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Multi-Modal Models

■ Models that can incorporate multiple modalities
■ Images

■ Video

■ Text

■ Audio

■ …
■ Ideal Outcomes: (1) achieve multimodal understanding, (2) 

achieve better unimodal understanding
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Outline
■ Bidirectional Multi-Modal Models

■ Encoder-Decoder Multi-Modal Models

■ Decoder-only Multi-Modal Models

■ Multi-Modal Generation

■ Parallelization in Transformers
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CLIP: Capabilities

Image classification
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CLIP: Capabilities

CLIP score as a re-ranker

■ Generation N images from a text-image model

■ Rank their text-image alignment using CLIP

■ Select the pair with the highest CLIP score
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CLIP: Capabilities

3D generation (Dream Fields)
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CLIP: Capabilities

Image generation 

(guidance) - VQGAN 

CLIP

Works generally for 

diffusion models as well 

(better)
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CLIP: Capabilities

Image classification

8



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L12 Multi-modal Models

CLIP: Capabilities

Use CLIP text-image encoders as pretrained models

■ Many current vision-language models

■ For representations (e.g. Stable Diffusion text encoder)

■ CLIPort

Usually achieves better generalization, especially to unseen visual 

concepts during finetuning
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M3AE
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M3AE
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M3AE
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M3AE
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Outline
■ Bidirectional Multi-Modal Models

■ Encoder-Decoder Multi-Modal Models

■ Decoder-only Multi-Modal Models

■ Multi-Modal Generation

■ Parallelization in Transformers
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Flamingo

Leveraging pretrained vision-only and language-only models
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Flamingo
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Flamingo
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Flamingo
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Flamingo
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PaLI
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PaLI
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PaLI Successors

PaLI-X

■ Further scaling

■ Better training schemes (mixture of objectives, further 

training with OCR objectives on vision encoder for better text 

understanding)

PaLI-3

■ Switch to SigLIP encoder

■ Close to PaLI-X while being 10x smaller (5B vs 55B)
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Outline
■ Bidirectional Multi-Modal Models

■ Encoder-Decoder Multi-Modal Models

■ Decoder-only Multi-Modal Models

■ Multi-Modal Generation

■ Parallelization in Transformers
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Frozen

Use a pretrained LLM
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Frozen
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MiniGPT-4 / LLaVA
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LLaVA

Stage 1:

■ Keep vision + language backbones frozen, train projection 

layer on ~600K text-image pairs

Stage 2:

■ Keep vision backbone frozen, finetune language + projection 

on high quality visual instruct dataset
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LLaVA
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LLaVA 1.5

■ Larger resolution (224 -> 336)

■ Linear -> MLP projection

■ Better instruct data mix with better VQA data
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LLaVA 1.6
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LLaVA 1.6
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GPT-4V

Unclear as to what exactly it is. From the pricing - can infer:

■ Low resolution encoding - 85 tokens

■ Full resolution (512 x 512) - 255 tokens (85 + 170)

■ Any larger - tiled by 512 x 512 tiles
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GPT-4V: Capabilities

As a visual knowledge bank
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GPT-4V: Capabilities

OCR / Text understanding in images
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GPT-4V: Capabilities

Code from sketches
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GPT-4V: Capabilities

Not always correct
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Gemini 1.5

Unclear exactly to what it is using, but something potentially like 

a VQ + CoCa Model

■ Discrete (VQ?) encodings

■ CoCa - image captioning + text-image contrastive objective
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Gemini 1.5

Long-horizon needle retrieval for video
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Gemini 1.5

39



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L12 Multi-modal Models

Gemini 1.5
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Outline
■ Bidirectional Multi-Modal Models

■ Encoder-Decoder Multi-Modal Models

■ Decoder-only Multi-Modal Models

■ Multi-Modal Generation

■ Parallelization in Transformers
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Multi-modal Generation

Text->Image

■ Stable Diffusion, Parti, Imagen

Text->Video

■ ImagenVideo, Make-a-Video, Phenaki, Stable Video Diffusion

Text -> Video + Audio

■ VideoPoet
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CoDi: Any-to-Any Generation
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CoDi: Any-to-Any Generation

44



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L12 Multi-modal Models

Emu / LaVIT - Style

Emu uses regression, LaVIT predicts a quantized represntation
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Emu / LaVIT - Style
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Video LaVIT
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LWM
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Outline
■ Bidirectional Multi-Modal Models

■ Encoder-Decoder Multi-Modal Models

■ Decoder-only Multi-Modal Models

■ Multi-Modal Generation

■ Parallelization in Transformers
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TPU / GPU
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■ Flops, HBM size and bandwidth, Interconnect



GEMM
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■ High-computational throughput on neural network calculations

■ GPU compute unit is smaller but more, TPU has large compute units

https://cloud.google.com/tpu/docs/

TPU, systolic array 8x128x128 GPU, many 8x4x8 ALU 

https://cloud.google.com/tpu/docs/intro-to-tpu#how_a_tpu_works


Matmul sharding

52

■ Simple case: sharded matmul Y = XA

■ Row sharding on A, column sharding on X

Shoeybi M, Patwary M, Puri R, LeGresley P, Casper J, Catanzaro B. Megatron-lm: Training multi-billion parameter language models using model parallelism. (2019)



Matmul sharding
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■ Row sharding on A, column sharding on X



Matmul sharding
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■ Row sharding on A, column sharding on X



Matmul sharding
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■ Row sharding on A, column sharding on X



Matmul sharding
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■ Row sharding on A, column sharding on X



Matmul sharding
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■ Column sharding on A

■ Replicate X



Matmul sharding
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■ Column sharding on A

■ Replicate X



Matmul sharding

59



MLP sharding
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■ Y = GELU(XA)B

■ Approach 1: split X column-wise and A row-wise

■ GeLU of sums != sum of GeLUs 

■ Requires synchronization before GeLU 

■ Approach 2: split A column-wise

■ No sharding on contraction dimension of X

■ No synchronization necessary



MLP sharding
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■ f is identity operator in the forward pass and all-reduce in the 
backward pass while g is all-reduce in forward and identity in 
backward.



Attention sharding
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■ Nonlinearity in attention, so column sharding. 



Attention sharding
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■ f is identity operator in the forward pass and all-reduce in the 
backward pass while g is all-reduce in forward and identity in 
backward.



Data parallelism
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■ Activations need to be sharded – they’re much bigger than weights. We can either shard 
them by rows or columns.

■ It keeps working with a linear speedup as long as you scale batch linearly with number 
of TPUs

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Data parallelism

65

■ At 4 bytes per parameter we need 700GB for 175B GPT3 

■ But A100 has only 80GB.

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Fully sharded data parallelism
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■ All-gathering the next layer while doing the arithmetic on this layer

■ Requires storing only 1 layer at a time (next slide)

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Fully sharded data parallelism
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■ All-gathering the next layer while doing the arithmetic on this layer

■ Requires storing only 1 layer at a time

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Fully sharded data parallelism
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■ The matrix multiply takes: FLOPs = 2 * BATCH_PER_CHIP * E2 

■ The all gather requires reading ~2 * E2 bytes (assuming bfloat16) 

■ Arithmetic intensity (FLOPs/bytes) = 2 * BATCH_PER_CHIP * E2 / (2 * E2 bytes) = 
BATCH_PER_CHIP FLOPs / byte. 

■ On TPU, ICI arithmetic intensity is 1018 FLOPs/byte, so we need our BATCH_PER_CHIP 
to be comfortably larger than 1018.

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Tensor parallelism
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■ Shard the activation dimension

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Tensor parallelism

70

■ Shard the activation dimension

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



Tensor parallelism
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■ The matrix multiply takes (per chip): FLOPs = 2 * BATCH * E2 / (NUM_TP_SHARDS) 

■ The reduce scatter requires ~2 * BATCH * E bytes (assuming bfloat16) 

■ Arithmetic intensity (FLOPs/bytes) = E / NUM_TP_SHARDS. 

■ TPU ICI arithmetic intensity is 1018 FLOPs/byte, so we need E to be comfortably larger 
1018 * NUM_TP_SHARDS. 

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs”



FSDP with TP
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■ While processing layer i, all-gather layer weights for layeri+1 for FSDP

■ Then it just becomes TP



FSDP with TP
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■ While processing layer i, all-gather layer weights for layeri+1 for FSDP

■ Then it just becomes TP



FSDP with TP
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■ Given NUM_TP_SHARDS and NUM_FSDP_SHARD 

■ When both: 

■ E > 2 * 1018 * NUM_TP_SHARDS 

■ NUM_TP_SHARD * BATCH_PER_CHIP > 2 * 1018

■ 256 TPU: 16 for TP and 16 for FSDP

■ E > ~32k 

■ BATCH_PER_CHIP > 125
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