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Definitions

Definition 1. For a fixed query vector q; € R'*? and key-value matrices K,V € RE*9, a
Bayesian Attention Mechanism computes self-attention as an expectation over its values:

exp (score(q;, k;))
3.exp(score(q, k)

self-attention(q;, K, V) =

V =%;pi;jv; = Ejj;[V]

Definition 2. In Bayesian Attention, p;; is a joint probability over the content of token j (fcont)
and its position relative to query q; (gpos)-

bij = p(fcont(qia kj>|gpos(7:7j)) X p(gpos(iuj))
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Additive Relative Positional Encodings

exp (fcont(qia k]) + gpos(ia ]))
2 ( €xp (fcont(qia kz) + gpos(ia Z)))

Dij =

(
(

exp (feon(@ k) | [ o (i) || Z=(exp (from(ai ko)) ) - 3= (exp (9s(is )
=, (exp (feont(ai, kz))) )3l (exp (a2, z))) >3 (exp (feont(Qi> k2) + Gpos (i, z)))

P (feont(as, kz))) -3, (exp (gpos (4, z)))

p (fcont(CIia kZ))) 2P (exp (gp"s(i’ z))) -1

_ exp (fcont(qia k)) - €Xp (gpos(iaj)) )
3, ( exp (fcont(ch', kz) + gpos(i> Z)))

ex
ex

2
2.

1
2. (p(feoni (i, K2)) - Dgpos(is 2) )

p(fcont(qi’kj)) [ p(gpos(i,j)) J

p(fcont(qi7 kj)) ) p(gpos(ia .7))
Z
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Causal Mask (Uniform)

Additive Relative Positional Encodings  ALBI (Laplace)
scorearigi (q; kj) —q; - kj@ 1 —J
scorenope (s kj) = q; - k;j G M; )
0 if 7 <1
—o0 1f g >

where M; ; = {

Imagine this i ‘ véry Iohg context for the Lafge Lang‘uage Model
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- ALiBi (Laplace)
Generalized Gaussian Distribution T oA Gen
== GGD-BAM (8 <0)

e e

Continuous & Unbounded Discrete & Bounded

e
2al'(1/5)

e

Imagine this i ‘ Iohg context for ‘ Lafge Lang‘uage Model <E(
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Generalized Gaussian Distribution

(th (hkg (hkg (hkl ‘hkg

qZk-lr QZk; ‘hkg QZkI ‘hkg

q:K{ qsKJ qsk3|qsk] qzk?

Q4k-1r Q4k; Q4kg Q4k1 ‘Iskg

QSkI q5k£ q5k§ Q5k1 Clskg
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Evaluation I:

Evaluating Extrapolation




Passkey Retrieval

ALiBi SSMax

BAM SSMax(ours)
—o— NOPE SSMax
—=— ROPE Local

RoPE SSMax
—e— Sinusoidal SSMax
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Passkey Retrieval (GGD-BAM)
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Evaluation Il:

Evaluating Extrapolation & Performance
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Performance Benchmarks

1 Billion .
Instruction
Parameter -+ Tunin
Models 9

MMLU ARC-Easy ARC-Challenge

BAM SSMax  0.3716 0.5770 0.4132
RoPE SSMax 0.3573 0.5715 0.4123
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1 Billion ,
Performance on Long Context Parameter | 4

Models

Table 6: LongBenchv2 Benchmark: GGD-BAM vs RoPE, 1B parameter models.

BAM SSMax RoPE SSMax

Code Repository Understanding 41.7 25.0
Long In-context Learning 36.4 30.3
Long-dialogue History Understanding 35.0 35.0
Multi-Document QA 26.5 25.3
Single-Document QA 26.5 18.8

Overall 28.6 24.2
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