibitively costly. Existing PC7

optimization methods either require running training trials on a large number of8

PCs, each of which is costly, or rely on an approximate cost model which may be9

inaccurate and hardware-specific. To overcome these issues, this paper presents10

OPPA that can boost the efficiency of Bayesian optimization for optimizing the11

PC by novelly exploiting (a) the domain knowledge of parallel NN training via12

parallelism-informed prior beliefs that are general in catering to a variety of NN13

training scenarios, and (b) early termination of trials involving suboptimal PCs.14

Despite incorporating these nontrivial efficiency tricks, OPPA is still theoretically15

guaranteed to achieve sublinear regret. We empirically show that OPPA finds16

optimal PCs more efficiently than existing methods for parallel training of NNs17

with varying architectures, training frameworks, and multi-GPU hardware setups.18

1 Introduction19

Modern advances in deep learning have arisen from the ability to scale neural networks (NNs) to20

larger sizes. In natural language processing, for example, transformer models [5, 35], large language21

models (LLMs) [23, 34], and multimodal LLMs [20, 24], which comprise millions to billions of22

parameters, have shown tremendous success in tasks such as text classification, text generation, and23

language understanding. These large NNs often cannot be trained on standard machines with a single24

processor. To scale up, it is necessary to distribute the NN training workload across a cluster of25

machines and parallelize the training process. Different parallelism techniques for NN training have26

been proposed, such as that of data [26, 43], pipeline [10, 22], tensor [31], and their combinations27

which are also referred to as multi-dimensional parallelism [17, 28, 31].28

To fully utilize the given hardware for reducing the time of NN training, one can maximize its29

throughput, i.e., average number of training steps being run per unit time. The training throughput30

depends on the selected parallelism configuration (PC), which, in large-scale parallel training31

frameworks [13, 17, 28, 31], is specified by several hyperparameters such as the sizes of various32

parallelism dimensions. In practice, it is challenging to accurately determine how the choice of PC33

affects the training throughput since such a complex relationship depends on the NN architecture,34

training data, compute and communications hardware, and the exact implementation of the parallel35

training framework. Existing works that approximate (and optimize) the training throughput of a PC36
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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.

[15, 41, 44] require strong assumptions on the hardware and parallel training implementation, and37

may not capture all the complex intricacies of parallel training. So, it may not be reliable to rely on38

any of these works alone to recover the actual optimal PC directly.39

In practice, the most reliable method to consider all possible factors and their interactions during40

parallel training is to run real training trials with each PC on the real hardware. Unfortunately,41

due to the large number of possible PCs, an exhaustive search over them is prohibitively costly. To42

circumvent this, existing parallel training frameworks have selected a subset of candidate PCs to trial43

using simplistic optimization algorithms, but cannot utilize measured throughputs nor prior domain44

knowledge, hence inefficiently needing excessive trials to find the optimal PC (Sec. 2).45

To efficiently search for the PC with the highest throughput, it is desirable to be able to adaptively46

select potentially good PCs for trialing and filter out poor candidates using information from trialed47

PCs. Given these considerations, black-box optimization methods such as Bayesian optimization48

(BO) (Sec. 2) would be well-suited for the task. However, a naive use of vanilla BO is still inefficient49

as it does not exploit the inherent characteristics of PC trialing nor that of the parallel training process.50

This paper presents the OPTIMIZER FOR PARALLELISM CONFIGURATIONS (OPPA) that can adap-51

tively and rapidly optimize the PC for efficient parallel NN training. OPPA (Fig. 1) boosts the52

efficiency of BO by novelly exploiting early termination of trials involving suboptimal PCs and53

parallelism-informed prior beliefs that are general in catering to a variety of NN training scenarios.54

Despite incorporating these nontrivial efficiency tricks, OPPA is still theoretically guaranteed to55

achieve sublinear regret. In Sec. 3, we first formulate the problem of finding the optimal PC as one of56

black-box optimization with black-box constraints. Then, we develop surrogate models representing57

parallelism-informed prior beliefs (based on domain knowledge of parallel NN training) that are58

general in catering to a variety of hardware setups and training frameworks (Sec. 4.1) and used by59

BO to select promising PCs for trialing (Sec. 4.2). We also describe the process of trialing a PC and60

propose a novel technique to early terminate trials involving suboptimal PCs with both theoretical61

and empirical justifications (Sec. 4.3). In Sec. 5, we empirically show that OPPA can be easily used62

on top of existing parallel training frameworks to find a good PC for training NNs more efficiently63

than existing methods and vanilla BO without modifications.64

2 Background and Related Works65

Parallel NN training on GPUs. A large NN can be effectively trained by distributing its workload66

across multiple GPUs. Different parallelism dimensions split the workload differently, which affects67

the amounts of computation per GPU, memory required in each GPU, and communication between68

GPUs. The most basic parallelism technique is data parallelism (DP) [16] where a batch of training69

data is split and distributed to each device to be separately processed by its local NN replica before70

gathering the gradients from all devices to update the NN weights. While DP is simple, it requires71

replicating the NN onto each device, thus incurring additional memory. To resolve this, techniques,72
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such as the Zero Redundancy Optimizer (ZERO) [26] in the DEEPSPEED package or Fully-Sharded73

Data Parallel (FSDP) [43], have been proposed to perform some sharding of NN weights or gradients74

to avoid full NN replication. Furthermore, tensor parallelism (TP) [2, 31] and pipeline parallelism75

(PP) [10, 22] have been proposed to shard the tensors in the NN and the NN execution pipelines onto76

multiple devices, respectively. The specific implementations of DP, TP, and PP, such as which tensors77

(e.g., NN weights, gradients) are sharded or how many shards they are partitioned into, are often78

manually specified by the user to control the overall throughput. App. A discusses DP, TP, and PP79

more. Besides, other types of parallelism (e.g., sequence [18], expert [27]) have also been developed.80

Multi-dimensional parallelism. Several frameworks [17, 28, 31] have also been developed to81

combine different types of parallelism into the same training process. These frameworks provide82

simple interfaces for users to specify the desired parallelism configuration (PC) that comprises83

hyperparameters controlling the execution of the parallel training process, a subset of which specifies84

the sizes of various parallelism dimensions. These frameworks then automatically handle tensor85

sharding and execute the parallel training pipeline as per the specified PC. These frameworks may86

also manage training on multi-node or even heterogeneous hardware. While these frameworks allow87

practitioners to easily execute parallel NN training, finding the PC with the highest throughput is88

challenging since it depends non-trivially on the NN architecture, training data, GPU specifications,89

communication bandwidth between GPUs, and the exact implementation of the parallel training90

framework [17, 19, 36]. For example, DP is ineffective for large NNs since excessive NN replications91

can cause out-of-memory errors. Also, PP is less effective on smaller NNs as the communication92

costs between pipeline stages may dominate the computation of the fragmented pipeline.93

Optimizing PC. The most accurate way to find the optimal PC would be to trial all possible PCs on94

the actual training hardware and determine which one yields the highest training throughput. However,95

this is prohibitively costly since there can be a large number of possible PCs and trialing each PC can96

be computationally costly. To circumvent this, frameworks such as NEMO [13] and DEEPSPEED97

[28] have implemented methods for automatic PC tuning1 based on running NN training trials for98

a few training steps on a number of PCs. The PCs trialed are often either selected non-adaptively99

(e.g., based on random selection) or adaptively based on a simple surrogate function. However,100

these methods cannot efficiently use the measured throughputs of trialed PCs to perform informed101

optimization, and therefore still require a large number of training trials to obtain a good PC.102

Since training trials are costly, we can consider constructing a surrogate model to approximate the103

computation and communication costs for different PCs [15, 41, 44]. This would allow us to use104

domain knowledge to filter out suboptimal PCs and run fewer or even no trials at all. These methods,105

however, have implicitly assumed that the surrogate model correctly predicts the actual training106

throughputs. This is not possible in practice since the surrogate model cannot capture all the complex107

intricacies of parallel training. Furthermore, a fixed surrogate model cannot be easily extended108

to include new hyperparameters into the PC, which is important especially with the ever-growing109

parallel training literature.110

Overview of BO. To efficiently search for the PC with the highest throughput, we utilize BO111

[7, 8]. BO aims to maximize an expensive-to-query black-box function R (representing the training112

throughput over the space of all possible PCs) whose derivative is unknown. The black-box function113

R is modeled by a Gaussian process (GP) prior belief specified by its prior mean and covariance114

[29]. Given the measured throughputs of trialed PCs, we can obtain a predictive distribution of the115

throughputs (of untrialed PCs) in the form of a GP posterior belief specified by its posterior mean116

and covariance. Then, the BO algorithm selects a PC for trialing that maximizes a given acquisition117

function (e.g., expected improvement [11], upper confidence bound [33]) based on the GP posterior118

belief. Such an acquisition function trades off between exploring unique PCs that have not been119

queried to predict R better vs. exploiting PCs likely to have high values of R so as to efficiently find120

the optimal PC. App. B gives a more technical overview of GP modeling and BO.121

BO is used in a wide range of black-box optimization problems, such as experimental design [14, 25]122

and material design [42]. More relevant to our work here, BO is also commonly used to optimize123

the NN architecture to achieve the best performance in a given task [32]. Finding the optimal PC,124

however, differs in two aspects: (a) The hyperparameters in a PC affecting the training throughput125

have better-defined mechanics (even if not completely known), which can be partially described126

1https://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.

based on domain knowledge. Modeling via a GP allows us to incorporate this knowledge through127

an informed choice of the GP prior belief, which can reduce the number of trials required. (b)128

Trialing a PC allows for repeated measurements of the time taken per training step, which are used to129

calculate the throughput. Running many training steps is costly and may be unnecessary, so an early130

termination of trials can be adaptively applied to reduce the number of training steps needed to be131

run. We will elaborate more in the sections to follow.132

3 Problem Setting133

A parallelism configuration (PC) comprises several tunable hyperparameters found in typical parallel134

training frameworks and a subset of them determines the sizes of various parallelism dimensions, as135

visualized in Fig. 2. In our work here, we will mainly consider 3D parallelism where dp, tp, and136

pp denote the sizes of the data, tensor, and pipeline parallelism dimensions, respectively; note that137

their product dp · tp · pp equals the number n_gpus of available GPUs. Also, as demonstrated in our138

experiments (Sec. 5), other types of parallelism can be included in the PC as well. The remaining139

hyperparameters determine the specific implementations of the parallel training framework, including140

(but not limited to) hyperparameters in the ZERO optimizer, the number of model chunks for PP,141

whether communication overlaps are used, and whether gradient checkpointing is used. App. C.1142

lists all of the hyperparameters considered in the PC for our problem, including additional parallelism143

dimensions that we consider in the experiments.144

Figure 3: Time taken for each
training step for a few training tri-
als with various PCs. Each color
represents a different PC used,
and the dashed line represents the
throughput estimate for that PC.
Note the fluctuations in the time
taken for each training step.

Let H be the set of all possible PCs. The goal of our problem145

is to find the optimal PC H→ → H with the highest training146

throughput (i.e., largest average number of training steps being147

run per unit time) and its maximum memory usage not exceeding148

M0 (i.e., fitting on the given GPUs). For any PC H → H, let149

R(H) and M(H) be the throughput and the maximum memory150

usage, respectively. Then, our problem of finding the optimal PC151

H→ → H can be formulated as one of constrained maximization:152

maxH↑H R(H) subject to M(H) ↑ M0 .

When querying a PC H , we run a short training trial (instead153

of training the NN till convergence) to obtain sufficiently accu-154

rate estimates of the throughput and maximum memory usage.155

To estimate the throughput of H , we measure the time taken156

t1, t2, . . . , tqmax for qmax consecutive training steps and use them157

to estimate the throughput: R(H) ↓ r̄qmax ↭ q↓1
max

∑
qmax
j=1 t

↓1
j

. As158

shown in Fig. 3, the time taken for each training step fluctuates159

due to factors like additional overheads during process initial-160

ization, fluctuating communication speeds, and unpredictable system behaviors occurring during161

training. So, it is more reliable to estimate the throughput by averaging the time taken over multiple162

(rather than a few) training steps. While we can run the full trial with qmax training steps, we can also163

terminate the trial early after fewer than qmax steps at the cost of a higher variance of the estimator r̄q .164

When designing our method, we note two other characteristics of the PC optimization problem:165
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A Since R and M depend on many factors that may be difficult to model or be known exactly, in166

practice, their exact forms are only partially known given the domain knowledge. Therefore,167

desirable surrogate models for R and M should be able to consider how the actual measure-168

ments may deviate from the domain knowledge. Additionally, the surrogate models should169

also be able to quantify its confidence of any prediction it makes.170

B Though a PC can be (and should be) trialed on real hardware, running a full trial incurs a high171

cost. This is especially true with suboptimal PCs since the same number of training steps on a172

suboptimal PC would incur more time. This motivates us to design an optimization algorithm173

such that promising PCs are prioritized for trialing while PCs which are likely to be suboptimal174

are not trialed or are only trialed for a shorter duration.175

4 Method176

Algorithm 1 OPPA (shortened version of Algorithm 4)
1: Generate H of all valid PCs
2: for i = 1, 2, . . . do
3: // Step 1↔ – Modeling R and M (Sec. 4.1)
4: Obtain GP predictive/posterior beliefs of R and M

(22) from parallelism-informed GP prior beliefs using
measurements of trialed PCs

5: // Step 2↔ – Selecting the next PC to trial (Sec. 4.2)
6: Select Hi → H with cUCB criterion (27)
7: // Step 3↔ – Trialing the selected PC (Sec. 4.3)
8: for training steps q = 1, . . . , qmax do
9: Measure training step time ti,q

10: if Ii,q = 0 then terminate trial // From (3)
11: if budget exhausted then break
12: return Hi with the best measured throughput

In this section, we describe OPPA, which ex-177

ploits parallelism-informed GP prior beliefs and178

early trial termination to boost the performance179

of BO in optimizing the PC for parallel train-180

ing. As summarized in Algorithm 1, OPPA alter-181

nates between 3 steps: 1↔ modeling the training182

throughput and maximum memory usage based183

on measurements via parallelism-informed GP184

prior beliefs, 2↔ selecting the next PC to trial185

via BO, and 3↔ running an NN training trial186

(and early terminating it if suboptimal) to obtain187

measurements for the throughput and maximum188

memory usage for the selected PC.189

4.1 Constructing Surrogate Models190

In Step 1↔, we construct surrogate models to predict the throughput and the maximum memory usage.191

As suggested in A , to explicitly capture the deviations from the domain knowledge, we decompose192

the actual throughput R and maximum memory usage M into193

R(H) = R̂(H; ωR) + fR(H) and M(H) = M̂(H; ωM) + fM(H) (1)

where the functions R̂ and M̂ (with hyperparameters ωR and ωM) capture the domain knowledge of194

parallel NN training, and fR and fM capture the unknown deviations from the domain knowledge.195

Domain knowledge. The functions R̂ and M̂ aim to, respectively, predict R and M using only the196

domain knowledge of parallel NN training. Hence, they are not expected to give completely accurate197

predictions but instead capture general trends in any given NN training scenario; any factors not198

accounted for would be captured in the unknown deviation terms anyway, to be described below.199

In practice, OPPA allows the predictions of R̂ and M̂ to be improved by incorporating additional200

domain knowledge from practitioners with more expertise in parallel NN training. Consequently, this201

would enable OPPA to more rapidly find the optimal PC.202

For OPPA, we provide default choices of R̂ and M̂ by considering parallel NN training under203

idealized conditions: For R̂, we consider the time taken per training step for the computation204

T̂comp and for the communication T̂comm, which can be combined to approximate the throughput as205

R̂(H; ωR) =
[
T̂comp(H; tc) + T̂comm(H;C)

]↓1 where ωR = {tcomp,C} are learned hyperparameters.206

For T̂comp, we consider the additional computation time arising from the pipeline bubble in PP [22].207

For T̂comm, inspired by [38], we consider an idealized training scenario visualized in Fig. 2, which208

assumes the NN to contain roughly identical blocks, and considers the communication from the209

All-Reduce operations involved in DP and TP, and point-to-point communications involved in PP.210

We separately model the intra- and inter-node connections, collapsing the constants for specific211

communication types into C; further details are in App. D.1. For M̂, we consider the memory212

required per GPU to store the NN parameters and gradient values for backpropagation, as detailed in213

App. D.2.214
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The reason for our choices of R̂ and M̂ is that they are general in catering to NN training scenarios215

with varying model, hardware, and network configurations, while exhibiting a simple analytical form216

whose forward pass is cheap. We also use learnable parameters (as opposed to fixed constants) to217

capture approximate cost multipliers which depend on the model and training data sizes, and intra-218

and inter-node network communications, each of which vary across different training scenarios. The219

design choice allows the prior beliefs to capture the general trends of the throughput and maximum220

memory usage well enough especially when combined with the learned unknown deviation, while221

not incurring too much additional computational costs during the PC optimization process.222

Unknown deviations from domain knowledge. Due to incomplete domain knowledge to fully223

describe a parallel training process, we learn the deviations fR and fM of the actual measurements224

from the domain knowledge using real training trials by modeling them as Gaussian processes (GPs).225

The benefit of using a GP is twofold. First, a GP is typically flexible enough to model unknown226

functions that may not have an analytical form. Second, a GP can quantify its uncertainty, which227

allows the surrogate model to determine how much it knows about the throughput of a certain PC.228

This allows OPPA to potentially trial PCs whose throughput it is more uncertain about.229

To model fR and fM, we use a GP with zero mean such that the resulting GPs will be “centered”230

around the prior means. For their prior covariances, we concatenate each hyperparameter value231

in H , then scale each dimension to be between 0 and 1 to form an embedding e(H). Given the232

embedding, we then use the Matern kernel [29] with ε = 5/2 where the distance between two PCs233

is the Euclidean distance of their corresponding embeddings with kernel hyperparameters ωk. In234

App. D.3, we provide the equation for the Matern kernel, and describe the informativeness of the235

distance between embeddings in distinguishing between PCs as reflected by the empirical results.236

The additive decomposition of the domain knowledge and the unknown deviation in (1) implies that237

R and M are samples from parallelism-informed prior beliefs, given by the GPs238

R ↗ GP
(
R̂(· ; ωR), k(·, · ; ωk)

)
and M ↗ GP

(
M̂(· ; ωM), k(·, · ; ωk)

)
. (2)

Using measurements of trialed PCs, we find the optimal hyperparameters {ωR, ωM, ωk} by maximiz-239

ing the marginal log-likelihood [29] and the subsequent GP posterior beliefs for the throughput and240

the memory usage for any PC H → H, which would be normal distributions with their respective241

mean and variance functions, as stated in App. D.4.242

4.2 Selecting the Next PC to Trial243

In Step 2↔, the next PC to trial is chosen based on the surrogate models constructed in 1↔ using BO.244

The next PC Hi → H to trial in round i is chosen to be the PC which maximizes the constrained245

upper confidence bound (cUCB) [33, 37], which we detail further in App. E.1. The cUCB criterion246

considers a balance between exploration of PCs which have not been trialed, and exploitation of PCs247

which are similar to those with already high throughputs [8, 11]. With this balance, OPPA is able to248

trial enough PCs to construct reasonable surrogate models for R and M, while still being able to249

trial enough promising PC candidates to find one with the maximum training throughput. This allows250

the optimization to be more guided and more efficient, satisfying the requirement in B .251

4.3 Trialing the Next PC, while Terminating Suboptimal Trials Earlier252

Finally, in Step 3↔, we run a training trial on the PC Hi chosen in Step 2↔ for qmax training steps,253

and measure the time taken for each training step as ti,1, . . . , ti,qmax . We then use these measurements254

to obtain an estimate of the throughput r̄i,qmax where r̄i,q = q↓1
∑

q

j=1 t
↓1
i,j

and whose variance ϑ2
r̄i,q

255

we detail in App. F.1. In practice, as demonstrated earlier in Fig. 3, the actual measured time for a256

sequence of training steps may contain outliers which can skew the throughput estimates. As we257

discuss in App. F.2, to make our estimate more accurate, we remove outlier values of ti,j before258

computing the throughput estimate. Meanwhile, the maximum memory usage mi across all training259

steps is retrieved by calling torch.cuda.max_memory_allocated().260

Early trial termination. In practice, some PCs do not need to be trialed for the full qmax steps since261

fewer training steps are sufficient to determine that the PC is suboptimal. This is because r̄i,q is an262

estimator for the throughput R(Hi) whose variance ϑ2
r̄i,q

decreases as q gets larger. Intuitively, this263

means that after a certain number of steps, r̄i,q will estimate R(Hi) with low enough variance that264

we can determine that it would not improve upon the best PC found so far.265
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To save time on these trials, we consider early trial termination where the training trial only continues266

if the estimated throughput is above some threshold. Formally, define an indicator variable267

Ii,q =
[
(q ↑ qmin) ↘

(
r̄i,q ≃ maxl↑{1,...,i↓1} r̄l,q̂l + ϖq

)]
. (3)

In words, Ii,q = 1 when fewer than qmin training steps have been ran, or when the estimated268

throughput of Hi is likely to be higher than the throughputs found so far. We can continue the qth269

training step as long as Ii,q↓1 = 1, and terminate the training trial at the step q̂i when Ii,q̂i = 0, which270

is when Hi is unlikely to improve the best PC found so far. As we intuitively describe in App. F.3.1,271

this also corresponds to when more training steps are unlikely to provide additional information about272

the optimal PC or optimal throughput. This saves computation time in practice while still allowing273

the BO algorithm to recover the optimal PC, as formalized below:274

Theorem 4.1 (Informally stated in terms of R). Consider a simplified case where M(H) ↑ M0 for275

all H → H. Let N be the number of PCs trialed so far. Then, there exists some choice of {ϖq}qmax
q=1276

such that, with high probability, the cumulative regret is
∑

N

i=1 (R(H→)⇐R(Hi)) = Õ
(√

N/qmin
)
,277

and for all i = 2, . . . , N , if R(Hi) < maxk↑{1,...,i↓1} R(Hk), then q̂i < qmax .278

In App. F.3.2, we prove a more general version of Thm. 4.1 (where R can instead be any function279

with a bounded RKHS norm), and provide empirical verification for early termination. Note that280

while Thm. 4.1 assumes M(H) ↑ M0 for all H → H, the throughput cannot be measured when281

M(H) > M0 anyway (since the run would encounter an out-of-memory error), and so can be282

omitted in the theoretical analysis for convenience. Thm. 4.1 shows that sublinear regret can be283

achieved even with early termination, which means that OPPA will be able to recover the PC with284

the best throughput while allowing efficiency gains in practice. Furthermore, it also shows that PCs285

whose throughput is smaller than those of PCs already trialed will likely have their trials terminated286

early, allowing OPPA to save resources from trialing suboptimal PCs as mentioned in B . We present287

the complete pseudocode for OPPA incorporating steps 1↔, 2↔, and 3↔ in App. G.288

5 Experiments and Discussion289

In this section, we present the results for OPPA when used to find the optimal PC for training NNs on290

multi-GPU systems. We consider optimizing the PC for training NNs with different architectures and291

sizes, on various hardware configurations with varying number of GPUs, and on different parallel292

training frameworks. Detailed setups for the training scenarios are found in App. H.1.293

We compare OPPA against RANDOM (random selection), XGBOOST (adaptive selection based294

on XGBOOST surrogate model [3] as used by DEEPSPEED [28]), COST-MODEL (method which295

solely relies on the cost model of the throughput), and VANILLA-BO (BO without any additional296

modifications). App. H.2 provides detailed descriptions of these methods.297

In each case, we plot the best obtained throughput (in training steps per second) vs. how long the298

optimization has been run rather than vs. the number of PCs that have been trialed. We do so since299

how long the optimization has been run is a better reflection of the costs involved in optimizing the300

PC, as it captures both the time required to run the optimization algorithm and the time to run the301

training trials. The latter also includes the time to initialize the NN training, to run the training steps,302

and to switch the training to a different PC, and will also be higher if the algorithm trials more PCs or303

trials suboptimal PCs. Nonetheless, plots for the achieved throughput vs. the number of trials run are304

in App. I.1. The model loss are independent of the chosen PC and thus are not reported.305

Training on single-node setups. We first consider NN training on a single node. Fig. 4a shows the306

results for finding the optimal PC for training the BERT model [5]. We see that OPPA, which exploits307

a parallelism-informed prior and early termination mechanism, is able to outperform the non-adaptive308

and adaptive methods, and even outperforms vanilla BO. We find that OPPA automatically prioritizes309

PCs with only DP which matches our intuition that DP should be adequate for smaller NNs. Fig. 4b310

considers the Qwen model [39] where OPPA again finds a better PC compared to the other methods.311

Due to a larger model, OPPA now prefers a mix of DP and PP to reduce memory use while incurring312

minimal additional inter-GPU communications. We present the PCs selected by OPPA in App. I.2.313

To visualize the efficiency gains of OPPA, in Fig. 5a, we see that OPPA is able to trial many more PCs314

in a given time period when compared to other methods due to the early termination of suboptimal315

trials to avoid wasting time. While OPPA will perform more switching between PCs to trial, the cost316
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(a) BERT, 8 GPUs (b) Qwen2-1.5b, 8 GPUs

Figure 4: The best obtained throughput
(higher is better) vs. the duration each
method has been run for, when training on
a system with a single node on COLOSSAL-
AI [17]. For each method, the line shows
the median of repeated trials, while the er-
ror band shows the quartiles.

(a) Trialed PCs (b) On Real Training
{Performance 
gains of OPPA 
over the next 
best baseline 
during the actual 
NN training

Figure 5: Efficiency of OPPA. The plots show statis-
tics for the experiments in Fig. 4a. Fig. 5a shows
the no. of PCs trialed by each method during its run.
Fig. 5b shows the no. of training steps that can be
run by each method during optimization (the shaded
gray region on the left) and during subsequent NN
training using the optimized PC (unshaded region on
the right). The legend is the same as in Fig. 4.

(a) OPPA (10 trials) (b) OPPA (20 trials) (c) Cost Model (d) GP

Figure 6: Predicted throughputs from different surrogate models vs. the measured throughputs for the
Qwen2-1.5b example (Fig. 4b). Figs. 6a and 6b show the predictions from OPPA after 10 and 20
trials respectively, with error bars for the predictive variance. Fig. 6c shows the predictions from the
cost model alone, while Fig. 6d shows the predictions from using a GP alone (both after 20 trials).

incurred by this switching is less than the time saved by not running all training trials in full, allowing317

OPPA to trial more PCs overall. Along with the parallelism-informed GP prior beliefs to efficiently318

filter out suboptimal PCs, OPPA returns a PC with a higher throughput, which in turn allows more319

training steps to be run in the subsequent training even after just 20 minutes of PC optimization, as320

shown in Fig. 5b. This demonstrates the necessity of OPPA to achieve faster parallel training.321

Flexibility across different parallel training frameworks and NN architectures. In App. I.3, we322

run similar experiments as that in Fig. 4, except that we perform training on the NEMO framework323

[13] where we additionally optimize for the size of the sequence parallelism dimension [18] in324

the PC. Meanwhile, in App. I.4, we compared OPPA with other methods in optimizing the PC for325

Vision Transformers and Mixture of Experts (MoE). Optimizing PC for MoE training is particularly326

interesting since the PC now includes the size of expert parallelism dimension [27]. In all of these327

scenarios, OPPA outperforms the other baselines. This demonstrates that the surrogate models used328

by OPPA will not overfit to a specific training scenario, but instead can cater to a wide variety of329

training frameworks, various NN architectures, and even unseen hyperparameters in a PC.330

Accuracy of surrogate models. Figs. 6a and 6b compare the throughput predicted by OPPA with the331

actual measured throughput. We see that even after 10 trials, the predictions made by our surrogate332

models already correlate well with the measured throughput. As we progress, the prediction becomes333

more accurate, especially among PCs with high throughput where more trials are being run, which334

allows OPPA to better identify the optimal PCs. In contrast, a cost model alone (Fig. 6c) can capture335

general trends of R(H) but not all complex intricacies of the throughput, while a GP alone (Fig. 6d) is336

unable to learn meaningful interpolations for R(H). The shortcomings of these two surrogate models337

create a mismatch between the predicted optimal PC and the actual optimal PC. We further discuss338

the quality of the surrogate models for the throughput and maximum memory usage in App. I.5.339
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Figure 7: Effects of
early termination and
parallelism-informed
GP prior beliefs on the
ability of OPPA to opti-
mize the throughput for
Qwen2-1.5b training.

(a) Llama3-1b, 16 GPUs (b) Llama2-7b, 32 GPUs (c) Qwen3-32b, 128 GPUs

Figure 8: The best obtained throughput vs. the duration each method
has been run for, when training NNs on multiple nodes. Figs. 8a and 8b
was ran on COLOSSAL-AI [17], while Fig. 8c was ran on NEMO [13]
with sizes of sequence and context parallelism dimensions also being
tuned. The legend is the same as in Fig. 4. Some methods were not ran
for results in Figs. 8b and 8c due to the available computational budget.

Effects of each component in OPPA. In Fig. 7, we performed ablation studies to isolate the effects340

from each proposed component in OPPA. We see that without early termination, BO would spend341

more time on suboptimal trials, resulting in a slower search process. Similarly, without the GP prior342

beliefs, we would be less informed about PCs which may be optimal, requiring more time to find343

the optimal PC. Additional results are presented in App. I.7. We also show the effects of qmin on the344

performance of OPPA in App. I.8, demonstrating minimal degradation for small qmin.345

Training on multi-node setups. In addition to training on single-node setups, we also tested OPPA346

on optimizing the PC on multi-node setups. In these cases, the additional communication costs makes347

the throughput computation less straightforward, while larger number of feasible PCs complicates348

the optimization problem. In Fig. 8a, we show the results for optimizing the PC for training a smaller349

model [9] with 1 billion parameters on a commodity cluster with 16 GPUs, which is a typical setup350

found by practitioners with existing hardware in practice. Meanwhile, Figs. 8b and 8c are the results351

for optimizing the PC to train larger models [34, 40] on high-performance computing clusters with 32352

and 128 GPUs, respectively. In all of these cases, OPPA outperforms other baselines, and also does353

so more consistently (i.e., smaller variance in the resulting throughput), demonstrating its robustness.354

This trend is observed across different scales of hardware setup, and even across training frameworks355

or when including new parallelism dimensions in the PC (e.g., the experiment for Fig. 8c which356

includes six types of parallelism). We also see that vanilla BO outperforms other non-BO methods357

due to its ability to balance exploration and exploitation, however remaining worse than OPPA.358

Figure 9: Obtained R from OPPA
compared to those from cost model-
based methods for Llama2-7b
training with 32 GPUs. The results
reported for BO and OPPA are the
same from Fig. 8b.

In Fig. 9, we also demonstrate that OPPA is additionally able to359

outperform cost model-based methods such as AMP [15] and360

NNSCALER [19]. This shows the superiority of adaptive meth-361

ods which can effectively incorporate the measured throughput362

from actual training trials as opposed to solely using cost mod-363

els, and the non-trivial components exploited by OPPA that364

allow for this boost in performance.365

6 Conclusion366

We have presented OPPA, which improves upon constrained367

Bayesian optimization by exploiting parallelism-informed GP368

prior beliefs and an early termination mechanism to efficiently369

optimize the parallelism configuration and achieve the highest370

training throughput across a variety of NN architectures, training frameworks, and hardware setups.371

As demonstrated, OPPA can also be easily adapted to optimize other unseen hyperparameters in a PC372

as well. We believe the parallelism-informed GP prior beliefs can be embedded with more domain373

knowledge of specific parallel training frameworks or knowledge of specific NN architectures, which374

would boost the performance of OPPA further.375
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A Additional Discussion on Parallelism Types590

Data parallelism. The most basic type of training parallelism is data parallelism (DP) [16] where a591

batch of training data is split into shards and distributed among each device. These shards are then fed592

into the local replicas of the models, before the parameter updates from each device are synchronized.593

While simple and often the fastest, the naive DP approach requires replicating the model on each594

device, which takes up additional storage on each node. Several methods have since been proposed to595

perform DP with sharded models, including the Zero Redundancy Optimizer (ZERO) introduced by596

[26] in the DEEPSPEED package, and Fully-Sharded Data Parallel (FSDP) introduced by [43]. While597

these frameworks allow for efficient DP implementations, their effectiveness can still heavily depend598

on the choice of hyperparameters. For example, ZERO involves three different stages of optimization599

which chooses whether the optimizer states, the model gradients or the model parameters are sharded600

between each GPU. The choice of sharded items affect the amount of data that has to be stored in601

each GPU and communicated across GPUs which in turn affects the throughput of the training and602

the memory usage in each GPU.603

Tensor parallelism. Another method for scaling operation is tensor parallelism (TP) where individual604

tensors are sharded across multiple devices, so that the matrix multiplication operations are instead605

done in a distributed manner, allowing these operations to scale to larger sizes than otherwise that606

would fit on a single GPU. TP initially involved splitting a tensor along a single dimension [31],607

however has since also incorporated sharding tensors across multiple dimensions as well [2].608

Pipeline parallelism. In pipeline parallelism (PP) [10, 22] we instead partition the model along609

its execution pipeline with each model partition running synchronously with microbatches of data.610

The gradients are accumulated for each microbatch and updated at the end of each training step. By611

sharding the model and training data into smaller chunks, the GPU memory required at any one time612

becomes lower, allowing for the training of larger models at the cost of more sequential operation613

rounds and higher cost of communication between each GPU. The tradeoff between training speed614

and maximum memory usage can be further controlled based on the size of microbatches and the615

number of model chunks.616

B Technical Primer on Gaussian Processes and Bayesian Optimization617

In this section, we provide a technical overview of Gaussian process (GP) regression and on Bayesian618

optimization (BO). The contents are adapted from [7, 29].619

A Gaussian process (GP) GP(µprior, k) with prior mean µprior and covariance k is a random process620

where for any subset of input X, its corresponding output is given by a normal distribution f(X) ↗621

N
(
µprior(X), k(X,X)

)
. The prior mean µprior(x) describes the expected value of the random function622

f(x) at a certain input, while the prior covariance k(x, x↔) roughly captures that between f(x) and623

f(x↔).624

Suppose that we have an unknown function f drawn from the GP. Given a set D = (X, y) =625

{(x1, y1), . . . , (xn, yn)} of inputs and corresponding measurements, where yi = f(xi)+ ϱi are noisy626

measurements of the actual function with Gaussian noise ϱi ↗ N (0,ςi). Then, when performing627

Bayesian inference, we can express the GP posterior mean and covariance as628

µ(x) = µprior(x) + k(x,X)
(
k(X) + diag(ς)

)↓1
(y ⇐ µprior(x)) , (4)

ϑ2(x) = k(x, x)⇐ k(x,X)
(
k(X) + diag(ς)

)↓1
k(X, x) . (5)

In practice, the prior mean and covariance may have hyperparameters ω which specify what functions629

it is able to model. For example, many kernels representing the prior covariance include lengthscale630

values, which govern how correlated the function output is when a certain input dimension changes.631

One method to find the optimal hyperparameters for the kernel is by finding the hyperparameters632

which maximize the marginal log-likelihood.633

In Bayesian optimization (BO), the goal is to find the maxima of the unknown function f . This634

function is black-box with no analytical form. To do so, we can learn more about f by querying it at635

different inputs, and perform Bayesian inference to update our belief on the unknown function.636
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Given the measurements Dt = (Xt, y
t
) = {(x1, y1), . . . , (xt, yt)} in round t of data selection, GP637

regression can be performed to obtain a posterior mean µt and variance ϑ2
t
. The next input to query638

xt+1 can be chosen as the input which maximizes some acquisition function. Examples of such639

acquisition function include the expected improvement [11]640

EIt(x) = Ey→↗N (µt↑1(x),ω2
t↑1(x))

[
max(0, y↔ ⇐ max

y↑y
t↑1

y)
]

(6)

or the upper confidence bound [33]641

UCBt(x) = µt↓1(x) + φtϑt↓1(x) (7)

where φt > 0 is a constant that may vary with t. In all of these acquisition functions, a tradeoff is642

performed between selecting inputs that the GP is uncertain about (i.e., with high ϑ2
t↓1(x)) to learn643

more about those unknown region, and selecting inputs in regions where the function value is known644

to be higher (i.e., with high µt↓1(x)).645

C Detailed Discussion on Problem Setting646

C.1 Hyperparameters Considered647

In Table 1, we list several hyperparameters which we include in our parallelism configuration and the648

range of the values. Note that the hyperparameters are constrained to give a valid PC as well; for649

example, we ensure that dp · tp · pp = n_gpus to ensure that each dimension do not exceed number650

of GPUs. Some hyperparameters are also set to their default value when not in use; for example, if651

pp = 1 (i.e., no PP used) then we restrict mb = mc = 1 such that PCs are not duplicated. In the code,652

we generate all possible PCs beforehand so we can ensure that all PCs chosen will be valid according653

to the constraints.654

Table 1: Tunable hyperparameters in a parallelism configuration.
Hyperparameter Description Feasible Values Notes

DP size (dp) Data parallelism degree [1, n_gpus]
TP size (tp) Tensor parallelism degree [1, n_gpus] Requires dp · tp · pp = n_gpus
PP size (pp) Pipeline parallelism degree [1, n_gpus]

SP size Sequence parallelism degree [1, n_gpus] Only NEMO and must be ↑ tp
CP size Context parallelism degree [1, n_gpus] Only NEMO and only for some experiments
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

ZeRO stage ZeRO stage used [0, 3] For COLOSSAL-AI, must be ↑ 2
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 Step655

We explain why we choose to maximize throughput instead of minimizing time per training step.656

As an example, suppose we consider three PCs H,H ↔, H ↔↔ where the times per training step are given657

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 the658

three. We see here the gap of the time per training step between H and H ↔ is T (H ↔)⇐ T (H) = 0.1,659

and the same gap size for H ↔ and H ↔↔ of T (H ↔↔)⇐ T (H ↔) = 0.1. Meanwhile, the gap between the660

throughput of the two PCs would be R(H)⇐R(H ↔) = T (H)↓1 ⇐ T (H ↔)↓1 = 3.3̄⇐ 2.5 = 0.83̄661

and R(H ↔)⇐R(H ↔↔) = T (H)↓1⇐T (H ↔)↓1 = 2.5⇐2 = 0.5. We can see that the gap between the662

best PC becomes enhanced when we consider the throughput, when we compare it with the relative663

gap size of the training step time.664

More concretely, if we have a PC which requires time t per training step, then you can reduce it by an665

amount of !t, then the throughput would have increased by an amount (!t)/t2. When t becomes666

smaller, the change in throughput will also increase but at an increasing rate. This therefore means by667

modeling the throughput, the scores of the good PCs will be more clearly separated.668

Additionally, we also consider a maximization of throughput since throughput would be bounded by669

[0, rmax], rather than the time per training step which would be unbounded on one end, i.e., be in the670
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interval [tmin,⇒) which makes suboptimal PCs easier to handle. Also, we frame our problem as a671

maximization in order to be consistent with Bayesian optimization works which typically considers a672

maximization problem.673

D Detailed Discussion of Surrogate Models used by OPPA674

D.1 Domain Knowledge675

In this section, we elaborate on how the throughput prior mean is constructed in order to obtain the676

form for the parallelism-informed prior mean. In summary, we design the prior to incorporate the677

following characteristics.678

• Parallelism coverage. We model DP/TP traffic via All-Reduce–style collectives and PP via679

point-to-point transfers, using a placement-aware split of intra- and inter-node links. For680

computation costs, we also explicitly consider the pipeline bubbles.681

• Topology and protocol awareness. The communication term uses canonical ring/tree scaling682

with hierarchical aggregation (node-local first, then cross-node), while collapsing ZERO683

stages into a single All-Reduce operation at the bandwidth level (bytes over the wire are of684

the same order) and letting stage-specific latency/overlap differences be absorbed by C (e.g.,685

event counts, bucket sizes, communication overhead for each parallelism dimension, etc.).686

• Hardware agnosticism via learning. Rather than hard-coding device/network constants, we687

expose a small set of effective coefficients that are learned from a few traces. This keeps688

the prior portable across models, data types, and interconnects while preserving the correct689

asymptotic trends for dp, tp, and pp.690

To predict the computation time, we assume an idealized machine with infinitely many processors691

such that DP and TP can be perfectly parallelized. Meanwhile, PP using an interleaved schedule692

incurs additional computation time from the microbatches being ran sequentially, and from pipeline693

bubble when the first microbatch is being fed through the pipeline [22]. This additional computation694

time from PP, visualized in Fig. 10, is roughly equal to695

T̂comp(H; tcomp) =
tcomp

n_gpus
·
(
mb+

pp⇐ 1

mc

)
(8)

where mb is the number of microbatches used in PP (set to 1 when PP is not used), mc is the number696

of model chunks for PP (also set to 1 when PP is not used), and tc = tf + tb is the total time to697

perform the forward and backward passes.698

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

1 2 3 4 1 1 2 2 3 3 4 4 1 2 3 4

tf ⋅ (pp − 1)
n_gpus ⋅ mc

tb ⋅ (pp − 1)
n_gpus ⋅ mc

(tf + tb) ⋅ mb

n_gpus

tf
n_gpus ⋅ mc

tb
n_gpus ⋅ mc

Total time

Figure 10: Predicted computation time for PP where tf and tb are the time required for the forward
and backward stages respectively, for when pp = n_gpus = 4, mb = 4, and mc = 2

To predict the communication time, inspired by the model visualized in Fig. 2, we assume that DP699

and TP involve All-Reduce communications and PP P2P communications, where all these costs are700

modeled separately. We use an extended (↼,φ, ↽) model discussed in [38], and for the intra- and701

inter-node communications, we characterize the network performance by the latency ↼intra and ↼inter,702
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the per-byte bandwidth cost φintra and φinter, the incast overhead ↽intra and ↽inter, and the memory703

access overhead ⇀intra and ⇀inter. We assume that the inter-node communication costs will be larger704

than their intra-node counterparts.705

For DP and TP, we assume that the Ring All-Reduce implementation is used where the cost to gather706

and scatter data of size N across D GPUs is given by707

CAR(D,N,↼,φ, ↽, ⇀) = 2(D ⇐ 1)↼+
D ⇐ 1

D
N(2φ + ↽ + 3⇀). (9)

For DP, we consider the gradient synchronization from the All-Reduce procedure. The data size per708

GPU for DP All-Reduce, Ndp, is709

Ndp = ςZ

Mmodel

tp · pp (10)

where Mmodel is a learnable total model parameter size, and ςZ is a tiny fudge for ZERO flavor while710

staying in AR-land, and it accounts for param-All-Gather + grad-Reduce-Scatter volume equivalence711

with small overhead for ZERO-3.712

Suppose Gnode is the number of GPUs per node. The overall communication cost from DP T̂comm,dp713

would then depend on the configuration of the network as follows:714

• In a hierarchical (multi-node scenario with dp > Gnode) system, the cost is given by715

T̂comm,dp(H;C) = CAR(Gnode, Ndp,↼intra,φintra, ↽intra, ⇀intra)

+ CAR(⇑dp/Gnode⇓, Ndp/Gnode,↼inter,φinter, ↽inter, ⇀inter). (11)

• In a flat inter-node (multi-node scenario with dp ↑ Gnode), the cost is given by716

T̂comm,dp(H;C) = CAR(dp, Ndp,↼inter,φinter, ↽inter, ⇀inter). (12)

• In a flat intra-node (single-node scenario), the cost is given by717

T̂comm,dp(H;C) = CAR(dp, Ndp,↼intra,φintra, ↽intra, ⇀intra). (13)

Depending on the hardware used, the appropriate cost for the scenario can be selected.718

For TP, we consider the cost from frequent activation communication (e.g., All-Reduce per layer).719

Let Mact,tp be a learnable characteristic data size for one such TP All-Reduce operation. Let Otp/mb720

be the learnable number of these operations per microbatch. The total number of TP communi-721

cation operations is Ntp,ops = Otp/mb · mb, and the cost of a single TP All-Reduce operation is722

CAR(tp,Mact,tp,↼eff,φeff, ↽eff, ⇀eff) where effective parameters ↼eff,φeff, ↽eff, ⇀eff are chosen as intra-723

node or inter-node based on whether the tp group spans multiple nodes (i.e., if NH > 1 and724

tp > Gnode) or not. Then, the total TP communication cost is the number of communication725

operations multiplied by the cost per communication operation, or726

T̂comm,tp(H;C) = Ntp,ops · CAR(tp,Mact,tp,↼eff,φeff, ↽eff, ⇀eff). (14)

For PP, we consider the point-to-point (P2P) transfers of activations and gradients between pp pipeline727

stages where the cost to transfer data of size N is given by728

CP2P(N,↼,φ) = ↼+N · φ. (15)

Let Mact,pp be a learnable characteristic data size for one P2P transfer (e.g., the size of an activation729

tensor). The number of communication boundaries is pp ⇐ 1. Communication occurs for each of730

mb microbatch, in both forward (activations) and backward (gradients) directions. The total number731

of P2P communications is given by Npp,transfers = max(pp⇐ 1, 0) · 2mb where a single P2P transfer732

uses effective latency ↼eff and effective per-unit-data cost φpp,eff (derived from base φ parameters),733

chosen as intra-node or inter-node based on whether communicating stages are on different nodes734

(approximated if NH > 1). Given this, the overall cost of all communications related to PP would be735

given by736

T̂comm,pp(H;C) = Npp,transfers · CP2P(Mact,pp,↼eff,φpp,eff). (16)

Here, if pp = 1, then T̂comm,pp = 0.737
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When combining the communication costs for all three types of parallelism, considering in practice738

large chunks of communication overlap with compute, we attach non-overlap factors ⇁ and obtain739

T̂comm(H;C) = ⇁dp · T̂comm,dp(H;C) + ⇁tp · T̂comm,tp(H;C) + ⇁pp · T̂comm,pp(H;C) (17)
where C are constants related to the various costs which are to be inferred. Given (8) and (17), we740

can construct the prior mean for throughput to be741

R̂(H; {tcomp,C}) =
[
T̂comp(H; tc) + T̂comm(H;C)

]↓1
. (18)

D.2 Parallelism-Informed Prior Mean for the Maximum Memory Usage742

We briefly elaborate on the choice of prior mean in (19). As discussed, we only consider the memory743

that is required to store the NN parameters, and those to compute the gradient updates.744

For NN parameters, its sharding can be done on the pipeline or on the layers, allowing us to745

approximate the GPU memory required for storing the NN parameters to be inversely proportional to746

pp · tp. Note that assuming the simplest DP implementation, the NN parameters are duplicated and747

stored on each DP dimension, and so the maximum memory usage is not affected by the DP.748

Meanwhile, in the case of backpropagation computation, the maximum memory used will roughly be749

proportional to how many model parameters a certain GPU has to perform the forward and backward750

passes for, times how many training samples the GPU has to process at any one time. We expect this751

quantity to be inversely proportional to the number of total GPUs times the latter to depend on the752

number of microbatches used.753

Combining these two factors, can write the maximum memory usage as754

M̂(H; ωM) = min
{
m1 · (pp · tp)↓1 +m2 · (n_gpus · mb)↓1 +m3, M0

}
(19)

where, m1 captures the memory used for storing model parameters, and m2 captures the memory used755

during backpropagation computations, m3 are any other additional memory overheads unaccounted756

for by our model, and ωM = {m1,m2,m3}. Note that since we cannot measure maximum memory757

usage above values of M0, we apply the min function to clip the GP prior beliefs.758

D.3 Kernel for Modelling the Unknown Deviations759

Given the embedding e(H), we use the Matern kernel [29] which is given by760

k(H,H ↔) = ϑ2
k
kMatern,ε

(
e(H), e(H ↔); ,

)
= ϑ2

k

21↓ε

”(ε)

(⇔
2ε dϑ(H,H ↔)

)ε
Kε

(⇔
2ε dϑ(H,H ↔)

)

where ” is the Gamma function, Kε is the modified Bessel function, ϑk is the kernel scaling constant,761

dϑ(H,H ↔) =
(
e(H)⇐ e(H ↔)

)↘
L↓2

(
e(H)⇐ e(H ↔)

)
(20)

is the distance between two PC embeddings and L = diag(,) = diag([ ,1 · · · ,p ]) is the lengthscale.762

Justification for kernel based on Euclidean distance. Note that in our setup, we use a kernel based763

on the Euclidean distance despite a discrete search space. This is because we expect each value within764

the PCs are typically correlated according to its order (e.g., throughput when dp = 1 will correlate765

with when dp = 2, which then correlates with when dp = 4, etc.). In this regard, there exists some766

correlation between PCs that have similar values under our embedding (even if the values are all767

discrete), justifying our use of GPs.768

We also observe this later in Table 6 which shows that the lengthscales learned by the GP are larger769

in some values even without explicit treatment of the discrete values, suggesting existence of learned770

interpolations by OPPA. Additionally, later in Fig. 20, we demonstrate that OPPA which uses a771

Matern kernel outperforms OPPA which instead uses a categorical based on the Hamming distance as772

in [4], which empirically further justifies our kernel choice.773

D.4 GP Posterior Beliefs of Throughput and Maximum Memory Usage774

Suppose we are in the ith round. We let Hi = [H1 · · ·Hi] be the list of PCs, r̄i = [r̄1,q̂1 · · · r̄i,q̂i ]775

and ϑ2
r̄i = [ϑ2

r̄1,q̂1
· · ·ϑ2

r̄i,q̂i
] be the measured throughput and the corresponding variance, and mi =776

[m1 · · ·mi] be the measured maximum memory usage values.777
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Given the data, we first find the optimal hyperaparameters ω = {ωR, ωM, ωk}. This is done by778

maximizing the marginal log-likelihood [29], or779

ω = argmax
ϖ→

log p(r̄i, m̄i|H̄i, ω). (21)

The GP posterior beliefs of the throughput and maximum memory usage for any PC H ↔ are then780

given by normal distributions781

N
(
µR,i(H

↔),ϑ2
R,i

(H ↔)
)

and N
(
µM,i(H

↔),ϑ2
M,i

(H ↔)
)

(22)

where the mean and variance for the throughput for any PC H ↔ can then be defined as782

µR,i(H
↔) = R̂(Hi; ωR) + k(H ↔,Hi; ωk)

(
k(Hi,Hi; ωk) + diag(ϑ2

r̄i)
)↓1(r̄i ⇐ R̂(Hi; ωR)

)
, (23)

ϑ2
R,i

(H ↔) = k(H ↔, H ↔; ωk)⇐ k(H ↔,Hi; ωk)
(
k(Hi,Hi; ωk) + diag(ϑ2

r̄i)
)↓1

k(Hi, H
↔; ωk), (24)

and the GP posterior mean and variance for the memory usage for any PC H ↔ can then be defined as783

µM,i(H
↔) = M̂(Hi; ωM) + k(H ↔,Hi; ωk)

(
k(Hi,Hi; ωk) + ςI

)↓1(mi ⇐ M̂(Hi; ωM)
)
, (25)

ϑ2
M,i

(H ↔) = k(H ↔, H ↔; ωk)⇐ k(H ↔,Hi; ωk)
(
k(Hi,Hi; ωk) + ςI

)↓1
k(Hi, H

↔; ωk) (26)

where ς is to make the matrix invertible.784

E Detailed Discussion of PC Selection Method in OPPA785

E.1 Constrained UCB Criterion786

The next PC Hi → H to trial in round i is chosen to be the PC which maximizes the constrained787

upper confidence bound (cUCB) [33, 37], given by788

cUCBi(H) ↭ Er̂H,i↑1,m̂H,i↑1

[
XH,i↓1 + φi

∣∣XH,i↓1 ⇐ E[XH,i↓1]
∣∣] (27)

where r̂H,i↓1 ↗ N
(
µR,i↓1(H),ϑ2

R,i↓1(H)
)

and m̂H,i↓1 ↗ N
(
µM,i↓1(H),ϑ2

M,i↓1(H)
)

are sam-789

pled from their respective GPs as modeled from 1↔, and XH,i↓1 = r̂H,i↓1 ·
(
1⇐sigmoid(m̂H,i↓1)

)
.790

Note that in the case that memory constraint is not violated (i.e., when sigmoid(m̂H,i↓1) ↓ 0), the791

objective in (27) can be reduced to the analytical UCB objective (i.e., cUCBi(H) ↓ µR,i↓1(H) +792

φiϑR,i↓1(H)).793

E.2 Random Sampling For Additional Exploration794

In OPPA, we sometimes select PCs at random for additional exploration. There are two scenarios795

which triggers a random selection of PC in OPPA.796

1. In the first few chosen PCs. This is because in the beginning there are no PCs which can be797

used to infer the hyperparameters for the prior distribution of the GP, therefore a few PCs798

are chosen at random to kick-off the modeling process and provide a reasonably diverse set799

of samples to infer the hyperparameters well.800

2. When too many out-of-memory errors have been encountered in a row. This is because any801

out-of-memory trials will not result in a usable training data for the throughput modeling802

and possibly minimal data for the maximum memory GP which does not aid the GP model.803

When too many such cases are encountered, we attempt to do random exploration so that804

the model can receive some information that can be used to model better with and find new805

feasible PCs.806

For the random selection process, we select a PC using a weighted random strategy, where we807

first select a parallelism dimension configuration uniformly at random, then select the remaining808

hyperparameters uniformly at random such that they are feasible within the selected parallelism809

dimension configuration.810
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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 Detailed Discussion of PC Trialing Method811

F.1 Throughput Estimation812

Given the time ti,1, . . . , ti,q required for q training steps, we can estimate the throughput and its813

predicted variance as814

r̄i,q =
1

q

q∑

j=1

1

ti,j
, and ϑ2

r̄i,q
=

1

q

q∑

j=1

(
1

ti,j
⇐ r̄i,q

)2

. (28)

Note that r̄i,q can be viewed as an unbiased estimator of the reciprocal of the time per training815

step (i.e., E[r̄i,q] = 1/T (Hi) where T (Hi) is the average time per training step), while ϑ2
r̄i,q

is the816

variance of the estimator.817

F.2 Outlier Removal818

As demonstrated in Fig. 3, not all training time measurements will be representative of the actual819

throughput. We therefore perform two actions. First, we remove the first training step ti,1 since820

it typically corresponds to a warm-up for the training and therefore will usually be an anomaly821

measurement. Second, we compute the median and the inter-quartile range (IQR), and remove all822

measurements which are away from the median by at least 2 ↖ IQR. This is a standard method823

for outlier removal in practice. However, we choose a looser threshold for outliers to account for824

fluctuating measurements. This generally has little effect on the overall optimization since most825

training steps tend to not fluctuate by too much anyway. This is demonstrated by Fig. 11 which shows826

that the predicted throughput would have little difference across the threshold of outlier removal,827

showing robustness of our method to the outlier removal process. The remaining training points are828

then used to compute (28).829

F.3 Additional Discussion on Early Trial Termination Mechanism830

In this section, we attempt to prove Thm. 4.1. To do so, we will consider a more general case831

for an arbitrary unknown function f . We do so since the problem setting of sequential repeated832

measurements is useful in many problem settings beyond optimizing the PC, such as in repeated833

scientific experiments where we can decide on-the-fly whether the same experimental setup should834

be repeated or not. We will first provide an intuitive justification for why early termination can be835

applied, followed by a theoretical proof for Thm. 4.1 and ablation studies on synthetic functions.836
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F.3.1 Intuition Behind Early Termination Mechanism837

Before stating the formal proof, we provide some intuition behind why the early termination mecha-838

nism saves on resources while also not affecting the overall performance. In Fig. 12, we present a toy839

example of a BO iteration where an input is repeatedly queried.840

Here, we notice several things. We first see that for a certain input, more repetitions of the query will841

result in a lower standard deviation for the measurement. This is simply from the fact that when we842

take the mean of several i.i.d. measurements, the mean will tend towards the actual value, and the843

variance of the mean predictor will decay at a rate inversely proportional to the number of repeated844

measurements. This is reflected in the plots where the measurement at x = 2 has smaller and smaller845

standard deviation as we have more repeats, and as we will show in Corollary F.2. In these cases, we846

see that some repeated queries are therefore necessary to reduce the noise of the measurements.847

However, as we perform more repeats, there is a diminishing effect on how much more information848

is gained from each additional repeats. In the diagram, we see that after 20 repeated measurements849

(as in Fig. 12c), the GP would barely change. Similarly, we see that at 20 repeats, we are able to850

somewhat conclude that the global optimum is less likely to be in the neighborhood of x = 2, as851

reflected by the corresponding probability density function, and that this belief remains when we852

continue up to 100 repeats (as in Fig. 12d). This shows the additional repeats are unlikely to improve853

the predictions by the GP and the confidence of the optimum. We therefore can see that by stopping854

after 20 repeats, we would have been able to eventually make the same conclusion about the optimum855

in the end while saving on resources that would have been incurred from repeated queries.856

Finally, we note that additional repeats are more beneficial to recovering the optimum value in the857

case that it improves upon the best measurement so far. In Fig. 13, we see that additional repeated858

measurements at x = 2 eventually results in diminishing returns, as seen in the probability distribution859

of the maximum value of f(x) being similar between using 20 repeats and 100 repeats. Meanwhile, in860

Fig. 14 where we instead repeatedly query the input x = 4.2, we continue to gain information about861

the maximum value even when we use 100 repeats, as seen by the sharper probability distribution for862

the belief of the maximum f(x). We therefore can see that additional repeats are less informative if863

they are for suboptimal inputs. We can therefore use this idea to form a metric to determine if a trial864

should be terminated early.865

F.3.2 Proof of Thm. 4.1866

With this intuition, we will now formally prove the performance of the early termination mechanism.867

For completeness, we first state the assumptions for the function and the measurements which follow868

from other BO works [12, 21, 33] however with additional assumptions on repeated measurements869

from the same input.870

Assumption F.1. Let f ↗ GP(0, k) be an unknown function whose RKHS norm ↙f↙H ↑ B is871

bounded. The BO algorithm is as noted in Algorithm 3, where in each BO iteration i, an input xi → X872

is selected, and q̂i ↑ qmax noisy outputs yi,j = f(xi) + εi,j are returned, where εi,j ↗ N (0, s2) are873

i.i.d. noise.874

Note that in this following proof, we consider any function f which has a bounded RKHS norm.875

While this property also applies for the unknown throughput R, it will also be satisfied by other876

black-box functions in general as well.877

We now also show Algorithm 2 which repeats each query qmax times, and our proposed Algorithm 3878

which does early termination on some of the rounds. Our theoretical results in this section will879

consider Algorithm 3.880

We first state a result regarding the mean estimator of f(xi).881

Corollary F.2. Suppose we define882

ȳi,q =
1

q

q∑

j=1

yi,j . (29)

Then, the expected value of x̄i is E[ȳi,q] = f(xi), and its variance bounded by V[ȳi,q] = s2/q.883

Proof. The results are direct consequences of the summation of expected values and variances of884

independent random variables, and the fact that V[yi,j ] = s2 by assumption.885
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(a) 0 repeats (new input not queried yet) (b) After 1 repeat

(c) After 20 repeats (d) After 100 repeats

Figure 12: Demonstration of why early termination of certain trials does not affect final result.
Figs. 12a to 12d represent the modeled GP and the predicted optimum when a certain input, in this
case at x = argmax

x→ µt(x↔) + φtϑt(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 line represents
the actual function, the blue line and error band represent the GP mean and standard deviation, 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 x = argmax

x→ f(x↔)), while highlighting the interval around the input x = 2.
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(a) 0 repeats (new input not queried yet) (b) After 1 repeat

(c) After 20 repeats (d) After 100 repeats

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. 12 with queries at x = 2. For each
subfigure, the left plot represents the modeled GP as shown previously in Fig. 12. In the right diagram,
we show the probability density function for the belief of the maximum value maxx f(x) according
to the GP.

(a) After 20 repeats (b) After 100 repeats

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. 12, however instead with
queries at x = 4.2, and with only 20 repeats and 100 repeats shown (comparable to Figs. 13c and 13d).
The information in each subfigure is the same as in Fig. 13.

We will now prove the first half of Thm. 4.1. Given the results in Corollary F.2, we next show that we886

are able to obtain a GP with good predictive bounds even if some trials are terminated early, i.e., not887

ran for up to qmax repeats.888

Lemma F.3. Suppose we let889

µi(x) = k(x,Xi)
(
k(Xi,Xi) + s2Q↓1

i

)↓1y
i
, (30)

ϑ2
i
(x) = k(x, x)⇐ k(x,Xi)

(
k(Xi,Xi) + s2Q↓1

i

)↓1
k(Xi, x) (31)

where Xi = [x1 · · ·xi], y
i
= [ȳ1,q̂1 · · · ȳi,q̂i ], and Qi = diag([q̂1 · · · q̂i]). If890

φi = B +

2 log
det

(
k(Xi,Xi) + s2Q↓1

i

)1/2

⇀ det
(
s2Q↓1

i

)1/2 (32)

then, with probability greater than 1⇐ ⇀, for all x → X and all i = 1, . . . , N , we have891
∣∣f(x)⇐ µi↓1(x)

∣∣ ↑ φiϑi↓1(x). (33)
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Algorithm 2 GP-UCB with Repeated Trials

1: D0 ∝ ′
2: for i = 1, . . . , N do
3: Fit GP on Di↓1 to obtain mean µi↓1 and variance ϑ2

i↓1
4: xi ∝ argmax

x↑X
µi↓1(x) + φiϑi↓1(x)

5: for j = 1, . . . , qmax do
6: Sample yi,j = f(xi) + εi,j
7: ȳi,qmax ∝ q↓1

max
∑

qmax
j=1 yi,j

8: Di ∝ Di ∞ {(xi, ȳi,qmax)}

Algorithm 3 Modified GP-UCB with Early Trial Termination

1: D0 ∝ ′
2: for i = 1, . . . , N do
3: Fit GP on Di↓1 to obtain mean µi↓1 and variance ϑ2

i↓1
4: xi ∝ argmax

x↑X
µi↓1(x) + φiϑi↓1(x)

5: for j = 1, . . . , qmax do
6: Sample yi,j = f(xi) + εi,j
7: ȳi,j ∝ j↓1

∑
j

j→↓1 yi,j→

8: D↔

i,j→ ∝ Di ∞ {(xi, ȳi,j)}
9: if j > qmin and ȳi,q < maxj<i ȳj,q̂j + ϖq then

10: break // Early termination mechanism
11: Di ∝ D↔

i,j→

Proof. Given the variance of the mean predictor from Corollary F.2, our scenario can be thought of892

as having i function measurements with heteroscedastic noise with variances of s2/q̂1, . . . , s2/q̂i.893

The variance bounds then follow directly from Lemma 7 in [12] where we substitute #i ∈ s2Q↓1
i

894

and ς ∈ 1.895

Corollary F.4. Given Lemma F.3, for all x↔ → X , we have f(x↔)⇐ µi↓1(xi) ↑ φiϑi↓1(xi).896

Proof. We see that897

f(x↔)⇐ µi↓1(xi) ↑ µi↓1(x
↔) + φiϑi↓1(x

↔)⇐ µi↓1(xi) by Lemma F.3, (34)
↑ µi↓1(xi) + φiϑi↓1(xi)⇐ µi↓1(xi) by how xi is chosen, (35)
= φiϑi↓1(xi). (36)

898

We now show the cumulative regret of the problem. Let899

I[yX ; fX ] =
1

2

∑

x
→
i
↑X

log

(
1 +

ϑ2
i↓1(x

↔

i
)

s2/q̂i

)
, (37)

and900

↽i = max
X=[x→

1,...,x
→
i
]≃X

I[yX ; fX ] (38)

be the maximum possible information gain across i rounds. We then prove the following result.901

Theorem F.5. Let x→ = argmax
x↑X

f(x). With probability at least 1⇐ ⇀,902

N∑

i=1

f(x→)⇐ f(xi) ↑ sφN


8N↽N
qmin

. (39)

Proof. This result is similar to previous results for UCB-based methods, e.g., Theorem 3 in [33] or903

Corollary 9 in [12].904
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With probability at least 1⇐ ⇀, Lemma F.3 holds. We see that905

N∑

i=1

(
f(x→)⇐ f(xi)

)
=

N∑

i=1

(
f(x→)⇐ µi↓1(xi)

)
  

Corollary F.4

+
(
µi↓1(xi)⇐ f(xi)

)
  

Lemma F.3

(40)

↑
N∑

i=1

2φiϑi↓1(xi). (41)

Since906

N∑

i=1

ϑ2
i↓1(xi) ↑

N∑

i=1

s2

q̂i

ϑ2
i↓1(xi)

s2/q̂i
(42)

↑ s2

qmin

N∑

i=1

log

(
1 +

ϑ2
i↓1(xi)

s2/q̂i

)
(43)

↑ 2s2

qmin
↽N , (44)

we can rewrite (41) as907

N∑

i=1

(
f(x→)⇐ f(xi)

)
↑


N∑

i=1

4φ2
i


N∑

i=1

ϑ2
i↓1(xi) by Cauchy-Schwartz, (45)

↑ φN

⇔
4N


N∑

i=1

ϑ2
i↓1(xi) since φi ↑ φN , (46)

↑ sφN


8N↽N
qmin

by (44). (47)

908

Remark F.6 (The regret bound in Thm. F.5 is lower when qmin increases). We investigate the upper909

bound in (47) further to see its dependence on qmin.910

For simplicity, we will let K = k(XN ,XN ). First, we see that911

log det
(
K + s2Q↓1

N

)
= log det s2Q↓1

N
+ log det

(
I + s↓2QNK

)
(48)

↑ log det s2Q↓1
N

+ log det
(
I + s↓2qmaxK

)
, (49)

which means that912

φN = B +

2 log
det

(
K + s2Q↓1

N

)1/2

⇀ det
(
s2Q↓1

N

)1/2 (50)

= B +


2 log

1

⇀
+ log det

(
K + s2Q↓1

N

)
⇐ log det s2Q↓1

N
(51)

↑ B +


2 log

1

⇀
+ log det (I + s↓2qmaxK). (52)

Furthermore, we see that913

↽N = max
X=[x→

1,...,x
→
N
]≃X

1

2

∑

x
→
i
↑X

log

(
1 +

ϑ2
i↓1(x

↔

i
)

s2/q̂i

)
(53)

↑ max
X=[x→

1,...,x
→
N
]≃X

1

2

∑

x
→
i
↑X

log

(
1 +

ϑ2
i↓1(x

↔

i
)

s2/qmax

)
. (54)

Therefore we see that both φN and ↽N are upper bounded by terms which are independent of qmin,914

and so the constants in the upper bound provided in Thm. F.5 do not hide any additional dependencies915

with respect to qmin. This shows that the upper bound of cumulative regret from (47) decays at a rate916

of 1/⇔qmin.917
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We will now prove the second half of Thm. 4.1. We first prove the following result.918

Lemma F.7. Define c1 ↭
√
2 log(2Nqmax/⇀). With probability at least 1⇐ ⇀, for all i = 1, . . . , N919

and all q = 1, . . . , qmax, we have920
∣∣ȳi,q ⇐ f(xi)

∣∣ ↑ c1s⇔
q
. (55)

Proof. From Corollary F.2, we know that the ȳi,q is normally distributed with mean f(xi) and921

standard deviation s/
⇔
q. By Chernoff bounds, for each i = 1, . . . , N and each q = 1, . . . , qmax, we922

would have ȳi,q ⇐ f(xi) > c1s/
⇔
q, and f(xi) ⇐ yi,q > c1s/

⇔
q where either event happens with923

probability no greater than ⇀N/2qmax. This means that with probability no greater than ⇀/Nqmax,924

we have |yi,q ⇐ f(xi)| > c1s/
⇔
q. Therefore, by union bound, we have for all i = 1, . . . , N925

and each q = 1, . . . , qmax, we would have |ȳi,q ⇐ f(xi)| ↑ c1s/
⇔
q with probability greater than926

1⇐ (⇀/Nqmax)(Nqmax) = 1⇐ ⇀.927

Theorem F.8. Define928

ϖq = c1s

(
1

⇔
qmin

+
1
⇔
q

)
. (56)

Then, with probability at least 1⇐⇀, for all i ↑ N , if we have f(xi) < maxj<i f(xj), then q̂i < qmax.929

Proof. With probability at least 1⇐ ⇀, Lemma F.7 applies.930

To prove the statement above, we show its contrapositive. Suppose we have q̂i = qmax, or that the trial931

for xi does not terminate early. This implies that ȳi,q ≃ maxj<i ȳj,q̂j + ϖq for all q = qmin, . . . , qmax.932

For any q in this range, we would then have933

f(xi) ≃ ȳi,q ⇐
c1s⇔
q

(57)

≃ max
j<i

ȳj,q̂j + ϖq ⇐
c1s⇔
q

(58)

≃ max
j<i

f(xj)⇐
c1s⇔
qmin

+ ϖq ⇐
c1s⇔
q

(59)

= max
j<i

f(xj). (60)

This proves the contrapositive which in turn proves the original statement.934

Finally, Thms. F.5 and F.8 can be combined with appropriate union bounds to achieve a more formal935

version of Thm. 4.1.936

F.3.3 Ablation Studies on Toy Examples937

In Fig. 15, we provide a brief empirical demonstration of efficiency gains due to early termination.938

We see that when the noise variance is too high, querying the function once per input would give939

measurements which are too noisy to give good information. Meanwhile, by repeating each query a940

maximum number of times, we can obtain a good estimate of the actual function and allow the BO941

algorithm to arrive at the optimal using few queries. However, we see that when early termination942

is allowed, we can still arrive at the optimal input as before, while not requiring all queries to be943

repeated the maximum number of times. This shows that early termination allows for efficiency gains944

while minimally sacrificing on the actual optimization process.945

In practice, since it is difficult to determine ↽N , φN , s, and c1 exactly, we instead fix φi and ϖq to946

some constant. In OPPA, we choose φi = 1 and ϖq = 10↓3. We find that these values work well for947

our methods. Furthermore, in our proofs we do not consider the constrained BO setting. Despite948

this, the early termination can still be used in practice to achieve good results which we show in the949

experiments.950
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(a) Branin (s = 1) (b) Hartmann (s = 0.5)

Figure 15: Results of BO with early termination (with qmin = 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).

G Pseudocode of OPPA951

We present the pseudocode for OPPA in Algorithm 4.952

In practice, we find that fixed hyperparameter values (i.e., setting φt = 1, ϖq = 10↓3, and qmin = 5953

in all iterations as done in our main experiments) gives consistent results since the parameters are954

generally robust to different choices of hyperparameter values anyway.955

In the experiments, the value of qmax are set in accordance to Table 2 depending on the benchmark;956

however in practice can be set as large as the practitioner wants depending on how accurately they957

would like to measure the actual throughput of the PC. As plotted in Fig. 16, we find that after958

a certain point, a larger number of repeats will typically not have large effects on the measured959

throughput of a PC, showing that OPPA is quite robust to different choices of qmax. For OPPA, larger960

qmax is more tolerable since the early termination mechanism will not exhaust such budget anyway.961

We also consider removing outliers which are beyond two times the IQR from the mean; this is be962

more lenient towards fluctuating training effects, however can also be set to 1.5 times the IQR as963

typically done as well with little consequences, as described in App. F.2.964

Algorithm 4 OPTIMIZER FOR PARALLELISM CONFIGURATIONS (OPPA)
1: Generate all valid PCs H
2: i ∝ 1
3: while time budget not exhausted do
4: if i < Nrandom then
5: Select Hi randomly
6: else
7: // Step 1↔ – Modeling throughput and memory usage
8: Construct µR,i↓1 and ϑ2

R,i↓1 according to (23) and (24) respectively
9: Construct µM,i↓1 and ϑ2

M,i↓1 according to (25) and (26) respectively
10: // Step 2↔ – Selecting the next PC to trial
11: Hi ∝ argmax

H↑H\{H1,...,Hi↑1}

cUCBi(H) where cUCBi↓1 is defined in (27)

12: // Step 3↔ – Trialing selected PC
13: for q = 1, . . . , qmax do
14: Measure training step time as ti,j
15: Compute r̄i,q and ϑ2

r̄i,q
according to (28)

16: if Ii,q = 0 then
17: break // Early termination condition from (3)
18: Measure maximum memory usage as mi

19: q̂i ∝ q to track the number of training steps ran in round i
20: i ∝ i+ 1
21: return Hi↓ where i→ = argmax

i : (mi<M0)⇐(q̂i=qmax) r̄i,q̂i
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Figure 16: The effect of number of training steps repeatedly measured on the predicted throughput.
The blue lines represent a training trial and the measured time per training step. The orange line
represents the average training time (i.e., reciprocal of throughput) predicted up to that certain training
step.

H Additional Information on Experimental Setup965

H.1 Training and Hardware Configurations966

We list the models used in our experiments in Table 2, along with the allotted search time and how967

many trials we repeat on them. All models used are based on the transformer architecture, and were968

retrieved from Huggingface.969

Note that in all of our plots, we plot the median value (with a line) and also the lower and upper970

quartiles (with a fainter band over and under the line). We do so since we find that the values are971

often asymmetrically skewed, and therefore opted to show the quartile values to more accurately972

represent the distribution of these values. Also note that the repeated trials were reduced for larger973

models due to restrictions in compute budget.974

Table 2: Details of models used in our experiments and the corresponding training scenario
Case Model # Params Batch size Max. seq. length Search Time qmax Repeats
BERT BERT Base Uncased 110M 256 256 20 mins 50 10

Qwen2-1.5b Qwen-2 1.5B 64 1024 20 mins 30 10
Llama3-1b Llama 3 1B 64 1024 60 mins 20 5
Llama2-7b Llama 2 7B 256 1024 60 mins 30 5
Qwen3-32b Qwen-3 32B 256 8192 80 mins 30 5

In Table 3, we list the hardware configuration used in our experiments. The hardware configurations975

used are based on the resources that are available to the authors.976

Table 3: Configurations of tested hardwares.
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

H.2 Other Methods Ran For Comparison977

We list the other methods we have ran along with their implementation details here.978

• RANDOM. This involves randomly selecting a PC from H to trial in each round until the979

time budget is exhausted.980
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• XGBOOST [3]. This is the method DEEPSPEED [28] uses to configure the PC, and is981

adapted to work with the hyperparameters in our PC. The method involves training an982

XGBOOST model based on the measured throughput, then selecting the next PC to trial983

as the one whose predicted throughput is the highest. This is repeated until time budget is984

exhausted.985

• COST-MODEL. This involves using the cost model as described in Apps. D.1 and D.2,986

learned based on several randomly selected PCs, to obtain a prediction of throughput and987

maximum memory usage, and perform a one-shot selection of the best PC according to the988

predictions.989

• VANILLA-BO. This performs BO whose GP has a constant mean and a Matern kernel with990

ε = 5/2. The cUCB criterion is used for PC selection. The BO loop is implemented using991

BOTORCH [1].992

• OPPA. This is the method proposed in Sec. 4 which involves modifying BO to include993

parallelism-informed GP prior beliefs and early trial termination. The hyperparameters used994

are as stated in App. G.995

We note that due to the search space employed for H, we do not consider methods which performs996

non-adaptive optimization with a cost model. This is because those methods optimize with respect to997

the computation graph rather than the hyperparameters which we discussed in App. C.1, and since998

they do not use the same information as OPPA to perform optimization, making it futile to compare999

between the two since they focus on optimizing different aspects of training parallelism. Nonetheless,1000

we provide some comparisons with selected methods of such nature, namely, [15] and [19] in Fig. 9.1001

I Additional Results1002

I.1 Plots of Best Achieved Throughput vs. Other Quantities1003

In Fig. 17, we plot the best achieved throughput vs. the number of training trials that have been ran.1004

We see that in this view, OPPA still outperforms other methods. While the margin may be smaller in1005

some instances, we see that OPPA is able to achieve the good results more consistently as seen by1006

the error bars when compared to some of the other methods. This also demonstrates that the prior1007

belief used in OPPA alone would have helped in achieving a better performance regardless of the1008

early termination mechanism in OPPA.1009

In Fig. 18, we show the achieved throughput is plotted against the number of training steps run in the1010

training trials, showing that the difference in efficiency of OPPA becomes more pronounced. From1011

these results see that OPPA is both more time-efficient and query-efficient which can be useful when1012

the overhead to run one trial may become higher, for example when the framework is adapted to run1013

on a cluster with a job scheduler.1014

I.2 Optimal PCs recovered by OPPA1015

In Tables 4 and 5, we show the PCs that were recovered by OPPA for training scenarios ran on the1016

COLOSSAL-AI and NEMO frameworks respectively. Note that the optimal PCs chosen match quite1017

well with intuition where for smaller models DP tends to be prioritized. Meanwhile for larger models1018

and training scenarios which are done across multiple nodes, PP and potentially TP is prioritized. In1019

all of these cases, there is a range for the hyperparameters within the potential PC, which suggests1020

that multiple choices of PC can achieve similar throughput.1021

I.3 Flexibility Across Different Parallel Training Frameworks1022

Another advantage of adaptively selecting actual training trials to run can be seen when we change the1023

parallel training framework used to train the NN. In Fig. 19, we run similar experiments as in Fig. 4,1024

however instead performing training on NEMO [13]. In these experiments, we consider additional1025

hyperparameters within our PC, such as the size of the sequence parallelism dimension. We see that1026

compared to Fig. 4, the obtained maxima are different because the training processes are implemented1027

differently across the two frameworks, and the fact that the adjustable hyperparameters in the PC are1028

also different. Regardless, we see that even though most methods can eventually recover the optimal1029
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(a) BERT, 8 GPUs (b) Qwen2-1.5b, 8 GPUs

(c) Llama3-1b, 16 GPUs (d) Llama2-7b, 32 GPUs (e) Qwen3-32b, 128 GPUs

Figure 17: Results of the best obtained throughput (higher is better) plotted against the number of
PCs that have been trialed. The lines represent the median value of the best obtained throughput
across five trials, while the error bar represent the quartile values. 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 queried PCs.

Table 4: Example of optimal PCs selected by OPPA in different training scenarios when training on
COLOSSAL-AI framework. Values are based on the found optimal PCs across multiple repeated trials.
A range of value shows that a certain parameter 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 training scenarios,
but are instead only examples of what are recovered by OPPA.

Hyperparameter BERT, 8 GPUs
(Fig. 4a)

Qwen2-1.5b, 8 GPUs
(Fig. 4b)

ViT, 8 GPUs
(Fig. 21)

Llama3-1b, 16 GPUs
(Fig. 8a)

Llama2-7b, 32 GPUs
(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

PC, OPPA is able to do so much more rapidly and, more importantly, much more consistently. The1030

latter fact can be seen in the error bars of the other methods which are much larger than that of OPPA.1031

This demonstrates that OPPA does not overfit to any one specific training framework, but instead can1032

simultaneously cater to different training frameworks.1033

I.4 PC Optimization for Other Models1034

In Fig. 21, we presented the results for tuning the PC for ViT model [6]. We see that the results here1035

show that OPPA is able to select better PCs compared to the other methods, consistent with other1036

results in the paper.1037
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(a) BERT, 8 GPUs (b) Qwen2-1.5b, 8 GPUs

(c) Llama3-1b, 16 GPUs (d) Llama2-7b, 32 GPUs (e) Qwen3-32b, 128 GPUs

Figure 18: Results of the best obtained throughput (higher is better) plotted against the total number
of training steps ran during in the training trials. The lines represent the median value of the best
obtained throughput across five trials, while the error bar represent the quartile values.

Table 5: Example of optimal PCs selected by OPPA in different training scenarios when training on
NEMO framework. The interpretation is as in Table 4.

Hyperparameter BERT, 8 GPUs
(Fig. 19a)

Qwen2-1.5b, 8 GPUs
(Fig. 19b)

MoE, 8 GPUs
(Fig. 22)

Qwen3-32b, 128 GPUs
(Fig. 8c)

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 – 64 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

Additionally, in Fig. 22, we presented the results for tuning the PC for transformer-based Mixture-1038

of-Experts (MoE) model [30] with the additional tuning of the expert parallelism (EP) degree being1039

performed by the same framework in addition to the existing DP, TP and PP. For the experiments we1040

consider parallel training of a model with 16 transformer units, 32 attention heads and 32 experts.1041

Each trial is ran for up to qmax = 50 steps, and in OPPA, we set qmin = 10 to account for higher1042

variation in training step times. In the results, we again see consistently better performances compared1043

to the other competing methods. Specifically, even if OPPA may eventually lead to similar results to1044

vanilla BO at the end of the optimization process, OPPA is able to do so more consistently (lower1045

variance across random runs), and is able to arrive at the optimal PC much more rapidly and efficiently.1046

These results further demonstrate that OPPA is able to also generalize to other models as well.1047
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(a) BERT, 8 GPUs

(b) Qwen2-1.5b, 8 GPUs

Figure 19: The best obtained throughput (higher is better) vs. the duration each method has been run
for, when training on a system with a single node and using the NEMO framework [13]. Both cases
train NN with identical architectures as the experiments in Figs. 4a and 4b respectively, and are ran
on a single node.

I.5 Predicted Throughput and Memory by Parallelism-Informed GP Prior Beliefs1048

In Figs. 23 to 25, we compare the modeled throughput with the actual values in different training1049

scenarios. We see that in this case, the parallelism-informed GP prior beliefs allow for the values to be1050

modeled adequately well, but more importantly, allow for the PC which achieves the best throughput1051

to also have the highest values, and therefore be identified correctly. We find that for BO, surrogate1052

models only need to model the good PCs well in order to select a good PC in the end. Meanwhile,1053

when not using the parallelism-informed prior beliefs, the GP posterior beliefs learn the patterns1054

much less efficiently or do not learn them at all. This correlates well with the results in the main text1055

where standard BO selects a worse PC compared to OPPA which uses a better GP prior belief.1056

In Fig. 26, we compare the modeled maximum memory with the actual measured value. In both1057

cases, a GP has been used, however, with and without a parallelism-informed GP prior belief since1058

only VANILLA-BO and OPPA are the only methods we tested which explicitly models the memory1059

usage. Here, we see that OPPA is able to better model the memory usage due to its use of the GP1060

prior belief. This is reflected in the confusion matrices which shows that after training, OPPA is able1061

to more accurately detect when a certain PC will result in out-of-memory errors.1062

To additionally demonstrate the interpretability of the GP for the surrogate model, in Table 6, we show1063

the results for the lengthscales learned by the kernel (as given in (20)). We see that hyperparameters1064

that have larger effects on the resulting throughput or are less well-modeled by our GP prior belief1065

will typically correspond to the shorter lengthscales. For example, for the training of BERT, we1066

see that the parameters for TP dimension size and for the number of microbatches (for PP) have1067

shorter lengthscales. This matches our intuition where the throughput would be more sensitive to the1068

increased TP or PP being used (for the worse).1069

I.6 Effects of Prior Misspecification1070

To investigate the robustness of our method with respect to a misspecified prior, we perform experi-1071

ments to see how OPPA behaves as our cost-model prior becomes increasingly inaccurate. To do so,1072

we add a perturbation term into our cost function where we increase the magnitude of the perturbation1073
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(a) BERT, 8 GPUs

(b) Qwen2-1.5b, 8 GPUs

Figure 20: The best obtained throughput (higher is better) vs. the duration OPPA has been run for,
when changing from the Matern kernel to the categorical kernel [4]. Both cases train NN with
identical architectures as the experiments in Figs. 4a and 4b respectively (with the results for the
Matern kernel being exactly the same as in those figures), and are ran on a single node.

(a) vs. time spent (b) vs. PCs trialed (c) vs. training steps

Figure 21: Results for training ViT model [6] with batch size of 256.

term up to about 25% and 50% that of the maximum throughput obtained. We present the median1074

obtained throughput across 5 random trials in Table 7. We see that even when the cost-function prior1075

is adversarially constructed (by knowingly adding an incorrect term into the cost function), we are1076

still able to obtain good performances to the unperturbed cost-model prior even if the convergence1077

is slightly slower. This suggests that even in this extreme case, the GP is able to correct for the1078

inaccuracies in the cost-prior effectively.1079

In practice, prior misspecification typically will due to the cost function not being sufficiently complex1080

to match the actual parallel training dynamics, because of incomplete or inaccurate domain knowledge1081

about the actual system rather than due to an adversarial construction of the cost function. This is the1082

case in the cost function we have chosen in our paper where there is a discrepancy between the cost1083

function alone and the actual throughput as demonstrated in Fig. 6c, resulting from our cost function1084

not modeling the effects of all hyperparameters in the PC. Under practical scenarios, we therefore1085

would not expect the results to be as extreme as what we have seen in the presented results, and that a1086

GP should be able to effectively model the throughputs.1087
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(a) vs. time spent (b) vs. PCs trialed (c) vs. training steps

Figure 22: Results for training Mixture-of-Experts [30] models.

(a) OPPA (b) Cost Model (c) GP (d) XGBOOST

Figure 23: Comparison of modeled throughput vs. the actual throughput for training of BERT model
on 8 GPUs after 20 training trials.

I.7 Additional Results for Ablation Studies of Components in OPPA1088

In Fig. 27, we demonstrate how early termination and parallelism-informed GP prior beliefs affect1089

the overall achieved throughput. First, we see that when parallelism-informed GP prior beliefs are1090

used, the performance is no worse than when no GP prior belief is used, although this benefit is more1091

pronounced for the Qwen2-1.5b example, possibly due to the increased complexity in the training1092

setup. Meanwhile, with early termination, we see that the performance is better in terms of time and1093

number of training steps needed, while not sacrificing the performances when considering the number1094

of PCs that are trialed to achieve a certain performance. This shows that the benefit gain comes1095

from being able to shorten the duration of the training trials while not sacrificing the throughput1096

predictions.1097

I.8 Effect of qmin on OPPA performance1098

In Fig. 28, we see how the choice of qmin affects the achieved throughput. For the BERT case, we1099

see that early termination clearly improves the time required for optimization, as seen where when1100

qmin = qmax the obtained PC is the worst when all methods are allotted the same amount of time. As1101

qmin decreases, we see that there is less drop in the amount of time required since each training step1102

is dominated by the time to setup each training trial. However, we still see that when we plot the1103

number of training steps for the optimization, we see that a smaller qmin will require fewer training1104

steps to arrive at the same optimal PC. However, this trend breaks down when qmin is too small, likely1105

since the value obtained is too noisy to give good information. Nonetheless, even in this case, we stil1106

obtain good results. For the Qwen2-1.5b case, similar trends can be seen where reducing qmin is able1107

to reduce the time and the number of training steps required to find the optimal PC up to a certain1108

point.1109
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(a) OPPA (b) Cost Model (c) GP (d) XGBOOST

Figure 24: Comparison of modeled throughput vs. the actual throughput for training of Qwen2-1.5b
model on 8 GPUs after 20 training trials.

(a) OPPA (10 trials) (b) OPPA (20 trials) (c) GP (d) XGBOOST

Figure 25: Comparison of modeled throughput vs. the actual throughput for training of Llama-2
model on 32 GPUs for, in order, OPPA after 10 trials, OPPA after 20 trials, GP after 10 trials and
XGBOOST after 10 trials. Note that among the three methods, only OPPA ran for up to 20 trials
given the time constraint.

J Limitations and Broader Impacts1110

While there are many other factors of parallel training that we could optimize, we have mainly1111

considered hyperparameters commonly found in existing parallel NN training frameworks which1112

would generally be tuned manually by practitioners. We believe that OPPA can also be extended to1113

optimize in other more sophisticated PC search spaces that may arise in practice as well. Maximizing1114

the throughput during NN training would allow the same amount of computation to possibly be done1115

in a more efficient manner, both in terms of time and compute resources. While this may allow faster1116

development of NNs for both good and bad use cases, overall it would still have a positive impact1117

since it allows for higher efficiency which reduces waste in computation time and other feasible1118

resources that come with it.1119
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(a) OPPA

Predicted Feasible Predicted OOM
Actual Feasible 296 16

Actual OOM 4 84

(b) BO

Predicted Feasible Predicted OOM
Actual Feasible 309 3

Actual OOM 54 34

(c) Cost Model

Predicted Feasible Predicted OOM
Actual Feasible 312 0

Actual OOM 23 65

Figure 26: Comparison of modeled maximum memory usage vs. the actual maximum memory usage
for training of Qwen2-1.5b model on 8 GPUs after 20 training trials. In each row, the left hand graph
shows the predicted value vs. the actual value (with the predictive variance are omitted for clarity),
while the right hand table is the confusion matrix.

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 GP 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
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(a) BERT (qmax = 50)

(b) Qwen2-1.5b (qmax = 30)

Figure 27: The effects of different components of OPPA on the optimal PC found. In each row, we
present the results in a certain training setup as noted in the subheader. We present the obtained
throughput versus, from left to right, the time the method has been ran for, the number of unique PCs
trialed, and the number of training steps that has been ran across all of the trials.

(a) BERT (qmax = 50)

(b) Qwen2-1.5b (qmax = 30)

Figure 28: The effects of qmin on the optimal PC found. In each row, we present the results in a
certain training setup, where we present the obtained throughput versus, from left to right, the time
the method has been ran for, the number of unique PCs trialed, and the number of training steps that
has been ran across all of the trials.
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