
Deep Neural Networks for Parameter Estimation with Inverse Maps 
and for Subgrid-Scale Models on the Cerebras CS-2 AI-Cluster

Research Details
• Performance evaluation of training on Cerebras CS-2 compared to a

4-core CPU system shows that large-scale models with tens of millions of 
parameters are trained extremely efficiently on the CS-2 platform

• Long setup phase of CS-2 is amortized by fast execution of training algo’s
• In order to transition to CS-2 system, operations in neural network 

models must be supported by the Cerebras framework

Scientific Achievement
• Train large-scale neural networks on the Cerebras CS-2 AI accelerator 

to learn inverse maps that estimate parameters in physical and 
statistical models

• Design new convolutional neural networks enabling super-resolution 
for subgrid-scale variability of wind speeds in Earth’s atmosphere

Significance and Impact
Leverage new AI hardware to quickly train large-scale neural 
network models with tens of millions of trainable parameters. 
Training time on Cerebras CS-2 increases only mildly while the 
number of trainable parameters grows exponentially.
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Table 4: Performance comparison between a reference CPU system and Cerebras CS-2. The number of units
per dense layer is varied from 32 to 2048 while keeping the number of layers fixed to eight; the trainable NN
parameters increase exponentially. The runtimes are given for 1,000 epochs or processing of a total of 1,000,000
training samples.

Units per layer 32 128 512 2048
Trainable NN parameters 39,490 243,970 2,352,130 31,428,610

CPU (reference) Total [sec] 21.0 47.9 221.6 2,576.2
Cerebras CS-2 Total [sec] 178.6 177.6 191.1 810.4

Setup [sec] 173.7 173.0 185.4 801.5
Train [sec] 4.9 4.6 5.7 8.9

CPU (reference) Samples/sec 47,577.9 20,864.8 4,512.1 388.2
Cerebras CS-2 Samples/sec 204,956.5 217,493.3 174,454.2 112,483.5
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Figure 2: Comparing runtimes of a reference CPU system and Cerebras CS-2. CS-2 has a very low runtime
for training, which increases only mildly while NN models increase exponentially in the number of trainable
parameters (Table 4). The most time is spend in the setup phase where the source code is mapped and compiled
for the CS-2 platform.

NN models (here below 512 units per layer) lead to the question, whether the larger models can benefit the
scientific problem we are interested in. It is indeed the case that the large NN models can crucially benefit the
accuracy for our parameter estimation problem. This is demonstrated in Figure 3, where the top row of plots
(Figure 3A) shows the accuracy of the NN model with 32 units per layer, and, in contrast, the bottom row of
plots (Figure 3B) shows the results for the NN model with 2048 units per layer. It can be clearly seen that the
larger model is able to significantly improve the accuracy of the parameter estimation.

Figure 4: CNNs for subgrid res-
olution of wind speed data. Top
and bottom rows of plots are results
for two di↵erent samples of testing
data. From left to right: coarse wind
speed input to CNN; CNN predic-
tion in high resolution; true/target
high-resolution wind speeds; errors
between predicted and true.

Results for Subgrid-Scale Variability This performance study has the
purpose to stress the data throughput of the CS-2 system and compare it
to the reference CPU system. As mentioned in Section 3, porting the model
code to the CS-2 system has been challenging and has not been completed
yet. Hence, this section briefly discusses only the scientific results and does
not provide details on the performance.

Figure 4 shows the results of the NN-based subgrid resolution problem.
The results were obtained on the reference CPU system. The figure has two
rows, each corresponding to one sample of the testing data set. The left
column of plots shows the the coarse resolution images of wind speeds that
are input into the CNN and the subsequent column shows the NN outputs
in fine resolutions. The true wind speeds are shown in the third column and
the rightmost column depicts the errors between true and predicted.

These results demonstrate the potential of CNNs to reconstruct high-
resolution wind speeds from coarse inputs. We are expecting the results to
improve more, when we can leverage the CS-2 system, which would allow
us to run large-scale models. We expect larger CNN models to significantly
improve the scientific results, as demonstrated for the ODE parameter estimation problem in Figure 3.
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