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Standard transformer

Vaswani et al., 2017

Linear

Linear(x) = Wx + b

Attention

Aij =
qi · kj√

c

outi =
∑
j

Softmaxj(Aij) vj

Other operations

• Activation function

• Layer norm
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L-GATr-slim layers
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SOTA performance of L-GATr-slim
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Downscaling

Top taggers from O(106) down to O(103) parameters
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Quantization savings
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Conclusion

• Simple equivariance
L-GATr-slim = transformer with scalars and vectors
streams
L-GATr performance at a much lower cost

• Down-scaling
Shrink to 1k parameters
Quantization to int8

• Next steps
Better L-GATr-slim performance at 1 block
Different quantization scheme (HGQ)
FPGA implementation

pip install lgatr

arXiv:2512.17011
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Backup: Quantization

Matrix multiplications dominate the cost:
run them at lower precision.

• inputs: zero-point quantization

xq = clip
(⌊

x
s

⌉
+ z
)

• weights: quantization-aware training
with proximal gradient methods
(PARQ/STE)

Eadd [pJ] Emul [pJ]

float32 0.38 1.31

bfloat16 0.11 0.21

int8 0.007 0.07

Energy per operation, A100 GPU



Backup: weight quantization as a regularizer

Push weights to ternary {0,±q}.

Constraint via proximal gradient

LQAT = L+ λ
∑
k

R(θk)

applied as a post-update map proxR(θ̃k)

• PARQ: anneal map identity → step

• STE: hard step, special case

θ̃k−q1
2

q1
2

q1

q1
2

−q1

−q1
2

0

proxR(θ̃k)|PAR

ρ
(t
)−

1

ρ
(t
)−

1

θ̃k−q1
2

q1
2

q1

−q1

0

proxR(θ̃k)|STE



Backup: towards trigger-level tagging

Minimal LLoCa-Transformer: 1 block, 16-dim latent, static int8

108

bit operations per jet

0

200

400

600

800

1000

1200

1400

B
ac

kg
ro

un
d

re
je

ct
io

n
1/
ε

B
@
ε

S
=

0.
3

all jet constituents

LLoCa-Tr.
LLoCa-Tr. global
Transformer

f32
bf16
i8

All constituents

107 108

bit operations per jet

0

200

400

600

800

1000

1200

1400

B
ac

kg
ro

un
d

re
je

ct
io

n
1/
ε

B
@
ε

S
=

0.
3

≤ 30 jet constituents

LLoCa-Tr.
LLoCa-Tr. global
Transformer

f32
bf16
f8

30 leading constituents



Backup: L-GATr-slim building blocks

GLU

(
s

v

)
=

(
GELU(Linear(s)) · Linear(s)

GELU(⟨Linear(v), Linear(v)⟩) · Linear(v)

)

RMSNorm

(
s

v

)
=

(
1

cv + cs

(
cv∑
c=1

|⟨vc , vc⟩|2 +
cs∑
c=1

s
2
c

)
+ ϵ

)−1/2(
s

v

)
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