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Parallelism to accelerate training of LLMs
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GPU Throughput from Small Scale Models

tensorboard/iteration-time/TFLOPs per gpu (estimated)
= 2.7B-Baseline = 1.3B-Baseline = 700M-Baseline
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. 6.7B Decoder-only 3D Parallel Training on German Corpus

iteration-time/TFLOPs per gpu (estimated)
tag: iteration-time/TFLOPs per gpu (estimated)
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Loss Spikes and Tokenizer’s learned vocabulary
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"GKlAngE“ 12063 objectives, leaving tokenizer influence as a blind spot. Shedding light on this underexplored area, we conduct a comprehensive study on the influence of tokenizer choice on LLM downstream performance by training 24
Ak ] 3420 mono- and multilingual LLMs at a 2.6B parameter scale, ablating different tokenizer algorithms and parameterizations. Our studies highlight that the tokenizer choice can significantly impact the model's downstream
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"WhatSApp":1 3936 English. While English-centric tokenizers have been applied to the training of multi-lingual LLMs in the past, we find that this approach results in a severe downstream performance degradation and additional training costs
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The recent success of Large Language Models (LLMs) has been predominantly driven by curating the training dataset composition, scaling of model architectures and dataset sizes and advancements in pretraining

performance and training costs. In particular, we find that the common tokenizer evaluation metrics fertility and parity are not always predictive of model downstream performance, rendering these metrics a questionable

*,.."14860

Steering LLMs with Sparse Autoencoders TECHNISCHE

Sca Ds.m Lalith Manjunath UNIVERSITAT

DRESDEN LEIPZIG Slide 6 DRESDEN

UNIVERSITAT
LEIPZIG




Parallelism Analysis

Throughput for 6.7B GPT Model Training using
16 A100 GPUs on Taurus Alpha Partition
GAS=128, MBS=2

140
165.1 tf/s 164.7 tf/s 156.3 tf/s 138.0 tf/s
~ 22.6 s/s 22.5 s/s 21.4 s/s 18.9 s/s
120
100
| 1443 tf/s 145.5 tf/s 133.3 tf/s 92.2 tf/s
E ™ 19.7 s/s 19.9 s/s 18.2 s/s 12.6 s/s
o]
© 80 g
& T
é F
o B 117.7tf/s 114.8 tf/s Not enough - 60
= 16.1 s/s 15.7 s/s GPUs
- 40
i 85.3 tf/s Not enough Not enough -20
© 11.7 s/s GPUs GPUs
1 1 1 - D
1 2 4 8

Pipeline Parallelism

* Credits: Lena Jurkschat
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Scaling Laws Investigation
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Scaling Laws Investigation
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Morphologically Biased BPE Vocabulary

eval/loss eval/loss
= gpt2+morf_s0-30-x-2_cx-en_00000-00009_50k — gpt2+ts_cx-cs_00000-00019_50k
gpt2+morf_u0-30-50-x_cx-en_00000-00009_50k — gpt2_cx-cs_00000-00019_50k

— gpt2+ts_cx-en_00000-00009_50k
— gpt2_cx-en_00000-00009_50k

i

3 = !

2

1

: train/global_step
50k 100k 150k 200k 250k 300k 50k 100k 150k 200k 250k
English Decoder-only Model Czech Decoder-only Model

* Credits: Jonas Knobloch
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How LLM inference works

* LLMs do not output a token directly.

» They output a probability distribution over all the tokens and
we use a sampling method to decide which token to use.

* Most common methods :
«  Temperature Sampling

* Nucleus Sampling [~
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What does Steering mean?

Using a method to modify the probability distribution of the token being predicted to avoid/favor particu

/?eeﬁng Direction

Scientifie
Profiei ency

Possible sentences
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Probing

- Talk and probe in model’s own language, i.e,

Intervening with the linear probe

tensors.
Original Board State (White to Play)
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Flip G5 to Black

https://www.lesswrong.com/posts/nmxzr2zsjNtjaHh7x/actually-othello-gpt-has-a-linear-emergent-world
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Probing

- Talk and probe in model’s own language, i.e,
tensors.

logits

output _and _are _made 5
34 _and _are _made _and
32 _power _are _made _and
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[ I T ® Tit1 14 s —are tsed —and frame 1.9% c
h h 18 - jr: Jse: o color 1.5%
0 1 s _is _an _use _in -
8 _is _and _the _to
T T t €T 2 6 s _and _the _in
4 . _of _the _up
Zg 2 . _of _the to J - _ :
b d input s s _are _built _layer by layer
_transformer _predictions _are _built _layer - by - layer
T
tokens nput
https://www.lesswrong.com/posts/nmxzr2zsjNtjaHh7x/actually-othello-gpt-has-a-linear-emergent-world
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What is Superposition?

+ Compressing more information than you have dimensions / directions.
* Form of lossy compression. Concepts could exist over multiple directions.
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Why naive Steering does not generalize?

* LLMs unfortunately use superposition.

* Linear Probes cannot separate out the concepts in the
directions reliably.

N e,cjo\‘tion

Windrunner <. N > EnvVironment

Swimmimj
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Sparse Autoencoders (SAES)

f(x) := 0 (WeneX + benc) ,

Reconstructed Activation Vector

 Autoencoders:

A | /
X(f) := wdecf+hdec- soleslel)) -
Decoer Matrix
» Since we train the weights to encode and decode the
input from the latent state, it becomes an autoencoder. —_— .

‘ Bias and Aetivation |
—

|

* The dimension of latent is much larger than the
dimension of the inputs. UO0@e0c000o0uUecuou RN
* SAEs typically shallow and wide.

Sparse Features

« Add Sparsity Loss to encourage sparsity and we have
SAEs

-

O eeOe0)

e

S

Activation Vector from LLMs

Reference: Cunningham, Hoagy et al. “Sparse Autoencoders Find Highly Interpretable Features in Language Models.” ArXiv abs/2309.08600 (2023).
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Implications of SAEs

» SAEs give a promising direction to focus on to make the models more safer.

* Imagine finding the directions responsible for the model being deceptive, lying, etc.. And then
suppressing those particular directions.
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Challenges of SAEs

» SAEs are shallow but wide need tensor parallelism over pipeline parallelism.
* Not training on text/image data directly but on the internal activations of a LLM.

* Roughly, 100TB of disk space needed to store activations of a 9B scale model at single site
and single layer.
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Impact of SAES

* Prior work on understanding internals and
model ( < 1 B params) steering relied on the
assumption that the directions are
decomposable.

* Golden Gate Claude (Claude Sonnet with
SAE) demonstrates feasibility for LLMs.

« GemmaScope

Gemma Scope Release >

A comprehensive, open suite of sparse autoencoders for Gemma 2 2B and 9B.

G google/gemma-scope

Updated 21 days ago - © 118

G google/gemma-scope-2b-pt-Tes

Updated 4 days ago - < 4

G google/gemma-scope-2b-pt-mlp

Updated 4 days ago « & 2

G google/gemma-scope-2b-pt-att
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Open for Questions

« How does the many post training methods such as finetuning, context length extension change
the model weights?

 Whatis the algorithm that is learnt to solve n-digit addition ?
» Detecting / Fixing Jailbreaks to models.
* What happens when the model is induced to perform chain of thought?

LOSS CURVES DIVERGE DURING PHASE CHANGE

ONE LAYER TWO LAYER THREE LAYER

(ATTENTION-ONLY) (ATTENTION-ONLY) (ATTENTION-ONLY)
Elapsed Training Tokens Elapsed Training Tokens Elapsed Training Tokens
0 9.er9 5.0e9 7.5e9 1e10 0 2.5e9 5.0e9 7.5e9 1e10 0 2.5e9 5.0e9 7.5e9 1e10

8.0 The highlighted
“phase change”
7.04 portion of
training is the
same area highlighted in

previous plots. It is selected
based on the derivative of

§ 50 n ;
g s 0 one-layer / the in-context score.
@ 407
7 two-layer three-layer
3.0
o
g
4 20l
4
One-layer model has Models with more than one layer
no bump in loss curve have a "bump” where loss diverges from one-layer model.

Reference: Lieberum, Tom et al. “Gemma Scope: Open Sparse Autoencoders Everywhere All At Once on Gemma 2.” ArXiv abs/2408.05147 (2024).
https://transformer-circuits.pub/2022/in-context-learning-and-induction-heads/index.html
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