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Language Models: Fraud detection

e BERT (20718); by Google

GPT models, GPT-1 (2018), GPT-2 (2019), GPT-3 (2020), GPT-4 (2023); by OpenAl
OPT (2022), by Meta

BLOOM (2022); by BigScience (HuggingFace); based on Megatron-Deepspeed
OGPT-1(?), by OpenGPT-X, TBD
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Model Training Training 13.6B Model on JUWELS Booster

Key Technique: Parallelization (memory constraints, large input data) e Basis: Megatron-DeepSpeed (fork)!!
e 13.6B Model: 13.6 Billion parameters [1]: Private repository forked from https:/
. . . github.com/bigscience-workshop/Megatron-
1 Distributed Data Parallelism (DP ¢ Size: 56 GB (Parameters + Gradients + Optimizer DeepSpeed
. ( ): Distributed Data Paralleli [2]: ZeRO: Memory Optimizations Toward
. o i ) | | |s ribute ata éra elsm» states, Ze;O Sl‘age f1[2]) - - ( - Training Trillion Parametgr Models:
o uitl modeil on eacn ran "/( GPUO \“‘- v"’f GPU 1 \\"- "/( GPU N-1 \“‘- v"’( GPUN \\‘" o PartItIOn PP=2, to |t 40 B A1 OO PU _)28 B ar?(iv:1910.02054 [CSL ] o
e Training data distributed in micro- OB e e s
g JHIL ) ! JIIL i per GPU) 40 GB; https://apps.fz-juelich.de/jsc/hps/juwels/
batCh_eS T | | I ) . _ booster-overview.html
o G_radlents averaged across all ranks Global Batch i tayort [l enenn. e e ¢ SCallng- #DP=80 [4]: https.//www.fz-juelich.de/en/ias/jsc/services/
via allreduce —— J . : : . P Training on German-EninSh data with user-support/jsc-software-tools/llview
| , | GlobalBatchSize=960, MicroBatchSize=2 and
Global BatchSize = #DP X Micro BatchSize s GradientAccumulationStep=6
Mk:ro?atchO Mlcro?ath MIcroBa:chN-1 MIcro?atchN o 160 GPUS (40 nOdeS) On JUWELS Booster[3]
2. Pipeline Parallelism (PP):
Example for Distributed Data Parallelism: entire model fits on single GPU. GPU: Utilization
e Model Iayers partltloned dCross Model processes data in units of micro batches, performs model update with wf ! ' ' ! ] max: 1000%
ranks (Ver[ica//y). | averaged gradients. " ol - ; av:isof " »
* Asynchronous pipe scheduling for
gradient accumulation and caiculation | Data Parallel Rank 0 it . Im-loss-training/Im loss vs tokens
. . ( \ [ \ ‘ \ | Pipeline Stage 3 3 i&’%?‘é%é ) tag: Im-loss-training/Im loss vs tokens
3. Tensor Parallelism (TP): -' H’H’H’H’H’H’H’H — Iﬂlﬁiﬂ%’ =) ; ) § )
. Tensor operation.s partitioned IIIIIIIIIIIIIII’ <:>~ IIIIIIlIIIIIIII’ <:>~ E: <:> i ig%é%éz% 20{01/"23 20{'01/"23 20/"01(23 21(01{23 21/"01{‘23 21{’01(23 21/"01{23 21(01{‘23 Q fI@ ;0 Q:Q Q.:Q \QQ 0 4
acrOSS ra.n kS. (holrlzont.ally) . | ‘ | H g I I > ~ n.\ | > 15:00:00 18:00:00 21000;PU.0;:0:0ry LlO::OgO: 06:00:00 09:00:00 12:00:00 " g 3 6
o Communlcatlon_lntenSIVe Wlth \_ Network Layers 0-7 \_ Network Layers 8-15 ) \_ Network Layers 16-23 ) \_ Network Layers 24-31 // 5'3%; _ %-gGiB. g ‘
frequent allreduce I I I I 1 -—"‘“3 RIS g32
o £28
Data Parallel Rank 1 igggfgg _$
—> Use all 3 levels to determine number | PipclineStage0 | (“pipelinestagel | [ PipelineStage2 | (" Pipeline Stage 3 § £ 24
of tasks / number of GPUs ' pm | ITTTOTTS = : ) £ e :
= M — i *
s = SADIS DX G X TR = SIDIE Ol b= PPPPPS = o wRsTE mm TuR BI BMR LR OB MNR Scociesss e
R - \_ Networkl.layer50-7 J \;etworkLgyerss-ls// \NetworkLalyer516-23 J NetworkLaIyer524-31 -
#MP
. . . _ _ O, Tensorboard: Tokens vs. Training Loss Plot; for 13.6B
Example of different paralleli_zation schemes. MP (Model Parallel) was gg%oﬁtﬁiigzg?%? gg'g%’b L(;ng::]égr%ntﬁge 21; 1336-.2BGrIT3]O(Zi;()TrEe_r1n’ OI:;_Z and DP=80): model trgined on 12 billion tokens, 16Q GPUs, 24 h.
reformulated to TP, with MP=PPxTP. Decreasing loss attests for model quality and
Parallelization using DeepSpeed ZeRO, hitps://www.deepspeed.ai/tutorials convergence.
NVIDIA A100 GPUsI5IiEl Graphcore GC200 IPUsISI7]
ResNet50 TensorFlow Benchmarking on NVIDIAA100 GPUs, AMD MI250 GPUs and Graphcore GC200 IPUs . .
ResNet-50 TensorFlow benchmark on NVIDIA AL00 GPUs ResNet-50 TensorFlow benchmark on Graphcore GC200 IPUS using ImageNet data on single node e Evaluation of new hardware architectures to
é 626 1074 1472 2268 2520 2533 2564  OOM ISOOO U :‘%H 1888 1925 1943 1951 1954 1955 1956 1957 ISO"“ u 10000 = (Ns\r/a:rl;rI\;oAr?OC(E)CZOO 1 teSt SUItabIIIty for LLM
gl e Tests with simple TensorFlow ResNet-50 CNN
5 ~a000 2 5 2 8000 .
e . ....-. o z ¢ benchmark using ImageNet data
e SN - * NVIDIA/AMD: Stock setupl>!
2 1 * Graphcore: Vendor/device-optimized setupl®l
g 4000 N T . , , * Using novel devices of JURECA DC
AMD MI250 GPUsI5I7] 1 Evaluation Platform(’l and JURECA DCié8l
Heatmaps: GlobalBatchSize vs. #Devices 2000 1888 1326 N o (I i T T AN 2
ResNet-50 TensorFlow benchmark on AMD MI250 GPUs Throughput (images per SeC) scales with gIobaI 74 Ho73 63 s 7;402 31 ’
- 293 355 378 409 421 431 OOM  OOM batch size and Data Parallelism for ResNet-50 4 is,g 2 e I5 Io I33495 I7 AT I e | F N 2
5 } model on single node; entire model fits on single 0 |
g ~ 390 504 582 703 757 805 825 OOM 6000 g deVICe AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
2. [y D0y 0 N P e = #Devices = #Data Parallelism P S S S S P S P SV SR S P [5]: https://github.com/HelmholtzAI-FZJ/tf_cnn_benchmarks
£ - Graphcore best for small batch sizes, NVIDIA for TETTs e eeeseeEsssssddddoebseSsE g ST [6]: https://github.com/graphcore/examples.qit
“. 277 495 877 1402 1866 2333 2688 2931 o large; AMD significantly slower (reasons under (GlobalBatchSize, #Devices) . 7 [7]: JURECA Evaluation Platform: Additional hardware for benchmarking
o B evaluation) Bar graph comparing (GlobalBatchSize, #Devices) vs. Images per sec (throughput) for ResNet-50 model and testing at JSC
on NVIDIA®I, AMDI”l and Graphcorel”l devices on single nodes; entire model fits on single device [8]: JURECA DC: Pre-Exascale Modular Supercomputer at JSC
= #Devices = #Data Parallelism
Sequence Parallelism: FlashAttention: e Scarcity of evaluation tasks in e Ablation studies on training
o - ' e e : . languages other than English objectives, optimizers and trainin
Non_ tednsor pcellraltlellreglons of transf((j)_rmer quer e Attention algorithm with memory tiling between GPU . Avagilabg?lit of qualit datag aJrameters P 9
are independent along sequence dimension high bandwidth memory (HBM) and GPU on-chip SRAM NIty of quallly D . .
* Prevent redundant storage of activations e 20x memory efficient and faster than standard * Potential model biases * GPU communication and offloading
e Selective re-computation of activation attention without 1/O optimisation ° :c_lmcljted preprocessing filters gsiljre)gAhgranehs (SHARP, UCC)
o 5x ' ' 0 . or data ° raphs
; memofry refdﬁcu?n \’:\'”th o Atcgmpute * Block-sparse flash attention is faster than all e Hardware robustness for e High Perforpmance Storage Tier
recovery from 1ull activation re-computation. implementations across all sequence lengths J d
large runs NVMe cachel®
_____ \l l/,_____\\l cmmmmma. I/__w__ . Attention Runtime (Fwd Pass + Bwd Pass) ‘ 3 Attention Memory Usage o Energy Consumptlons GPT_3 ) Implement Recent Advancements
3 (] @ | } = I : B é' @ . . o E NI
S HAE 1 EEESE=T | 0 o b E | (CrossoverPolts £ model ’Fralnlng used [9] hitps://apps.fz-juelich.de/isc/hps/juwels/
2 3 2 -4? 7 g | g i | % g > |2 (= g ‘:b TE ®€{9‘:'§3 g1 g approx|mate|y 936 MWh cscratch.html#high-performance-storage-tier-cscratch
"y S || & I | | | | & § o
g O/ =0 : SR HE JRALS :
1 | | | ! | T
equence (Y S O ot ! | ensor | | Sequence ' ) ' X Y = ' ; :
SP‘a:\lrallel ): l\\ ;arallel )l \ Parallel /) \. IIaraIIel ) :\SPgralleI 128 0 551e2querlgezieng?i(f)\48 e B 20 B Te8 Sequenig}tength - ACknOWIedgements
____________ : T T I » = » = = FlashAttention PyTorch Attention Linformer Attention
= = = = Block-Sparse FlashAttention Megatron Attention OpenAl Sparse Attention OpenGPT-X |S funded by the Federal Mlnlstry fOr ECOn0m|C Affalrs and
Transfqrmer Igye.rs with tensor aqd S=qUence parallelism. Left: Runtime of forward pass + backward pass._Right: Attention memory usage C“mate ACthn (BMWK) Of Germany fOr the periOd 2022-2024 .
st?ggf}gg(ﬁ(glr\é%lgg/geocg 8?1“ é‘gtlon in Large Transformer Models; FlashAttention: Fast and Memory-Efficient Exact Attention with 10-Awareness; ComDUte time on the GCS Supercomputer ‘JUWELS BOOSter at JSC IS
o | hitps.//arxiv.org/abs/2205.14135 provided through the Gauss Centre for Supercomputing e.\V.
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