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Extreme values in transformer-based LLMs
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Extreme values in transformer-based LLMs
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e A universal phenomena: happens in almost all open-source
LLMs including GPT-2, Llama-2, Llama-3, Pythia, Mixtrial, etc.

e T[roublemaking: inference, quantization, interpretability...



Transformer-based LLMs

e Atransformer is a sequence-to-sequence neural network TFy : RP*N — RPXN,

e Input sequence: H = [hy, h,, ..., hy] € RP*Y; each h, € R” is called a token.

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Transformer-based LLMs

e Atransformer is a sequence-to-sequence neural network TFy : RP*N — RPXN,
e Input sequence: H = [hy, h,, ..., hy] € RP*Y; each h, € R” is called a token.

Input sentence: | Summer is hot . Winter

LT T T 1]

H = | h [ k| | R | kY

Decoding: is hot . Winter

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Transformer architecture

e Atransformer is an iterative composition of MLP layers and Attention layers
TFe(-) =dd 4+ MLPyw) e (Id + ATTN w) o ++- o (Id + MLPy) o (Id + ATTN )

e MLP layer: MLPy, : RPN — RPN
H, — W2 ‘ G(WIH)

e Attention layer: ATTN, : RPXN 5 RDXN
H' = Zif:l 0,V H - Softmax(mask(H 'K, 'O H))
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Inner structure of an attention head
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Inner structure of an attention head
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Inner structure of an attention head
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Inner structure of an attention head
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Inner structure of an attention head
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Residual states += Attention weights x  Value states
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Extreme-token phenomena

Residual states += Attention weights x  Value states
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Goal

Explain why the extreme-token phenomena appear
in transformer-based LLMs (Static and dynamic)

Tianyu Guo, Druv Pai, Yu Bai, Jiantao Jiao, Michael I. Jordan, and Song Mei. Active-Dormant Attention Heads:
Mechanistically Demystifying Extreme-Token Phenomena in LLMSs. arXiv preprint, arXiv: 24710.13835.



Active-Dormant Mechanism of attention heads

L16H25 in LIama-2-7B
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Active-Dormant Mechanism of attention heads

L16H25 in LIama-2-7B
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Active-Dormant Mechanism of attention heads

L16H25 in LIama-2-7B
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L16H25 in Llama-2-7B is active on GitHub data and dormant on Wikipedia data



A simple statistical model and A simplified transformer
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A simple statistical model and A simplified transformer
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A simple statistical model and A simplified transformer

Bigram-Backcopy model
7 ={t,e}u{a,b,--d,f,-,s,u,..}

Backcopy: H
Copy the backward token at
trigger tokens
4
CBegln of- sequece ) ATTN(H)
—
—‘(S)vtvnautuh -
MLP(H)
4$
TF(H)

Single-head single-layer transformer

= tokenize((s) vtvnautuh)

= OVH - Softmax(mask(H'KTOH))

= W, - ReLU(W,H)

Bigram:
Sample the next token by Markov
transition P( -| previous token)

Dataset = {H"} ~.., H

H shifted
=vtvnautuh

CrossEntropy
Loss

Training TF by running Adam algorithm on
CrossEntropy(TF(H ), H i¢teq)
achieves optimal risk



The extreme-token phenomena in simplified model
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The role of MLP and Attention head in BB task

Pre-trained transformer: Full model
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The role of MLP and Attention head in BB task

Pre-trained transformer: No MLP
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The role of MLP and Attention head in BB task

Pre-trained transformer: No Attn
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The role of MLP and Attention head in BB task

Pre-trained transformer: Full model
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The Active-Dormant Mechanism
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The Active-Dormant Mechanism

Copy the backward token at
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The Active-Dormant Mechanism

Copy the backward token at
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The Active-Dormant Mechanism

Copy the backward token at

Backcopy task:
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Attention head is active on trigger letters and dormant on non-trigger letters



Active-Dormant Mechanism of attention heads
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How does attention sinks and value-state drains
form along pre-training dynamics?



The formation of attention sink along pre-training
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The formation of attention sink along pre-training
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The formation of attention sink along pre-training
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Phase Il: Backcopy risk continues to decrease; attention sinks and value-state drains

begin to form, and go extreme even if Backcopy risk has been very close to 0.
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The Mutual Reinforcement Mechanism
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The Mutual Reinforcement Mechanism
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adding any value state from previous tokens
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reinforcement mechanism:
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e The SoftMax function shifts attention

weights towards tokens that exhibit value-
state drains, reinforcing these tokens as
attention sinks.

e Attention sinks on these extreme tokens
further suppress their value states,
reinforcing their role as value-state drains.
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Examine mutual reinforcement in LLMs:

the OLMo model

Models are are boolq hella- — open piga sciq wino- avg.
challenge easy swag bookqa grande
StableLM 1.6B 43.8 63.7 766 68.2 458 740 947 649 | 66.5
Pythia 1B 33.1 502 61.8 447 37.8 69.1 86.0 533 | 545
TinyLlama 1.1B 34.8 532 64.6 58.7 436 71.1 905 589 | 594
OLMo-1B 34.5 581 60.7 625 464 7377 88.1 589 | 604
Falcon-7B 47.5 704 746 759 53.0 785 939 689 |70.3
LLaMA 7B 44.5 67.9 754 76.2 512 772 939 705 | 69.6
Llama 2 7B 48.5 69.5 802 76.8 484 767 945 694 | 705
MPT-7B 46.5 705 742 776 48.6 773 9377 699 | 69.8
Pythia 6.9B 44.1 619 61.1 638 450 75.1 91.1 62.0 | 63.0
RPJ-INCITE-7B 42.8 684 686 703 494 760 929 647 | 66.6
OLMo-7B 48.5 654 734 764 504 784 938 679 | 693




Mutual Reinforcement Mechanism in OLMo
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Mutual Reinforcement Mechanism in OLMo

The attention sinks start increase when
value states norms start decreasing
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Mutual Reinforcement Mechanism in OLMo

The attention sinks stop increase when
value states norms stop decreasing
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Replace softmax to RelLU
elimintates the extreme-token phenomena
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In practice, people have trained small scale RelLU transformer (up to 1 Billion
parameters), demonstrating similar performance as Softmax transformer.



Summary

Attention sinks Value-state drains Residual-state peaks
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¢ Pretrained transformer-based LLMs exhibit extreme-token phenomena.

e As predicted from the Bigram-Backcopy model, these extreme-token phenomena
are governed by the Active-Dormant mechanism and mutual reinforcement
mechanism.

e Replacing Softmax to ReLU attention eliminate the extreme-token phenomena.
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