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Figure 2: GenSLMs learned latent space describes biologically
meaningful properties for SARS-CoV-2 genomes. (A) The em-
beddings from GenSLMs are visualized with t-distributed sto-
chastic neighbor embedding (t-SNE) and each gene sequence
is represented as a dot in the 2D plot. We paint each sequence
by its variant ID – although we have more than 515 PANGO
(Rambaut et al., 2020) lineages represented in the data, we
only show those with WHO designated labels. (B) The latent
space can also be painted with the MAFFT-determined align-
ment score (Yamada et al., 2016) with respect to an Omicron
genome; clustering in the distance measures is clearly visible.
Visualizing the sequence log-likelihood (blue bar) and the
cross-protein attention (orange lines) from (C) Delta and (D)
Omicron SARS-CoV-2 strains highlights how different the co-
evolutionary patterns are in these lineages. It is interesting
to note that while the Spike protein from Delta strain shows
coupling to nsp3, nsp5, and other proteins, these couplings
are not observed in the Omicron strain.

demonstration of the power of GenSLMs trained on the SARS-
CoV-2 genomes, the learned latent space projected onto a low-
dimensional manifold as determined by t-distributed Stochastic
Neighbor Embedding (t-SNE) meaningfully distinguishes the SARS-
CoV-2 variants as shown in Fig. 2. This observation is significant
because this GenSLM-25M model was specifically trained only
on the first year of the SARS-CoV-2 data (consisting of ∼ 85,000
SARS-CoV-2 genome sequences) – meaning that the model did not
have the opportunity to see any of the other strains. Thus, the
ability of GenSLM to generalize and distinguish between SARS-
CoV-2 variants implies that the learning process is robust and the
underlying features can generalize to downstream tasks. We also
note that as the model parameters increase, the perplexity of the
model also improves, agreeing with previous observations (Radford
et al., 2018).

We note however that these training runs frequently take >1
week on dedicated GPU resources (such as Polaris@ALCF). To en-
able training of the larger models on the full sequence length (10,240
tokens), we leveraged AI-hardware accelerators such as Cerebras

CS-2, both in a stand-alone mode and as an inter-connected cluster,
and obtained GenSLMs that converge in less than a day (Sec. 5.2.4).

5.2.2 Reward-guided beam search for generative modeling. A sub-
sequent use of the GenSLM models is in its ability to generate new
SARS-CoV-2 sequences, with the eventual goal of predicting yet
unseen VOCs. One challenge with such sequence-based generation
strategies is sampling sequences with particular properties. Given
a conditional sequence model 𝑝\ with weights, 𝜃 , the most likely
sequence is 𝑝\ (x) =

Î )
C=1 𝑝\ (𝑥C|𝑥0, . . . , 𝑥C−1, 𝑐) where 𝑐 is the con-

text from the previous inference. However, computing this directly
is generally intractable as it is O(64) ), where 𝑇 is the maximum
sequence length with a vocabulary of size 64. Heuristics like greedy
sampling are commonly used, where a sequence is generated iter-
atively, with the next token 𝑥C, maximizing 𝑝\ (𝑥C|𝑥0, . . . , 𝑥C−1, 𝑐)
with complexity O(𝑇 ) .

Beam search is standard practice, combining a search strategy
with a heuristic where 𝑘 is the number of beams explored with
complexity O(𝑘𝑇 ). First, 𝑘 samples are drawn with the highest
probability (or sampled from a multinomial distribution) and added
to the set of possible hits Xbeam. Let X8

beams be the set of beams
of length 𝑖 . Then, for time step 𝑡 , select 𝑘 tokens 𝑥C from the set
of all tokens which score highest (or sampled from multinominal
distribution) via 𝑝\ (𝑥C|X8

beams, 𝑐). The highest scoring beams from
Xbeam are selected via 1

! U
Í !

C=1 log𝑝\ (𝑥C|𝑥0, . . . , 𝑥C−1, 𝑐) and out-
put, where 𝐿 is the length of a sequence and 𝛼 , is a length penalty.

Given an episodic reward function 𝑅(𝑥) = Í !
C=1 𝑟C(𝑥C), we mod-

ify the scoring function for beam search with

𝜇

𝐿U

!Õ

C=1
log𝑝\ (𝑥C|𝑥0, . . . , 𝑥C−1, 𝑐) + (1 − 𝜇)𝑅(𝑥) (1)

where 0 ≤ 𝜇 ≤ 1 is a hyperparameter. Since the reward function is
episodic, at each step of beam search, the highest scoring beams
are chosen with

𝜇𝑝\ (𝑥C|X8
beams, 𝑐) + (1 − 𝜇)𝑟C(𝑥C). (2)

This scoring modification effectively alters the likelihood of to-
kens to be sampled based on maximizing the reward function. In
order to sample sequences that are similar to a fixed sequence 𝑦,
we utilize 𝑟C(𝑥C) equal to the global alignment score between 𝑦C
and 𝑥C(Needleman and Wunsch, 1970). This scoring bias modifica-
tion effectively implements a property scoring function into beam
search without altering the complexity of beam search sampling.
In the case of non-episodic reward functions, rewards can only be
computed at the final time step in eq. 1.

5.2.3 Diffusion-based hierarchical modeling. Token-level autore-
gressive modeling has difficulty in generating coherent long se-
quences due to its underlying challenge in capturing long-range
dependencies (Papalampidi et al., 2022, Sun et al., 2021, 2022). We
developed a new hierarchical-modeling method based on a latent-
space diffusion model that operates on the ‘sentence’ level. For
each genome sequence, we uniformly truncated every 512 codons
by a special separator symbol; these 512 codons are considered a
‘sentence.’ (We set 512 codons to be a sentence such that the average
number of sentences per sequence, around 20, matches the number
of ORFs and non-coding regions: around 17.)
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Table 1: Description of GenSLMs foundation model archi-
tectures. #H – number of attention heads; #L – number of
layers; 𝑑model – embedding size; LR – learning rate (if range
is specified, decayed by factor of 10 each update); B – global
batch size in number sequences per step; P – total number
of trainable parameters; MSL – maximum sequence length.
The † denotes models that we were also able to train on the
10,240 sequence length for the full genome.

#H #L 𝑑model LR B P MSL

GPU

8 8 512 5e-05 4096 25M 2048†
16 12 1,840 5e-05 4096 250M 2048†
64 26 3,968 5e-05 512 2.5B 2048
64 64 8,192 5e-05 - 5e-09 1024 25B 2048
#H #L 𝑑model LR B P MSL

CS-2

12 12 768 2.8e-04 33 123M 10240
12 12 768 2.8e-04 132 123M 10240
16 24 2048 7.5e-05 11 1.3B 10240
16 24 2048 1.5e-04 44 1.3B 10240
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Figure 3: Illustration of diffusion-based hierarchical mod-
eling. To predict a codon (such as TAA), we use both the
previous codons within the context window (we use size 3
shown in green for illustration) and the high-level represen-
tations z.

Our diffusion-based hierarchical modeling method consists of
three parts: (1) Learning high-level representations:We trained
a new encoder to embed sentences into a latent space with a con-
trastive loss such that learned features better capture high-level
dynamics. Our contrastive loss is similar to the masked language
modeling objective used in SpanBERT (Joshi et al., 2020), where
we predict missing sentences in the middle by conditioning on
the previous and the next sentences, and, at the same time, using
randomly sampled sentences as negatives (distractors).

A B

Figure 4: Diffusion-based hierarchical modeling of SARS-
CoV-2 genomes results in generation of sequences that cap-
tures the correct context of various open reading frames
(ORFs). (A) Comparison of statistics measured on generated
sequences and on real data for the ORFs. Diffusion-based
hierarchical LM has a global high-level plan whereas the
baseline can only take into account the previous 1023 codons.
(B) Generated sequences (light blue) from the model overlaid
on the phylogenetic tree demonstrate that these sequences
are similar to observed strains.

(2) Modeling high-level dynamics with a diffusion model:
Given the encoder output of each genome, i.e., a sequence of sen-
tence embeddings, we train a diffusion model to learn their dis-
tribution. The diffusion model parameterizes the distribution of
high-level representations by applying a sequence of denoising
operations on top of Gaussian noise. Similar to previous work (Ho
et al., 2020, Vincent, 2011), we used denoising score matching as
the training objective; we gradually apply noise to desired target
representations and the diffusion model learns to denoise at each
step.

(3) Fine-tuning LMs with high-level planning: Similar to
Time Control LM (Wang et al., 2022), we fine-tuned GenSLMs as
the decoder to generate the genome sequence conditioned on high-
level representations learned in step (1), which we term the ‘high-
level plan’. The decoder predicts the current codon token using
previous codon tokens within the context window size and the
corresponding sentence embeddings. The training objective is the
same as in training the original GenSLMs.

The overall generation procedure is shown in Fig. 3. Note that
without the guidance of the high-level representations z0, the de-
coder can only take into account a limited amount of context, but
with the guidance of z0, the decoder can take into account long-term
context because z0 is modeled globally.

We conducted experiments by training a baseline LM and a
diffusion-based hierarchical LM on the 1.5M SARS-CoV-2 genomes
(see Sec. 5.1.1). The goal of this experiment was to primarily assess
if the diffusion model can ‘stitch’ together the context of the genes
together at the genome-scale (much like how words are ordered
in a sentence). The baseline LM is the hierarchical LM without
high-level guidance - essentially, a normal transformer language
model. We initialized both the baseline LM and the hierarchical
LM decoders from the 2.5B foundation model trained on individual
genes from BV-BRC (see Sec. 5.1.2). We used a context window
size of 1,024. The sentence encoder is initialized from the 25M
foundation model. The diffusion denoising model is a transformer
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with the same architecture as BERT (Kenton and Toutanova, 2019).
We used 10 nodes from Polaris@ALCF for training, with a total of
40 A100 GPUs. We used an Adam optimizer with a learning rate
of 1e-4, a batch size of 2, and trained for 13k updates. Training
took approximately 6 hours. At generation time, we used a sliding
window-based approach: we first generate 1,023 codons from a
start-of-sequence symbol, then move the window 512 codons to the
right, generate the next 512 codons, and repeat this process until
either end-of-sequence is generated or a maximum of 15k codons
have been generated.

To evaluate if the generated samples capture high-level dynamics,
we compared the distribution of the number of 5’-3’ ORFs on real
data and on 1,000 samples from the model. As shown in Fig. 4A,
the diffusion-based hierarchical model outperforms the baseline
LM in generating realistic ORFs, possibly due to the high-level
plan, whereas the baseline LM can only account for the previous
1,023 codons. We also display the phylogenetic tree (see Sec. 5.3)
of the generated sequences from the diffusion-based hierarchical
model against real genomes in Fig. 4B. The plot exhibits that the
generated sequences cover the different lineages including all the
variants. Note that sequences with >120 mutations (1.4% of all
generated sequences) were excluded; this further demonstrates that
the diffusion-based hierarchical model can generate sequences that
are of higher quality than the standard transformer-based model.

5.2.4 Training with full viral genome sequences on Cerebras Wafer-
Scale Cluster. Training LLMs on whole SARS-CoV-2 genomes with
dense attention is challenging when using traditional approaches
and hardware. With codon-based encoding, the model needs to han-
dle sequences of 10,240 tokens. This results in high memory and
computational demand, severe limitations to batch sizes to fit on a
single device, and thus a need to develop and orchestrate compli-
cated hybrid parallelism approaches to get reasonable performance
with clusters of traditional devices. We overcome these challenges
with the Cerebras Wafer-Scale Cluster (Hall et al., 2021), where it
is possible to use only simple data parallelism, and achieve linear
weak scaling, even when LLMs are trained on very long sequences.
We pre-trained two GenSLMs to convergence on full viral genomes
with dense attention (Table 1) using a sequence length of 10,240
codon tokens on a single CS-2, and on a cluster with four CS-2s,
achieving desired accuracy and perplexity results in less than a day.
Beyond compute performance, the Cerebras Wafer-Scale Cluster
provides high usability through the appliance workflow, where
users no longer need to handcraft different parallelism choices
for their given hardware and only need to specify the number of
CS-2s to start data-parallel training. This flexibility allows faster ex-
periment iterations without compromising performance. Training
GenSLMs with multiple CS-2s is pioneering work with the Cerebras
Wafer-Scale Cluster, which demonstrates the potential of dedicated
AI hardware to apply LLMs on long-range context and work with
genome sequences at scale.

5.3 Phylogenetic analyses of whole genomes
As described in Sec. 5.1.1, we used a set of 16,545 sequences from
the Houston Methodist Hospital System that were filtered for high-
quality in order to analyze GenSLM outputs. We selected a diverse
subset by embedding these sequences, tessellating the embedding

space using a Gaussian mixture model (𝑁 = 40), and then sampling
each tessellation using a uniform distribution, resulting in a set of
1,000 sequences maximizing coverage of the embedding space.

The 1,000 sequence subset was aligned to the NC_045512.1 severe
acute respiratory syndrome coronavirus 2 isolateWuhan-Hu-1 com-
plete genome sequence using Mafft v7.310 (Yamada et al., 2016). We
then generated a Newick-format phylogenetic tree from the align-
ment using RAxML Next Generation (Kozlov et al., 2019), which
offers significant speed improvements over RAxML (Stamatakis,
2014). We then generated a phylogenetic tree using RAxML-NG’s
"search" algorithm, which searches for a maximum-likelihood tree
amongst 10 parsimonious trees and 10 randomly generated trees.
This takes ∼9 hours on 5 CPUs (the recommended RAxML-NG
parallelization settings for our data.) We used the most likely tree
generated as a seed tree for running further analyses with UShER.

UShER (Ultrafast Sample placement on Existing tRee, (Turakhia
et al., 2021)) is a SARS-CoV-2-specific analysis tool that can quickly
place new SARS-CoV-2 genomes onto an existing SARS-CoV-2
phylogenetic tree on the basis of mutation tracking. In addition
to to a “seed” phylogenetic tree, UShER requires a variant call
format (VCF) file to track mutation data, which we generated from
our multiple sequence alignment by using snp-sites ((Page et al.,
[n.d.])). UShER stores the mutation information along with the tree
in Google’s protobuff format created from the VCF and tree files.

We then used this tree as the basis for quickly examining and
labeling generated sequences of interest. Generated sequences are
(1) converted to fasta format, (2) aligned to the NC_045512 reference
genome sequence, (3) mutation profiled using snp-sites, (4) placed
on the seed phylogenetic tree using UShER, (5) proposed a variant
label on the basis of the labels of its K nearest tree neighbors (where
K=20 in our analyses), and (6) flagged for further examination if the
sequence has the longest phylogenetic distance to the NC_045512
reference genome amongst its X nearest neighbors.

We chose this flagging scheme to select for sequences that were
more distant to the original strain than the other sequences in their
close lineage, as these sequences represent more heavily mutated
novel genomes that may be more likely to produce variants of
interest or concern.

5.4 Integrated visualization
When visualizing long-distance genomic relationships, a linear lay-
out created edges crossing over entities and affected readability. We
therefore developed a circular arrangement to visualize relation-
ships between entities and positions. The visualization is flexible
and supports a rich set of layers to encode various data properties.
The outermost layer shows ORFs along the SARS-CoV-2 genome,
while the next layer displays protein-coding locations. These in-
teractive layers allow users to select an ORF or protein for closer
examination. All other layers (except the innermost) display differ-
ent properties of codons in the gene sequence. The layers encode
codon properties and are presented with custom visualizations
based on the property type; e.g., Fig. 2C and 2D, where probabilities
of codons are encoded using a radial bar chart (intensity of the
color represents the probability). The innermost layer visualizes the
GenSLM attention relationships between codons. To reduce visual
clutter, we employed hierarchical edge bundling techniques.
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Figure 5: Conceptual overview of our workflow. A "Thinker"
orchestrates data flow between two applications, namely the
sequence generator and the Bayesian optimization to drive
the generated sequences towards a target property using
reward-guided beam search, where 𝜇 represents the mixing
constant used to balance the reward function against the log
likelihood of generating the next token.

5.5 Workflow infrastructure
As illustrated in Fig. 5, we implemented and scaled the reward-
guided beam search procedure (see Sec. 5.2.2), leveraging a work-
flow that couples (1) a GenSLM sequence generator, and (2) a
Bayesian optimizer to tune the reward mixing hyperparameter
𝜇 to bias the generator towards a target property. On startup, an
ensemble of GenSLM generators are submitted to perform an ini-
tial grid search over the 𝜇 ∈ (0, 1) parameter space, providing
sequences to update a Gaussian process surrogate model. This, in
turn, suggests new 𝜇 values throughout the duration of the run.
Parameters are chosen by random sampling of 𝑛 points, and are
scored by their negative expected improvement (the optimization
is a minimization). Each generation task uses a single A100 GPU on
Polaris to run an instance of the a 25M parameter GenSLM model,
whereas the optimizer task uses the CPUs on a single node.

We extend the Colmena workflow toolkit by implementing an
Application abstraction for each workflow task (component). The
Application provides for (1) inter-process communication when
tasks are externally executable programs, and (2) warm-able func-
tions to avoid duplicate initialization. The Application abstrac-
tion enables us to isolate the many generator instances from the
Bayesian optimizer such that a single Thinker, executed on the
login node, orchestrates communication and task submission to
drive the property optimization. Leveraging Colmena allows us to
implement concisely a multithreaded Thinker where one thread
is responsible for handling outputs from the sequence generators
and immediately submitting a new generation request to maximize
utilization of the workers. This thread then handles any potential
task failures by checking the return status and allows the workflow
to be robust to application-level failures due to uncaught excep-
tions and hardware failures. The successful results are placed onto
a queue where another thread reads and batches the results, (𝜇, se-
quence) pairs, for submission to the Bayesian optimizer application.

Table 2: GPU supercomputing systems used for evaluation.
Polaris Selene

June-2022 Top 500# 14 8
System size (nodes) 560 560
CPU AMD Milan AMD Rome
Sockets/Node (total cores) 1 (32) 2 (128)
System Memory (TB) 0.5 2
Number of GPUs per node 4 8
A100 GPU Memory (GB) 40 80
GPU Memory Technology HBM2 HBM2e
GPU Memory BW (TB/s) 1.5 2.0
Interconnect HPE Slingshot-10 Mellanox Infiniband HDR
NICs per node 2 8
Network BW per direction (GB/s) 12.5 25
Number of nodes (GPUs) scaled 512 (2048) 512 (4096)

To further improve utilization of the workflow, we augment the
Thinker with a inference-only copy of the surrogate model which
is periodically transferred via pickling from the Bayesian optimizer
application.

Workflows expressed with Colmena contain three components:
a Thinker, a task server, and one or many workers. The Thinker
defines the policies of the workflow, i.e., the dynamic dispatching
of tasks and consumption of results. The Thinker is composed of
agents; agents interact with each other and the task server via
shared data structures. The task server pulls task definitions (task
name and input pairs) from a task queue and executes tasks on
workers via Parsl. The task server communicates task results from
workers back to agents via a results queue.

For large task inputs or results, Colmena provides integration
with ProxyStore (pro, 2021), a library for decoupling data movement
from control flow. Task inputs or results that exceed a user-defined
threshold are automatically communicated to the worker executing
the task via more optimal means (e.g., file system or Redis server).
This reduces overheads in the task server and workflow manager
and enables lower latency task execution and higher throughput.

6 HOW PERFORMANCEWAS MEASURED
We evaluate the performance of GenSLM models on a diverse set of
systems. We first explore the performance on two leadership class
GPU-based supercomputing systems: 1) Polaris supercomputer at
the Argonne Leadership Computing Facility (Polaris@ALCF), and
2) Selene supercomputer at NVIDIA (Selene@NVIDIA). Next, we
evaluate the performance on the Cerebras CS-2 wafer-scale cluster.

In the June 2022 Top-500 list (Top500, 2022), Polaris is ranked at
#14 with a peak of 44 PFLOPS and Selene is at #8 with a 63.4 PFLOPS
peak. Table 2 compares the two systems used for evaluation. The
Polaris system is an HPE Apollo Gen10+ system with 560 nodes
interconnected with HPE Slingshot 10 using a Dragonfly topology.
Each node consists of an AMD “Milan” processor with 32 cores
with 512GB of system memory. Each node has four NVIDIA A100
GPUs—each with 40GB memory. Each node has two Slingshot-10
endpoints at 12.5 GB/s for the interconnect network. Selene is based
on the NVIDIA DGX SuperPOD platform and consists of 560 nodes
interconnected with Mellanox HDR fabric. Each node consists of
two AMD “Rome” processors, each with 64 cores and 2TB system
memory. Each node has eight NVIDIA A100 GPUs, each with 80GB
memory. Each node has eight Mellanox ConnectX-6 HDR endpoints
at 20 GB/s each for the interconnect network. Each A100 NVIDIA
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GPU is capable of achieving a peak of 19.5 TFLOPS in FP32, 156
TFLOPS in TF32, and 312 TFLOPS in FP16 and BF16.

GenSLM was written with the PyTorch Lightning API (Pytorch,
2022), using transformer models from the Hugging Face repos-
itory (huggingface, 2022). PyTorch Lightning allows the use of
several distributed training strategies to scale model training on
clusters and supercomputers. This includes DistributedDataParallel
and DeepSpeed (Rasley et al., 2020). We use mixed precision using
FP16 and FP32 for our training runs. We focused our efforts on
DeepSpeed, as its employment of various ZeRO strategies for opti-
mization reduces the overall memory utilization in model training,
particularly for large parameter models (Rajbhandari et al., 2020).
Briefly, ZeRO strategies partition memory for training models—
including the optimizer, gradient, and model states—to use aggre-
gate memory across all GPUs. This enables training larger models
on GPU-based systems and trades overall memory capacity for
additional re-computation and communication. In particular, ZeRO-
1 partitions optimizers across GPUs, ZeRO-2 partitions both the
optimizers and gradients across all GPUs, and ZeRO-3 partitions
the parameters, in addition to ZeRO-2 optimizations, across all
GPUs. Additionally, ZeRO-3 can scale model sizes by leveraging
CPUmemory and any node-local storage to offload optimizer states,
gradients, parameters, and optionally activations to CPU. We used
PyTorch 1.12.0 and used NVIDIA NCCL 2.10.3 as the backend for
DeepSpeed. We used an environment with Docker containers for
the runs on Selene, and a bare-metal build using Conda on Polaris.

To measure compute performance of GenSLM model training,
we use the DeepSpeed flops profiler (Deepspeed, 2022). The Deep-
Speed flops profiler provides the flops and latency of the forward
and backward passes and latency of the weight updates, and thus
the compute performance of the GenSLM models. For scaling stud-
ies, we measure the entire end-to-end time including I/O as well
as model training at scale. We measure achieved throughput in
samples per second as the number of GPUs scales on the system.
We use the NVIDIA Nsight tool (Bradley, 2012) to get an in-depth
performance analysis.

CerebrasWafer-Scale Cluster:We also evaluated training per-
formance on full viral genomic sequences on a CerebrasWafer-Scale
Cluster with four CS-2s (Hall et al., 2021). The Cerebras Wafer-Scale
Cluster uses a weight streaming execution mode where weights
are stored off-chip on MemoryX, a memory extension. Weights
are streamed onto each CS-2 node using a broadcast/reduce fabric
called SwarmX. Each CS-2 node is powered by the Wafer-Scale
Engine, with 850,000 compute cores, 40 GB of on-chip memory, and
20 petabytes/s of memory bandwidth. After the computations, gra-
dients are streamed back to MemoryX where weights are updated.

We used data-parallelism in the Cerebras Wafer-Scale Cluster
through the appliance workflow, where no code changes or addi-
tional libraries were required to use either one or multiple CS-2
systems. GenSLM 123M and 1.3B were trained using the Cerebras
reference implementation for GPT-2 model. This implementation is
based on the TensorFlow estimator and is instrumented to collect
accuracy, perplexity and throughput measurements. We worked
with a Python virtual environment that included Cerebras software
version 1.6. All training was done using mixed precision.

7 PERFORMANCE RESULTS
We evaluated the performance of scaling GenSLM training on the
Selene and Polaris systems. We used two target sequence lengths
(2,048 and 10,240) in our scaling studies. Fig. 6 depicts performance,
in terms of overall throughput measured in samples/sec, as we
scaled with the number of GPUs on both systems. In our runs, we
used one rank per GPU with DeepSpeed ZeRO-3 optimizations. As
we scaled the number of GPUs, we kept the batch size per GPU
constant and scaled the global batch size appropriately.Wemodified
the learning rate parameter to account for scaling the number of
ranks. On Selene, for sequence length 2048, we employed twice the
batch size used on Polaris for the 25M, 250M, and 2.5Bmodels, as the
A100 GPUs on Selene have twice the memory capacity compared
to the Polaris GPUs. The performance obtained is the average of
the throughput measured over multiple iterations.

We observed that as themodel size increases from 25M to 25B, the
total achievable throughput, in terms of samples/sec, decreases. This
is expected as increasing themodel size increases the computational,
memory, and communication requirements. For the 25M, 250M, and
2.5B models, we observe a nearly 2× improvement in throughput on
Selene in comparison to Polaris, as a double batch size is employed.
In terms of efficiency, for smaller models, such as 25M, we observed
a drop in scaling efficiency as we scaled beyond 256 GPUs. Two
key attributes contributing to this include the fact that for smaller
model sizes that run with ZeRO-3, the ratio of data movement to
computational flops is too high to completely overlap these. We
see better performance efficiency for larger models as they have
higher utilization of computation and are able to better overlap
communication with computation. Some inefficiencies here are
also due to the performance of collectives and we investigate this
further next. In the case of the 25B model, we are able to fit just
a single batch on the GPU and observe a 50% improvement in the
throughput achieved on Selene over Polaris. We attribute this to the
increased interconnect performance on Selene together with the
larger memory capacity. We observe a super-linear speedup for the
25B case on both systems as we scale to 1024 GPUs in comparison
to the performance at 8 GPUs. This is attributed to the increased
memory and data movement overheads at smaller GPU scales.

To gain detailed insights on the runs, we performed a profiling
study on the 25M parameter model on both Polaris and Selene
systems using the NVIDIA Nsight tool (NVIDIA, 2022). To account
for the difference in the number of GPUs in a single node on both
systems, we performed profiling runs with the 32 GPUs on 8 nodes
on Polaris and 4 on Selene separately. We observed no significant
delay between the steps/iterations—data loading and I/O were not
bottlenecks. Given that the Selene DGX node has 80 GB memory
compared with 40 GB on the Polaris node, it allowed doubling the
batch size for the 25M parameter model, thereby achieving higher
throughput than Polaris.

In addition, we performed a study comparing the scaling be-
havior of the distributed training framework implementations for
PyTorch DistributedDataParallel (DDP) and with DeepSpeed with
ZeRO Stage 2 and 3 on Selene. With DDP, we were constrained to
smaller model sizes as it currently does not employ any memory
optimization, unlike DeepSpeed. As seen from Fig. 6B, DDP-based
runs exhibit linear behavior, while the performance of DeepSpeed
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CBA

Figure 6: (A) Scaling results on Polaris and Selene systems for MSL=2048; (B) Scaling behavior of DDP vs. DeepSpeed runs on
Selene (C) Scaling results on Polaris and Selene systems for MSL=10240;

Table 3: Compute performance of the production runs in
mixed precision (MP) for different model sizes with a se-
quence length of 2,048. This includes the I/O, computations
needed for forward pass, backward pass and weight updates,
and communication.
Model
Size

Tflops/
step(MP)

sec/
step

TFLOPS/
GPU(MP) # GPUs

Num
steps

Sustained
PFLOPS(MP)

Total
Zflops(MP)

25M 13.2 0.9 14.7 512 3500 3.49 0.02
250M 58.7 3.4 17.3 512 1800 7.59 0.05
2.5B 135.3 4.5 30.3 256 2250 5.83 0.08
25B 654.9 14.9 43.7 1024 2200 44.79 1.48

runs saturated beyond 256 GPUs for the ZeRO-2 optimizer and 512
GPUs for the ZeRO-3 optimizations. For the 25M case, at 512 GPUs,
DDP achieves 99% scaling efficiency with a 10% improvement over
ZeRO-3 and a 2× improvement over ZeRO-2. This could be attrib-
uted to the fact that DDP implements AllReduce collective com-
munication while DeepSpeed implements Reduce-Scatter and
AllGather collective communication operations. The performance
of the NCCL backend is highly optimized for AllReduce in com-
parison to AllGather. This highlights an opportunity to explore
further optimizations for the DeepSpeed implementation to scale
on systems. We would also like to note that there are additional
tuning knobs at the NCCL layer and in DeepSpeed, and this needs
further investigation for optimal performance.

For sequence length 10,240, we used a batch size of 1 and ZeRO-3.
As we increased the sequence length from 2,048 to 10,240, the mem-
ory requirements, including for activation and residuals, increased
by a similar factor. The computation requirements also grew by 5×.
We were able to fit only one batch for this sequence length on the
GPU with the current stages employed. From Fig. 6C, at 512 GPUs,
for the 25M case, we observed a 50% improvement on Selene (64
nodes) over Polaris (128 nodes). For the 250M case, we observed
only an 11% improvement for Selene over Polaris. As the model
size increased for this sequence length, we were bottlenecked pri-
marily by the memory subsystem performance and the overheads
associated with staging residuals and parameters between the GPU
and host. Additional staging optimization, model and activation
partitioning will need to be explored.

Table 4: Final loss and perplexity values achieved by the
GenSLM Foundation (F) (2,048 tokens) and SARS-CoV-2 (S)
(10,240 tokens) models. Reported values for S models are
trained on the first year of SARS-CoV-2 genomes. Perplexity
is computed by taking the exponential of the loss and can be
interpreted as the number of guesses needed for the model
to correctly fill a masked token.

Metric 25M F 250M F 2.5B F 25B F 25M S 250M S
Loss 0.57 0.46 0.30 0.70 0.015 0.011

Perplexity 1.78 1.59 1.34 2.01 1.02 1.01

Compute Performance:We discuss the overall compute per-
formance of the GenSLM model as we scaled the model size from
25M to 25B on the Polaris system for our production science runs.
Table 3 illustrates the measured GPU performance obtained us-
ing the DeepSpeed profiler for smaller-scale runs. We next take
the efficiency of the runs as we weak-scaled to larger nodes and
GPU counts for the sustained PFLOPS. We would like to note that
we account for the entire end-to-end application run, including
data processing and checkpointing. The number of GPUs for our
production science runs on Polaris was chosen based on system
availability, and the number of steps run was chosen to achieve an
appropriate loss scale. We observed that as we scaled the model
size, the overall computational flops per step increased given the
increase in model complexity. For the 25B model, we achieved a
sustained performance of 44.79 PFLOPS in mixed precision (MP).
We achieved a peak performance of 212.55 PFLOPS(MP) measured
by accounting for the highest FLOPS consumed by a single layer in
our network. For our production science runs, we used an aggre-
gate of 1.63 Zettaflops, and our 25B model used 1.48 Zettaflops to
train on 1,024 GPUs for 2200 steps. For our scaling runs on Selene
with the 25B model, we scale to 512 nodes with 4096 GPUs. We
achieve a sustained performance of 121.26 PFLOPS(MP) and a peak
performance of 850.21 PFLOPS(MP). The final model performance
is described in Table 4.

Cerebras Wafer-Scale Cluster Scalability: We measured the
throughput and training time of theWafer-Scale Cluster for GenSLM-
123M and GenSLM-1.3B with a sequence length of 10,240 codon
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tokens (Table 1). The batch size per CS-2 for each model was chosen
based on empirical experiences with models of similar sizes and
was kept constant when scaled up to multiple CS-2s.

Table 5: Cerebras Wafer-Scale Cluster throughput training
GenSLMs on a sequence length of 10,240 tokens.

Model size Samples/sec
1 CS-2 2 CS-2 4 CS-2

123M 11.1 23.1 46.2
1.3B 0.88 1.76 3.52

Table 6: Metrics of GenSLMs trained from scratch on a se-
quence length of 10,240 using Cerebras Wafer-Scale Cluster.

GenSLM-123M GenSLM-1.3B
1 CS-2 4 CS-2 1 CS-2 4 CS-2

Training steps 5,000 3,000 4,500 3,000
Training samples 165,000 396,000 49,500 132,000
Time to train (h) 4.1 2.4 15.6 10.4

Validation accuracy 0.9615 0.9625 0.9622 0.9947
Validation perplexity 1.0310 1.0290 1.0310 1.0255

Table 5 shows average samples per second training GenSLM-
123M and GenSLM-1.3B for 200 steps using one, two, and four
CS-2s. Regardless of the model configurations, we observed linear
weak scaling when using up to four CS-2s.

We trained GenSLM-123M and GenSLM-1.3B from scratch using
learned positional embeddings. Table 6 shows training time and a
total number of training samples used to achieve validation accu-
racy >96% and perplexity <1.03 using one CS-2 and with four CS-2s.
Validation measurements were taken from checkpoints every 500
steps. For GenSLMs of the same size, fewer training steps were
required to achieve comparable validation results when the global
batch size was increased in a four-CS-2 Wafer-Scale Cluster with
data parallelism. The reduced number of training steps plus linear
weak scaling led to a reduction of at least a third of the training
time when using four CS-2s versus one. All GenSLM training with
full genomes on CS-2s converged within 12 hours. GenSLM-1.3B
requires fewer training samples than the smaller GenSLM-123M to
achieve comparable validation metrics, following the sample effi-
ciency observation in neural language model scaling laws (Kaplan
et al., 2020). We note that further hyperparameter tuning is required
to 1) optimize the throughput on the Wafer-Scale Cluster, 2) draw
firmer conclusions on the impact of model size on model quality.

Workflow Performance:We measured the utilization of the
sequence generation workflow on 224 nodes of Polaris by counting
the number of workers actively serving a request as a function of
runtime. As shown in Fig. 7, we achieve 97.0% utilization over the
5.5-hour duration of the workflow. Persisting the GenSLMs in GPU
memory between requests generated 3.85 sequences per second,
whereas without model caching we estimate the workflow would
have only generated 1.98 sequences per second by extrapolating the
mean cold start time across the number of workers. This achieves
1.9× faster time to solution for generating synthetic sequences with
notable properties, allowing for rapid analysis at time scales not
previously feasible.

Figure 7: Workflow utilization measured by the number of
active workers (applications actively serving requests) as a
function of workflow runtime measured on 224 nodes of
Polaris (896 A100 GPUs). The warm-able application design
realizes 97% utilization, enabling 1.9X more sequences to be
generated compared to a cold start baseline.

8 IMPLICATIONS
In this paper, we presented GenSLMs, one of the first LLMs trained
on nucleotide sequences, particularly at the genome scale, and
demonstrated its performance in modeling evolutionary dynamics
of SARS-CoV-2. Our approach overcomes key challenges related
to training LLMs for biological data, specifically with respect to
longer sequence lengths and building biologically meaningful latent
spaces which can then be used for a variety of downstream predic-
tion tasks. GenSLM is a foundation model for biological sequence
data and opens up avenues for building hierarchical AI models
for several biological applications, including protein annotation
workflows, metagenome reconstruction, protein engineering, and
biological pathway design. We scaled the training of GenSLM for
sequence length up to 10240 tokens and 25B parameters on GPU-
based supercomputers. We scaled to 4,096 GPUs and utilized over
1.63 Zettaflops for science runs. We identified scaling avenues to be
pursued in order to tackle larger models and sequence lengths needs
for science. We demonstrated the efficacy of the Cerebras Wafer-
Scale Cluster, an AI accelerator, to scale the training of GenSLM
with high user-productivity and achieved linear scaling for 10,240
tokens and models up to 1.3B parameters.

We also note that the information contained within nucleotide
sequences represents a much richer vocabulary compared to PLMs
alone. Thus, the learned representation lets us capture amuch larger
repertoire of biological properties that are perhaps diminishedwhile
using PLMs, and enables a more faithful generation process that
captures the intrinsic organization of the SARS-CoV-2 sequences.
Further, the attention mechanism also reveals co-evolutionary pat-
terns at thewhole-genome scale that requires future investigation to
fully understand how these long-range interactions may influence
our ability to inform epitope modeling, immune escape, antibody
design, and even vaccine design strategies. We however note that
there is a need to rigorously compare PLMs with GenSLM-like
approaches. It remains to be seen if the GenSLM model does pos-
sess richer representative power and if so how it can be further
used. Note that we have also not been able to address the aspects
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of noise and bias in the data – similar to natural language models
where the models demonstrated extreme bias, there needs to be
rigorous analyses of GenSLMs generative capabilities. We welcome
the community to drive the development of suitable test harnesses
for rigorously evaluating GenSLM-like models.

A straightforward extension to our work would include the inte-
gration of GenSLMs with protein structure prediction workflows
such as AlphaFold (Jumper et al., 2021)/OpenFold4 and faster pro-
tein folding methods (Lin et al., 2022) to model both immune escape
and fitness, which determine the ability of the virus to adapt to
its host (human) (Beguir et al., 2022). Further, incorporating ex-
perimental and biophysical data into our workflow from antibody
binding assays, molecular docking, and other quantitative metrics
can also guide the training regimes for these models such that the
generative process can be constrained to focus on potential future
variants of concern.
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