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Problem: Under the same name ''Transformers‘’, different areas use different

implementations for better performance, e.g., Post-LayerNorm for BERT, and

Pre-LayerNorm for GPT and vision Transformers.

Figure 1: Magento performs better than the previous SOTA backbones across

tasks and modalities with a unified architecture.

Introduction Architecture: Sub-LayerNorm

Methods

Figure 2: Left: pseudocode of Sub-LN. We take Xavier initialization as an

example, and it can be replaced with other standard initialization. Notice that γ is

a constant. Right: parameters of Sub-LN for different architectures (N-layer

encoder, M-layer decoder).
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Figure 3: The layout of Sub-LN for (a) encoder-decoder, (b) encoder or decoder

architectures.

Initialization: Theoretical Derivation from DeepNet

Table 2: Zero-shot results for Magneto and the baselines (WGe: Winogrande,

WG: Winograd, SC: Storycloze, and HS: Hellaswag dataset).

Table 3: Results for Magneto and the baselines on the GLUE benchmark.

Vision Tasks:
Magneto outperforms vanilla ViT on vision pre-training.

Table 4: Results for Magneto and the baselines on the vision tasks.

Speech Tasks:
Magneto outperforms Pre-LN on speech recognition.

Table 5: Results for Magneto and the baselines on speech recognition.

Vision-Language Tasks:
Magneto has better performance than Pre-LN on multi-modal pre-

training.

Table 6: Results for Magneto and the baselines on vision-language tasks.

Theorem 1: Given an 𝑁-layer Magneto 𝐹 𝑥, 𝜃 , the 𝑙-th sublayer is formulated as

𝑥𝑙 = 𝑥𝑙−1 +𝑊𝑙,2𝐿𝑁 𝑊𝑙,1𝐿𝑁(𝑥𝑙−1) . Under SGD update, ∆𝐹𝑠𝑢𝑏 satisfies that:

Experiments

Language Tasks:
Magneto is more stable and has better performance for language modeling (i.e.,

BERT, and GPT) and machine translation.

Table 1: BLEU scores for Magneto and the baselines on the OPUS-100 dataset.

Model Update: Δ𝐹 = 𝛾𝑇 𝐹 𝑥, 𝜃∗ − 𝐹 𝑥, 𝜃

where 𝑥, 𝛾 , 𝐹(𝑥, 𝜃) denotes the training data and the model, respectively.

GOAL: 𝐹 𝑥, 𝜃 is updated by Θ(𝜂) per SGD step after initialization as 𝜂 → 0. That

is ∆𝐹𝑠𝑢𝑏 = Θ 𝜂𝑑 where ∆𝐹𝑠𝑢𝑏 ≜ 𝐹 𝑥, 𝜃 − 𝜂
𝛿𝐿

𝛿𝜃
− 𝐹(𝑥, 𝜃).

Derivation: The term related to the model depth can be bounded as:

We use 𝑣 = 𝑤 = 𝛾 = log 𝐿 to bound the model update independent of depth.

Our approach: Magneto, A Foundation Transformer for true general-

purpose modeling

◼ Good expressivity: Sub-LayerNorm

◼ Stable scaling up: The initialization strategy theoretically derived from

DeepNet

Magneto outperforms de facto Transformer variants designed for

various applications, including

◼ language modeling (i.e., BERT, and GPT), machine translation

◼ vision pretraining (i.e., BEiT)

◼ speech recognition

◼ multimodal pretraining (i.e., BEiT-3)
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