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Background: activation growth in Pre-LN

Modern LLMs are mostly built on Pre-LN Transformers. While being

stable for large scale training, Pre-LN suffers from exponential activation

growth across layers. This means deeper layers’ Attention and FFN outputs

will be overpowered by shortcuts, limiting their contribution to learning.
Gradient-Preserving Activation Scaling

We propose to mitigate this growth by Gradient-Preserving Activation
Scaling, which scales layerwise activations without scaling their

backward gradients. The motivation 1s to scale down forward activations

Experiments

Pretrain perplexity

Method 7IM 130M 250M 350M 1B

Post-LN [1] 33.80 26.50 1351.58 21.19 1406.66
DeepNorm [14] 35.49 26.78 22.20 21.76 1400.39
DeepNorm+ GPAS  34.78 (-0.71)  26.62 (-0.16) 21.89 (-0.31) 21.29 (-:0.47) 16.01 (-1384)
Pre-LN [20] 33.98 26.61 21.54 20.71 16.53

Pre + GPAS 33.38 (-0.60) 2625 (-0.36) 21.34 (-0.20) 19.77 (-0.94) 16.11 (-0.42)
Sandwich-LN [15]  32.28 2531 20.43 20.20 16.26
Sandwich+GPAS  31.44 (-0.84) 24.86 (-0.45) 20.38 (-0.05) 19.45 (-0.75) 15.85 (-0.41)
Mix-LN [12] 33.88 26.29 21.52 20.73 15.87

Mix + GPAS 33.26 (-0.62) 26,03 (-0.26) 21.43(-0.09) 19.82(-0.91) 15.38 (-0.49)
LNS [13] 34.58 2591 20.59 20.35 15.61

LNS + GPAS 32.68 (-1.90)  24.95(-0.96) 19.89 (-0.70) 19.38 (-0.97) 14.87 (-0.74)

without downscaling gradients to avoid gradient vanishing.
GPAS definition: GPAS(x, ) = x — a - sg(x)

Benchmark performance after supervised finetuning
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e Forward: GPAS(x,a) = (1 — a)x

Method MMLU BoolQ PIQA SIQA HellaSwag WinoG ARC-e ARC-¢c OBQA Average
° . — Post-LN 22.95 37.83 5277 34.03 26.20 48.15 27.36 19.37 11.40 31.12
Backward. axGPAS(x' (X) I DeepNorm 22.95 37.83 5277 34.08 26.20 51.14 27.31 19.37 11.40 31.45
A A A DeepNorm+GPAS 2646 6211 69.53 4693 3437 5209 4924 2261 2040  42.64
Pre-LN 25.96 50.34 68.66 44.27 32.39 51.14 49.37 21.33 17.60 40.12
694* GPAS i h [ R Pre + GPAS 26.68 59.79 69.31 46.52 33.64 52.49 49.79 22.70 22.00 42.55
7 \ €9<—~ — Sandwich-LN 27.42 61.77 67.63 44.68 32.76 50.67 4743 23.12 21.40 41.88
: Sandwich+GPAS ~ 27.29  61.90 69.15 4529 3461 5036 5139 2346 2220 4285
Attention/FFN 69‘— Scale Scale """"""" Mix-LN 26.24 61.93 68.66 45.50 33.09 52.25 48.78 24.40 20.80 42.40
T Hd Mix + GPAS 2623 6199 69.59 4560 3351  53.51 5034 2235 2240  42.83
Attention/FFN I LNS 26.62 62.02 6948 45.39 34.76 51.38 50.88 23.29 19.80 42.63
Normalization | Stop Gradient Stop Gradient LNS +GPAS 27.78  61.56 71.00 47.49 36.19 5122 5257 2551 2440 @ 4419
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(a) Pre-LN (b) Pre + GPAS (c) GPAS block (d) GPAS backprop . .
normalization schemes
Apply GPAS to various Transtformer variants o
* Pre-LN layers tend to learn to scale down activation.
a;: learnable scalar. SILU: avoid excessively scaling up activation. * Post-LN layers tend to learn to scale up the skip connection.
Pre-LN: x;,1 = x; + f(LN(x;)) * Variants similar to Pre-LN, such as LNS, sandwich-LN, and Pre-LN
Pre+GPAS: x;,, = x; + f(LN(xl)), X141 = %11 — SiLU(q)) - sg(x],1) layers in Mix-LN also tend to learn to scale down activations.
LNS: x;,1 = %, + FLN(x) VD) * Variants similar to Post-LN, such as DeepNorm and the Post-LN
layers in Mix-LN, also tend to scale up the shortcut
/ ! . ! .
LNS+GPAS: x7,1 = x; + f(LN(x))/V1), %141 = %741 — SiLU(@) - s8(%[41) ’ 015
. [
Sandwich-LN: x;,; = x; + LN(f(LN(x}))) 02 2 R 0.10° =
P BN N .
. e T : / g 0l ’ 2 005 |
Sandwich+GPAS: x;,; = x; + LN(f(LN(x))), x;41 = x/41 — SiLU(@;) - sg(x4+1) S 00 > < J”
w 2 0.00-
DeepNorm: x;,; = LN(a - x; + fg(x;)) S 0.1 S s
DeepNorm+GPAS: xl, = x; — SiLU(a) - Sg(xl); X;1+1 = LN(a - xll + fﬁ (x1)) 02 b INs+maT | o Damepreas | ~0.101
0 5 10 20 0 20K 40K 60K 80K 100K

Mix-LN (Pre-LN layer): same as Pre + GPAS
Mix-LN (Post-LN layer): x; = x; — SiLU(a;) - sg(x;), x;41 = LN(x; + f(x)))
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(a) Learned gate values «; for different models
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(b) Activated gate values SiLU(qy) across training
steps of Pre + GPAS
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GPAS enhances deeper layers

* We measure layer importance as the drop in average benchmark score
after removing that layer.

* Vanilla Pre-LN’s deeper layers have little contribution.

* GPAS enhances importance of deeper layers significantly.
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GPAS model properties

More uniform and compact activation variance

5001

[
—
i

I
=
=

'l
>

lad
g
Layer Index

(g
=
=

Activation Variance
o

Activation Variance

=
Lhn
= =

B T S —

= B oo

0 20K 40K 60K ROK 100K 0 20K 40K 60K S0OK 100K
Training Step Training Step
(a) Pre-LN (b) Pre + GPAS

Pretrain eval loss curve on 7B models
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 Tianhao Chen, HKUST

 Email: tchenbb@connect.ust.hk
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