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1. Introduction 

Deep-Learning (DL) models have grown at roughly 10x per year in terms of model parameters or 
features over the past few years, as DL practitioners have improved accuracy and solved larger 
problems. Recent State-of-the-art (SOTA) models include OpenAI’s GPT-3 Natural-Language-
Processing (NLP) model [1], with 175 billion parameters. DL practitioners will soon push to 
models with one trillion parameters or more. This blog examines the key system engineering 
challenges that will need to be addressed, in training such a one-trillion-parameter (OTP) model.  
  

2. Motivations of scaling to a OTP model 
The GPT-3 NLP model, even with its SOTA 175 billion parameters, still show a gap of over 10% 
between model accuracy and humans in many NLP benchmarks. Recent DL scaling-law studies 
[2] have shown that model accuracy has a power-law behavior with model size, indicating that 
NLP models need to push beyond one trillion parameters to close the gap. Incidentally, language 
researchers have commented that the current NLP models, even with their large sizes today, still 
do not exhibit true real-world language understanding [3], indicating again that NLP models 
need to continue to add additional features or parameters. Similar gaps between SOTA model-
accuracy and the ground-truth exist in other types of models or use-cases, including Visual-
Perception or Image-Processing (RCNN) models [4] and Recommendation-Engine (DLRM) 
models [5]. All the above data indicates that DL practitioners will continue to push model sizes 
to one trillion parameters and beyond, as they push to deliver better accuracy and real-world 
understanding, and Artificial-general-intelligence (AGI).  
 

3. Key system challenges of training a OTP model 
Training a OTP model with an acceptable Time-to-train (TTT) will need a large Distributed-
Training-Cluster or Supercomputer (DLDC), with hundreds of DL Accelerators working together. 
The key system challenges that need to be addressed for such a DLDC are: 
1. Scaling the DL computational capability, in terms of Floating-point operations per second (or 

FLOPs) to deliver an acceptable TTT 
2. Scaling the Accelerator-memory capacity to the necessary amount, to store all the required 

model state and intermediate values, during the training process 
3. Implementing an efficient distributed-training method, to distribute the computing across 

the DLDC, and deliver high scaling efficiency 
4. Scaling the Network bandwidth, to the required level to support the distributed-training 

method and deliver an acceptable TTT 
5. Creating a sufficient large training dataset, to prevent overfitting and degradation of the 

generalization error of the model 
6. Implementing sufficient reliability in the DLDC, to ensure that the training can complete, 

without encountering severe failures 
 
The following sections will describe each of these system challenges and examine possible 
solutions.  
 
3.1 Computational capacity needed to train a OTP model  



The FLOPs required to training a DL model depends on the type of model and the types of layers 
in the model.  
A simple approach to determining the total FLOPs required for a OTP model is to scale up the 
FLOPs that were needed of a representative SOTA model, with the commonly occurring layers, 
using the power-law scaling laws published in [2].  
3.1.1. NLP models 
For NLP models, a representative SOTA model is the GPT-3 model, with its 175 billion 
parameters [1]. The training computation takes 6 FLOPs, for each model parameter, for each 
training token.  
Scaling to a OTP model, the total FLOPs required across all epochs of training would be 6.3E+24 
FLOPs. Converting into ExaFLOP-days (1 Exa-FLOP-day = 1E+18*24*3600 FLOPs), the total FLOPs 
needed for a NLP OTP model would be 72.9 ExaFLOP-days.   
3.1.2. RCNN models 
For RCNN models, a representative SOTA model is the Cascade-RCNN model [4], which has 345 
million parameters. The Cascade-RCNN model used 5 TeraFLOPs of training per image across all 
epochs and used a training dataset of 118K images.  
Scaling the dataset to a OTP model, the total FLOPs needed, across all epochs, would be 3.1E+24 
FLOPs. Converting to ExaFLOP-days, the total FLOPs of computation needed for a RCNN OTP 
model would be 36 ExaFLOP-days.  
3.1.3. Summary and recommendation 
The above calculations show the tremendous computational capability challenge that 
practitioners face to train a OTP model.  
A 1 ExaFLOP/s capable DLDC will take several weeks to complete a training run, assuming 100% 
scaling efficiency. A more practicable solution would be a 10 ExaFLOP/s DLDC, which would 
reduce the TTT to a more tractable two weeks, with a more achievable scaling efficiency of 
66%.    
DL Accelerators available in 2021/22 include Nvidia’s A-100 GPU, Intel’s PointeVecchio GPU and 
Habana-Gaudi Accelerator, AMD’s GPU, GraphCore’s Accelerator and Groq’s Accelerator [7]. 
There is also the Cerebras’s WSE [7]. The best possible FLOPs performance per Accelerator is 
about 500 TeraFLOP/s, barring the WSE. A 10 ExaFLOP/s DLDC would need a minimum of 30K 
of such Accelerators.  
 
3.2 Accelerator-Memory capacity needed to train a OTP model 
Practitioners today use the Accelerator-Memory to primarily store six type of values during 
training, to achieve best TTT:  

1. Intermediate model values, primarily Activations, with 2 bytes per activation in mixed-
precision training  

2. Model states which include: 
a. Parameters, with 6 bytes per parameter storing both a 16-bit and a 32-bit 

version  
b. Parameter gradients used in parameter updates, with 2 bytes per parameter 

using mixed-precision training  
c. Parameter optimizer states, which are used to modulate the update of the 

parameters, with 8 bytes per parameter across 2 optimizer values  
3. Miscellaneous scratch-pad buffers, such as buffers needed for read-in of input training 

data and buffers needed for network communication.  
This blog will use the NLP model as the representative DL model, to examine the Accelerator-
Memory capacity required for a OTP model. Similar analysis can be done for the other model 



types, such as the RCNN and DLRM models. With regards to the RCNN models, the input image 
sizes may be large and the input data will be a key component of the Miscellaneous-buffers 
space needed. With regard to the DLRM models, the input embedding tables may be large and  
will be a key portion of the Miscellaneous-buffers space.  
 
3.2.1. Activations 
Activations are calculated during the forward-pass phase and need to be either stored or re-
calculated for re-use during the backward-pass computation. 
The number of activations depends on the model type and its constituting layer types, layer 
counts, the size of the inputs/training samples and the mini-batch-size.  
The GPT-3 model uses 96 MHAT layers, a 2048 input sequence length and a 12288 model-
dimension. The GPT-3 model training further used a mini-batch-size of 3.2 million tokens or 
1560 sequences. With this mini-batch-size, the training would have stored 75.6 trillion 
activations.  
Scaling to the GPT-3 model to a OTP model, the OTP model would store 2292.2 trillion 
activations, and need a memory size of 4585 TB. 
The above analysis shows the tremendous Accelerator-Memory capacity challenge that 
practitioners face, when training a OTP model, for storing activations.  
Accelerators in 2021 will have Accelerator-Memory capacities of about 64GB [7], indicating that 
practitioners cannot store these values in Accelerator-memory as is, since this would take over 
70K Accelerators.  
Two alternate methods are Activation-checkpoint and Offload-to-CPU-Memory.   
Activation-checkpointing, is a method where only the activations from the compute-intensive 
layers are stored and activations of the other layers are re-computed on-the-fly when they are 
needed [16]. Aggressive application of the method can reduce the memory-capacity required by 
a square-root factor with an increase of about 33% in the FLOPs required. The 4585 TB can thus 
be to 67.6 TB, with a TTT increase of 33%.  
The Offload-to-CPU-Memory offloads the activations to the CPU system-memory, with a 
representative algorithm being [8]. A minimum Accelerator-to-CPU bandwidth of 25 GB/s is 
required to sufficiently overlap the read-in of activations the backward-pass computation, such 
that the Accelerators do not stall.  
The analysis in section 3.1 shows that scaling the DLDC to FLOPs required for an acceptable TTT 
is a tremendous challenge. Any increase in the FLOPs, as required by the activation-checkpoint 
method, is not palatable. Therefore, the Offload-to-CPU-Memory method would be 
recommended approach to storing the activations.   
3.2.2. Model states, including Parameters, their gradients and optimizer states 
The parameters and their gradients of an OTP model would need 8TB of space.  
Optimizer states of an OTP model would need 8TB of space, for commonly used optimizers 
such as the ADAM optimizer [9], which store two 32-bit values, namely the momentum and 
variance of the gradient of the parameter. 
3.2.3. Miscellaneous buffers 
Miscellaneous buffers are primarily used for the input samples being processed, embedding 
input tables, network communication, check-pointing and scratch-pad operations. For NLP 
models, a conservative estimate is to use 2 bytes per model parameter, and so would need 2TB 
of buffer space.  
With regard to DLRM models, the input embedding tables can be very large and run into multi-
terabytes, as described in [5]. In such cases, the recommended approach is to store the input 
tables on the host-CPU system-memory, and assign the input layer to the host-CPU for the 



computation, with the rest of the computation pipelined on the Accelerators. The host-CPU 
FLOPs performance as well as the CPU-to-Accelerator network-bandwidth needs to be scaled up 
to acceptable levels, such that the Accelerators do not stall, waiting for the activations from the 
input layer.   
3.2.3. Summary and recommendation 
In summary, the recommend approach for storing the intermediate value and the model states 
of a NLP OTP model would be: (a) offload the activations to the host CPU system-memory (b) 
store the rest of the data, including parameters, gradients and optimizer states, up to 18TB, in 
the Accelerator-Memory.  
As described in Section 3.1, a OTP model needs a 10 ExaFLOPs/s DLDC with about 30K 2021 
Accelerators to complete training with a tractable TTT of two weeks. If each Accelerator in the 
DLDC has an Accelerator-Memory of 64GB, then the DLDC would need to be organized and 
orchestrated into DL Sub-clusters (DLSC) of 600 Accelerators each, to store the 18TBs of data, 
and the DLDC would have 50 such DLSCs.   
 
3.3 Distributed-Training Method for efficient scaling  
Key challenges of the Distributed-Training method are:  

1. Full utilization of the DLDC Accelerator resources including the computing, the 
Accelerator-memory and networking bandwidth, and minimize Accelerator bubbles or 
idle-time  

2. Delivering a scaling efficiency of at least 66%  
This blog will examine two methods.  
The first method is called the DP-ZERO method. The second method is called the MP-DP 
method. A representation NLP OTP model is used in the analysis.  
3.3.1. DP-ZERO distributed-training method 
The DP-ZERO method applies the Data-Parallel (DP) method within the DLSC as well as across 
the DLSCs. The DP method is a SIMD approach, where the training batch is spliced into mini-
batches and each Accelerator trains the entire model on its own mini-batch in parallel with 
other Accelerators, with an averaging of the parameters at the end of each step or epoch.  
Further, the ‘Zero’ algorithm described in [10] is applied on storing and fitting the model states 
into the available 38.4TB of Accelerator-memory across the 600 Accelerators in the DLSC. With 
the Zero algorithm, each Accelerator computes the entire model but only stores a portion or a 
partition of the model. Accelerators read-in model parameters and activations of partitions that 
they do not own, from the Accelerators owning that the partition data, when needing the data.  
The DP-ZERO method further applies the DP method across the DLSCs, and each DLSC computes 
the model on its own mini-batch, in parallel with the other DLSCs. 
3.3.2. MP-DP distributed-training method 
The MP-DP method applies the Model-Parallel (MP) method within the DLSC and the DP method 
across the DLSCs. The MP method is a MIMD approach, where the model is split ‘vertically’ or 
otherwise, and each slice is assigned to an Accelerator, and the Accelerators train the model in a 
pipeline fashion. Thus, the model is split and pipelined across the 600 Accelerators in a DLSC.  
Either the ‘Pipedream’ algorithm described in [11] or the ‘GPipe’ algorithm described in [12] can 
be applied to pipeline the processing, to reduce the startup time as well as minimize Accelerator 
idle-time. Both methods split the mini-batches into micro-batches and pipeline the micro-
batches. The Pipedream algorithm is superior to the GPipe algorithm on the minimization of the 
Accelerator idle-time, at the cost of increased complexity and Accelerator-memory usage for 
maintaining versions of parameters. Since TTT is the more significant challenge than 
Accelerator-memory space in training a OTP model, the Pipedream approach would be the 



recommended approach. The MP-DP method further applies the DP method across the DLSCs, 
with each DLSC computing the model on its own batch, in parallel with the other DLSCs.  
3.3.3. Summary and recommendation 
DP-ZERO method is superior to the MP-DP method with regard to TTT but needs higher network 
bandwidth. Since TTT is the most pressing challenge, the DP-ZERO method would be the 
recommended distributed-training method. The MP-DP method is best for infrastructures 
where the network bandwidth is constrained. 
In the use-case where the model has a layer that is too large for the layer matrix-multiplication 
tensors to fit into the 64GB Accelerator-memory available space on a single Accelerator, even 
with a batch-size of one, the DLSC needs to be further sub-divided into mini-DLSCs of 
appropriate number of Accelerators. The SUMMA or 2.5D matrix-multiplication algorithm needs 
to be used to split the matrices across the Accelerators in the mini-DLSC [13], and the mini-
DLSCs would need to implement either the DP or the MP approach.  
 
3.4 Accelerator-to-Accelerator Network bandwidth required  
Figure 1 shows a block-diagram of the DLDC with its DLSCs. To analyze the network bandwidth 
needed, the formula of n*β*log(p) from [14] is used, to calculate the time taken for a broadcast 
transfer, where n is the amount of data broadcast, β is the network bandwidth and p is the 
number of nodes. 
The bottleneck for communication within the DLSC, in the DP-ZERO method, is the broadcast of 
the parameters and activations from the Accelerator owning the data to the other 599 
Accelerators in the DLSC, ahead of the backward-pass computation of layer. For a NLP OTP 
model, a minimum ingress network bandwidth of 208 GB/s with a 50% utilization assumption, or 
a bi-directional network bandwidth of 416 GB/s, per Accelerator, would be required for within 
DLSC traffic.  
The bottleneck for communication across DLSCs, in the DP-ZERO method, is the read-in of 
parameters into an Accelerator in a DLSC, at the end of a step, from corresponding Accelerators 
in the 49 other DLSCs, such that the parameters can be averaged. For a NLP OTP model, a 
minimum ingress network bandwidth of 54GB/s or a bi-directional bandwidth of 108GB/s, per 
Accelerator, would be required for across DLSC traffic.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 

Figure 1. Block-diagram of the DLDC with its DLSCs. 
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3.5 Creating large-enough training datasets  
Two learning approaches are generally used for training, with respect to the training dataset, 
namely (a) fully supervised learning with a single training dataset with labels (b) transfer 
learning with a large training dataset with or without labels for ‘coarse supervised’ training and 
a smaller training dataset with labels for ‘fine-tuning’ training. In both approaches, a large 
enough training dataset must be created to prevent over-fitting and degradation of the 
generalization error of the model.  
Several scaling studies, such as [2, 15], have shown that a power-law relationship exists between 
generalization error and the training dataset size.  
For NLP models, the dataset size is related to the model-size with an exponent of 0.74 [2], and 
so an 10x increase in model parameters needs a 5.5x increase in the dataset size. The GPT-3 
SOTA baseline model used a dataset size of 238 billion tokens for its 175 billion parameters [1]. 
A NLP OTP model would need a dataset of 864 billion tokens.  
For Image models, the model-size is related to the training dataset size with an exponent of 
0.57[15], and so an 10x increase in training dataset size will support a model size increase of 
3.7x.  The Cascade-RCNN A SOTA baseline model used a dataset size of 118E+3  images from the 
COCO dataset, for its 345 million parameters. A RCNN OTP model would need a training 
dataset size of about 120 billion images.  
The key challenges for practitioners on creating sufficiently large training dataset are: 

a) Methods to create and check the quality of the large dataset. Checks must include 
incorrect or missing labels, malformed data such as incorrect resolution of images, 
contamination, duplication with test or evaluation data and unintended biases such as 
biases against gender, race or country in the data.  

b) Ability to store and delivering the large dataset to the DLDC, in a performant and TCO-
optimized manner  

SOTA methods for creating and cleaning training large datasets for NLP models are described in 
[1] and [18]. The common NLP training datasets include the Common Crawl dataset [19] and 
Wikipedia.  
SOTA methods for creating and cleaning large training datasets for RCNN models are the 
methods described in [20].  
 
3.6 Checkpointing and Reliability technology  
With the TTT in the order of two weeks or more, efficient checkpointing methods need to be 
used, to ensure that the training can be restarted on the event of a severe software or hardware 
failure. A representative efficient checkpointing method is the ‘DeepFreeze’ method described 
in [17].  
Additionally, the DLDC needs to monitor the critical components of the cluster, including the 
networking components, Accelerators, CPU system-memory and storage SSDs for incipient 
failures and take appropriate actions to prevent a severe hardware failure. Overall, appropriate 
checkpointing and reliability methods need to be implemented such that the Mean-time-
between-failure (MTBF) of the DLDC far exceeds the TTT.  

 
4. Summary and concluding remarks 

Deep-Learning practitioners will face six primary system scaling challenges as they push to 
models with one trillion parameters and beyond, namely FLOPs required, memory, network 
bandwidth, training dataset and reliability.  
The blog article shows that a 10 ExaFLOP/s Distributed-Training-Cluster (DLDC) will be needed to 
deliver FLOPs required to achieve a tractable time-to-train of two weeks. To store the model 



states and intermediate values, sub-clusters (DLSC) of 600 Accelerators with each Accelerator 
having a memory capacity of 64GB is required, along with the offloading the activations to the 
host-CPU system-memory. The ‘DP-ZERO’ distributed-training method is the recommended 
method to distribute and orchestrate the training as well as the memory-storage with the DLSCs 
and across the DLDC. High-performance networking is needed, with a minimum network-
bandwidth of 410GB/s per Accelerator for within the DLSC traffic and a minimum network 
bandwidth of 104GB/s per Accelerator for traffic between the DLSCs. A sufficiently large training 
dataset is required to prevent overfitting and appropriate checkpointing methods need to be 
used to ensure that the training can complete, without severe errors.  
 
 
 

Hey! If you have questions or found this blog actionable or 
insightful, please contact me or drop a note via the ‘Contact Us’ 
page. 
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