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Modeling with Calculon
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Calculon - analytical model of LLM.
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{
"hidden": 12288,
"feedforward": 49152,
"seq size": 2048,
"attn heads": 96,
"attn size": 128,
"num blocks": 96
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Related

Comp Comp Mem Mem Mem Net

Net

Optimization Year system time  util time cap BW  time BW Range

Data parallelism (DP) [55] 1989 network - 1 - ™ - T T 1. batch

DP overlap [23] 2017 network T s - - - Wl - true/false
Optimizer sharding [22] 2019 network i - W - = - true/false
Recompute [5, 10] 2000 compute T - - Wl - - - full/attn/none
Fused layers [26] 2018 compute - ™ (I il 1 - - true/false
Microbatch training [13] 2019 compute - i - T - - - 1. batch/DP
Pipeline parallelism (PP) [7, 13] 2012 network T W Ml - T T 1. blocks

PP 1F1B schedule [7, 28] 2012 network - - - i1 & - - - true/false

PP interleaving [29] 2021 network 4 ™ - T - il TT 1. blocks/PP
PP RS + AG [20] 2022 network - - - - - 1 1l true/false
Tensor parallelism (TP) (7, 21, 43] 2012 network (N { - (A A ™M T™T 1.attn

TP RS + AG instead AR [29] 2021 network - - T i - K 1 true/false
Sequence parallelism (SP) [20] 2022 network l - l il l i T  true/false

TP redo for SP [20] 2022 network - - - l - T T  true/false

TP overlap [52] 2022 network T d - - - 3 - none/pipe/ring
Weight offload [42] 2021 memory - - T Wl 1 - - true/false
Activation offload [42] 2021 memory - - T Wl T - - true/false
Optimizer offload [42] 2021 memory - - T l T - - true/false
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22B 175B 530B 1T
Full Selene 1.42 18.13 49.05 94.42
Calculon 1.43 18.30 50.46 91.70
Delta -0.40% -0.94% -2.88% -2.88%
Seq+Sel Selene 1.10 13.75 37.83 71.49
Calculon 1.17 13.92 35.09 67.74
Delta -6.36% -1.24% 7.25% 5.24%

Validation against run from Vijay Korthikanti et al. "Reducing activation recomputation
in large transformer models." Proceedings of Machine Learning and Systems 5 (2023).
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Study 1: parallelism trade-offs
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Study 1: data parallelism (DP) trade-offs
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Study 1: data parallelism (DP) trade-offs
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Study 1: data parallelism (DP) trade-offs

Megatron-1T single batch training on 4096 GPUs with various parallelism strategies

Significant comm.
time

Enormous memory
consumption

Inflating pipeline
parallelism bubble

Time, s

Size, GB

100 4

80

60

PP vs DP batch time, TP = 8

B FW pass PP bubble
= BW pass mmm FW recompute
mmm Optim step = TP comm

mmm PP comm
DP comm

= = =4 p=8

p=1  p=2 p p=16
d=512 d=256 d=128 d=64

d=32

p=32
d=16

p=64 p=128
d=8 d=4

PP vs DP memory consumption

| mmm Weight

mmm Weight gradients
Activation gradients

mmm Optimizer
s Activation

p=1 =
d=512 d=256 d=128 d=64

p=2 p=4 p=8 p=16

d=32

p=32
d=16

p=64 p=128
d=8 d=4

Size, GB

Time, s

TP vs DP batch time, PP=32

t=1 t=2
d=128 d=64 d=32 d=16 d=8

t=4 t=8 t=16 t=32

d=4
TP vs DP memory consumption

t=1 t=2 t=4 t=8 t=16 t=32
d=128 d=64 d=32 d=16 d=8 d=4



Study 1: tensor parallelism (TP) trade-offs
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Study 1: tensor parallelism (TP) trade-offs
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Study 1: pipeline parallelism (PP) trade-offs
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Study 1: pipeline parallelism (PP) trade-offs
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Study 1: pipeline parallelism (PP) trade-offs
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Study 1: parallelism trade-offs

Megatron-1T single batch training on 4096 GPUs with various parallelism strategies

TP vs PP batch time, DP = 32
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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.

TP vs PP memory consumption
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Study 2: optimal execution strategy

1,974,902 execution strategies
for GPT3 175B on 4096 GPUs

(a) Sample rate distribution
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Study 2: optimal execution strategy

1,974,902 execution strategies
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Study 3: optimal system size

System sizes with step 8
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Study 3: optimal system size

LLM training scalability (no offloading)
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Study 3: optimal system size

LLM training scalability (no offloading)
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But what if we lost a node?

Relative scaling

LLM training scalability (no offloading)
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But what if we lost a node?

We want to stay on the
linear scaling sections

GPT3 175B
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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

Relative

GPT3 175B
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Study 4: tensor offloading
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Study 4: tensor offloading analysis

Megatron-1T training on 4096 H100 80 GiB GPUs with a
secondary memory available for tensor offloading
(a) Sample rate and HBM usage (b) Offloading bandwidth and usage
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Study 4: tensor offloading analysis

Megatron-1T training on 4096 H100 80 GiB GPUs with a
secondary memory available for tensor offloading
(a) Sample rate and HBM usage (b) Offloading bandwidth and usage
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Study 4: tensor offloading analysis

Relative performance improvement of LLM training with offloading

Performance speedup compared to
“no offloading” case (study 3)
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Study 4: tensor offloading analysis

Relative performance improvement of LLM training with offloading

Performance speedup compared to

“no offloading” case (study 3)

Extra memory brings up to 20%
performance for large LLM training
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Study 4: tensor offloading analysis
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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)

Relative performance improvement of LLM training with offloading
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Study 5: system co-design for current LLMs

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

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

e Fixed budget of $125M per system

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

e Non-linear cost model



Study 5: system co-design for current LLMs

Table 3: Price and performance results for various systems and LLMs under a fixed budget of $125M.

1T 530B 175B
HBM3 DDR5 Price MaxGPUs GPUs Perf Perf/$M GPUs Perf Perf/$SM GPUs Perf Perf/$M
20G 0 $22.5k 5616 5120 105 93 5600 365 293 5472 1143 939
40G 0 $25k 5000 4864 223 184 4984 475 381 4672 1211 1037
80G 0 $30k 4160 4096 232 189 4080 405 331 3744 1014 903
120G 0 $40k 3120 3072 179 145 2880 293 254 3120 875 701
© 20G 256G $25k 5048 4912 297 244 5040 531 426 4672 1253 1083
40G 256G $27.5k 4544 4544 275 220 4440 396 325 4544 1219 975
80G 256G $32.5k 3840 3840 234 187 3840 415 333 3744 1014 834
120G 256G $42.5k 2936 2928 167 135 2880 316 258 2928 812 652
20G 512G $32.5k 3872 3872 236 189 3864 418 335 3744 1014 840
40G 512G $35k 3568 3504 215 175 3360 367 312 3568 967 774
80G 512G $40k 3120 3072 189 154 2880 316 272 3120 865 693
120G 512G $50k 2496 2496 156 125 2496 280 224 2496 700 561
40G 1T $42.5k 2952 2944 181 146 2880 316 259 2944 803 645
40G 1T $45k 2776 2728 171 139 2760 302 244 2672 749 623
80G 1T $50k 2496 2496 156 125 2496 280 224 2496 700 561




Study 5: system co-design for current LLMs

Table 3: Price and performance results for various systems and LLMs under a fixed budget of $125M.

1T 530B 175B
HBM3 DDR5 Price MaxGPUs GPUs Perf Perf/$M GPUs Perf Perf/$SM GPUs Perf Perf/$M
20G 0 $22.5k 5616 5120 105 93 5600 365 293 5472 1143 939
40G 0 $25k 5000 4864 223 184 4984 475 381 4672 1211 1037
80G 0 $30k 4160 4096 232 189 4080 405 331 3744 1014 903
120G 0 $40k 3120 3072 179 145 2880 293 254 3120 875 701
40G 256G $27.5k 4544 4544 275 220 4440 396 325 4544 1219 975
80G 256G $32.5k 3840 3840 234 187 3840 415 333 3744 1014 834
19NN LN ¢a0 1> 27024 209Q 147 12K 200N 214 a£Q 209Q Q19 £LED

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

Calculon results compared to State-of-the-Art
Batch time HBM consumption

N.ew non-trivial system design s {20 off : 4x smaller
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. . EEm BW pass Em. TP comm E \Weight Activation gradients
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PP bubble DP comm W \Weight gradients




Inputs: LLM description
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Hidden size

Optimal model scaling
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Inputs: LLM description

LLM

Hidden size

Model ratio and trillions of parameters for optimal scaling
e - N D 0 0 2 5 [
e - N5 S R 2 7 7
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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
Training efficiency on 4096 GPUs

(a) Without offloading (b) With offloading
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Tensor offloading performance
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Tensor offloading performance
Training efficiency on 4096 GPUs

(a) Without offloading
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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)
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train 100+T LLMs with 75% MFU (green line)
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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)
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Achieved: train 100+T LLMs with 75% MFU (green line)
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System considerations for 100+T parameter LLMs

Training parameters on 4096 GPUs with various HBM and offloading memory sizes

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

512 GB DDR scale well up to ~10T ¢

1TB DDR for 30-50T, 2 TB for 100+T - HLELELEIELTLGLEL L)
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Strong scale bottlenecks

1T model time and memory consumption breakdown for different system configurations

Batch time HBM consumption Offload mem consumption
80 1024
25 1-
At 16k nodes we g —————
o L 768 -
run out of DP J
< 15 1 8 8
g @ 40 T g 512 T-
F & &
10 - 30
256 1-
We need larger TP, °f
M 0- 0-
and larger NVlink 58 b
Qv Qv Qv Qv
. - P I O o 8
to deliver scalability s &' s ¢’s® ¥ FF
B OE @Rl R a9 gk L
mmm FW pass s FW recompute
BN BW pass . TP comm E Weight Activation gradients E Weight Activation gradients
Bmm Optimstep  mmm PP comm B Activation Optimizer space B Activation Optimizer space
PP bubble DP comm mm \Weight gradients B \Weight gradients

84



Memory exchange at time ¢

Offloading memory A

Calculon summary

‘K-S‘K-Z‘KJ ( K ‘K+1‘K+2‘K+3’
x )

GPU
1. Calculon can find optimal LLM split and optimal L

optimization set, faster than profiling M

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

Time, s

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

B FW pass s FW recompute
EEm BW pass E TP comm
B Optim step s PP comm

PP bubble DP comm 85




Conclusion

Calculon - open-sourced analytical model of LLMs

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

It facilitates agile co-design considering future hardware, @ 4%

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 Mok, inference, 3D distribution for matmul


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

