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Calculon – analytical model of LLM. 



Modeling with Calculon

Calculon – analytical model of LLM. 

Result – profile-like detailed timing and utilization, ultra-fast space exploration
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    Multi-Head Attention (MHA) block



Inputs: LLM description

    Multi-Layer Perceptron (MLP) block
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Inputs: LLM description

GPT3-175B
{
  "hidden": 12288,
  "feedforward": 49152,
  "seq_size": 2048,
  "attn_heads": 96,
  "attn_size": 128,
  "num_blocks": 96
}
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  Forward pass



Inputs: execution strategy

  Backward pass
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Inputs: execution strategy

Modeling SOTA execution strategies, including multiple modes of parallelism, 

communication overlap, in combinations that not implemented together
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Validation against run from Vijay Korthikanti et al. "Reducing activation recomputation 
in large transformer models." Proceedings of Machine Learning and Systems 5 (2023).



Calculon modeling – from 10,000 ft



Modeling with Calculon

● Detailed time and memory allocation report
● Balancing various optimizations and parallelism modes
● Ultra-fast exploitation for accurate SW/HW co-design
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~1 msec
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1. Significant comm. 
time

2. Enormous memory 
consumption
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Study 1: tensor parallelism (TP) trade-offs

1. Communication on a 
critical path

2. Lower matrix 
multiplication 
efficiency

3. Best for memory 
consumption 
reduction
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Study 1: pipeline parallelism (PP) trade-offs

1. Pipeline bubble 
inefficiency

2. Much less efficient 
than TP in memory 
savings

3. Scales even worse 
than DP



Study 1: parallelism trade-offs

Each parallelism comes with trade offs (not only network), but there exist an 
optimal parallelization split.

We need O(100GB/s) for TP, O(10GB/s) for PP and DP, all communication 
independent, mapped to 3D-Torus or tapered FT
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Study 1: parallelism trade-offs

Most configurations are limited by available memory.

More memory can balance parallelization strategies with better efficiency.
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Top-10

within 5% 
top perf

within 10% top perf

TP = 4
PP = 2
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Study 3: optimal system size

System sizes with step 8

All processors are used

Each point is 105-107 
experiments

Some configurations don’t 
run due to mapping issues

Other configurations have 
lower performance, unable 
to find good parallelization 
strategy
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System sizes with step 8

All processors are used
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But what if we lost a node?
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We want to stay on the 
linear scaling sections
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But what if we lost a node?

We want to stay on the 
linear scaling sections

If we are on the “right side”, 
Calculon can find a new optimal 
config, we recompile and 
degrade performance gracefully 
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But what if we lost a node?

We want to stay on the 
linear scaling sections

If we are on the “right side”, 
Calculon can find a new optimal 
config, we recompile and 
degrade performance gracefully 

Otherwise, we fall off the cliff
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Study 4: tensor offloading analysis

With infinite offloading memory, we 
consume > 512 GB @ up to 150 GB/s

Performance changes insignificantly 
when 512 GB @ 100 GB/s used



Study 4: tensor offloading analysis

Performance speedup compared to 
“no offloading” case (study 3)

Extra memory brings up to 20% 
performance for large LLM training

It enables large LLM training on 
small systems up to 256 nodes 
(fine-tuning)
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Study 4: tensor offloading analysis

More memory means more 
parallelization options

Better stability for larger 
LLMs, as

● Utilization grows
● Flat perf regions shrink



Study 4: tensor offloading analysis

Performance speedup compared to 
“no offloading” case (study 3)

Extra memory brings up to 20% 
performance for large LLM training

It enables large LLM training on 
small systems up to 256 nodes 
(fine-tuning)



Study 5: system co-design for current LLMs

● H100-based system with 8 GPUs per node (DGX box)

● Variable fast (HBM3) and slow (DDR5) memory for offloading

● Fixed budget of $125M per system

● Best performing configuration for 175B, 530B, and 1T model training

● Non-linear cost model



Study 5: system co-design for current LLMs



Study 5: system co-design for current LLMs

More HBM – more expensive systems, less processors and perf/$$$

Offloading memory has no extra cost with saving $$$ by buying less HBM 



Co-design for current LLMs

New non-trivial system design 
discovered

30% performance boost from 
execution strategy Calculon 
found

30% performance per $$$ 
improvement with extra memory 
for offloading

Best optimizations set is not 
available in current software

+30% eff
+30% perf/$

4x smaller    
HBM



Inputs: LLM description

ratio

number of 
parameters

Chosen models 
with optimal ratio
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Inputs: LLM description

Modeling future LLMs, including 100T+ parameters
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Tensor offloading performance
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Tensor offloading performance
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Tensor offloading performance
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Tensor offloading performance

1 TiB offloading memory
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Tensor offloading performance

Instrumental to go beyond 10T parameters, with just 100GB/s bandwidth
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Achieved: train 100+T LLMs with 75% MFU (green line)
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Achieved: train 100+T LLMs with 75% MFU (green line)

75% MFU

Chosen models with 
optimal ratio

MFU
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System considerations for 100+T parameter LLMs

1. 80 GB HBM fine for up to 70T, but 
we need 120 GB HBM for 100+T 

2. 512 GB DDR scale well up to ~10T

3. 1 TB DDR for 30-50T, 2 TB for 100+T

4. Larger memory allows to scale DP

5. 1T model is limited by global batch 
size as DP won’t scale further
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Strong scale bottlenecks

At 16k nodes we 
run out of  DP

We need larger TP, 
and larger NVlink 
to deliver scalability
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Calculon summary

1. Calculon can find optimal LLM split and optimal 
optimization set, faster than profiling

2. We need O(100GB/s) for TP, O(10GB/s) for PP and DP, 
all communication independent, mapped to Torus

3. We can recompile/redistribute LLM if node is lost

4. LLMs are capacity limited, need memory at 100GB/s,                  
512GB for < 10T;    1TB for < 30-50T;    2TB for ~100T

5. For scale out beyond 10k we need larger TP, NVLink
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Conclusion

Calculon – open-sourced analytical model of LLMs

Find us at https://github.com/calculon-ai/ 

It facilitates agile co-design considering future hardware,                              
software and optimizations, future LLM models

Calculon helped to find and motivate novel HW systems with large-capacity 
memory for tensor offloading

Novel systems showed 75+% MFU and great scalability for future LLMs

Future work: support MoE, inference, 3D distribution for matmul

https://github.com/calculon-ai/

