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Deep Learning and
GPU memory

1 Introduction

inference and break down during training [65].

Finetuning large language models (LLMs) is a highly effective way to improve their performance,
[40, 62,43, 61,59, 27] and to add desirable or remove undesirable behaviors [413, 2, 4]. However,
finetuning very large models is prohibitively expensive; regular 16-bit finetuning of a LLaMA 65B
parameter model [57] requires more than 780 GB of GPU memory: While recent quantization
methods can reduce the memory footprint of LLMs [ 14, 13, 18, 66], such techniques only work for
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parameter sharding, so no redundant model copy is stored on any GPU. If you'd like to further reduce the memory
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Reference

*HF Model Parallelism: https://huggingface.co/docs/transformers/v4.15.0/parallelism

*HF Efficient Training on Multiple GPU:
https://huggingface.co/docs/transformers/main/en/perf_train_gpu_many#tensor-
parallelism

*HF Performance and Scalability:
https://huggingface.co/docs/transformers/v4.15.0/performance

*Detailed TP overview:
https://github.com/huggingface/transformers/issues/10321#issuecomment-
783543530

*NVIDIA docs: https://docs.nvidia.com/deeplearning/performance/mixed-precision-
training/index.html
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*Deepspeed Docs: https://deepspeed.readthedocs.io/en/latest/zero3.html

*PyTorch FSDP docs: https://pytorch.org/tutorials/intermediate/FSDP_tutorial.ntml
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1. Data Parallelism (DP)
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2. Pipeline Parallelism (PP)
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2. Pipeline Parallelism (PP)
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3. Tensor Parallelism (TP)
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3. Tensor Parallelism (TP)
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3. Tensor Parallelism (TP)
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3. Tensor Parallelism (TP)
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3. Tensor Parallelism (TP)
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4. Model Parallelism (MP)
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5. ZeRO-DP (Zero Redundancy Optimizer)
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5. ZeRO-DP (Zero Redundancy Optimizer)
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5. ZeRO-DP (Zero Redundancy Optimizer)
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5. ZeRO-DP (Zero Redundancy Optimizer)
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6. DeepSpeed VS pytorch FSDP

DeepSpeed
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CLASS torch.distributed.fsdp.FullyShardedDataParallel (module, process_group=None,
sharding_strategy=None, cpu_offload=None, auto_wrap_policy=None,
backward_prefetch=BackwardPrefetch. BACKWARD_PRE, mixed_precision=None,
ignored_modules=None, param_init_fn=None, device_id=Nene, sync_module_states=False,
forward_prefetch=False, 1imit_all_gathers=False, use_orig_params=False,

ignored parameters=None) [SOURCE]

Awrapper for sharding Module paramerers across dara parallel workers. This is inspired by Xu er al as well as the ZeRO
Stage 3 from DeepSpeed. FullyShardedDataParallel is commonly shortened to FSDP.
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3D Parallelism

Performance on GPT-3 Scale Models
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Figure 4: System performance using 800 GPUs to train a GPT-3 scale model with 180 billion parameters using 2D and 3D parallelism. The model has 100 Transformer layers with
hidden dimension 12,288 and 96 attention heads. The model is trained with batch size 2,048 and sequence length 2,045. ZeR0O-1 is enabled alongside data parallelism. P, M, and
D denote the pipeline, model, and data parallel dimensions, respectivaly.
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Parallelism, peft

Large models training,l_ Nai\

Data Parallelism suppo'?f and ¢ d'iEfriFt_Jf_EdTraTF\‘irTg bug fixes

This release includes a set of features and bug fixes to scale up your RLHF experiments for much larger models leveraging
peft and bitsandbytes .

Naive Pipeline Parallelism support

e Let's support naive Pipeline Parallelism by @younesbelkada in #210

We introduce a new paradigm in trl , termed as Naive Pipeline Parallelism, to fit large scale models on your training setup
and apply RLHF on them. This feature uses peft to train adapters and bitsandbytes to reduce the memory foot print of
your active model
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Top: The naive model parallelism strategy leads to severe underutilization due to the
sequential nature of the network. Only one accelerator is active at a time. Bottom: GPipe
divides the input mini-batch into smaller micro-batches, enabling different accelerators to
work on separate micro-batches at the same time.
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e DS-3, acc=2, batch_size=8 (2 1)

s DS-3, acc=1, batch_size=8 (& 1)
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1. ZeRO-R
- Model state (p, os, g) M 2|5t
Residual memory (activations, temporary buffers, unusable memory) Of CH2 XX 2}

2. Loss Scaling
- FP16= Het A H[ETJI BEFHAM i &2 45 BASHK| Xots =X S ol 8

3. Activation Checkpointing
- HFO|M+< gradient checkpointingZ2td g 242 el
- EX|9fX[5E Activation H 22| & %[ X3}

4. Partitioned Activation Checkpointing
- ZeROO| A= MP-degreeTtZ activation= partitioning 7ts
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