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A Companion Piece: LM-Infinite

Zero-Shot Extreme Length Generalization for Large Language Models
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(a) Proposed Solution: LM-Infinite (b) A Conceptual Model of Relative Positional Attention
» Studies the OOD issues in length representation of LMs
* Provides a conceptual model of length representation

NAACL 2024, Outstanding Paper, https://arxiv.org/abs/2308.16137
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A Companion Piece: LM-Infinite

Zero-Shot Extreme Length Generalization for Large Language Models
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e applies to various modern LLMs without parameter updates

* Extreme generalization to 200M, with downstream task
Improvements

NAACL 2024, Outstanding Paper, https://arxiv.org/abs/2308.16137
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What Do Word Embeddings Embed?

Previous papers mostly focus on word-level interpretations
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What Do Word Embeddings Embed?

Previous papers mostly focus on word-level interpretations
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What Do Word Embeddings Embed?

Previous papers mostly focus on word-level interpretations
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Word Embeddings in Causal LMs
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Revisit the Question
What Do Word Embeddings Embed in LMs?

* |LM’s optimization objective: generation, alignment,
etc.

* |LMs learn word embeddings incidentally.
 But by nho means randomly!

 What is the role of word embeddings?



Output Word Embeddings

Projecting to Logits
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Output Word Embeddings

A similarity measure

Te
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logit(c,e) =c e

An inner-product space

C, € resides in the same vector space of V
the direction of C: relatedness direction

the length of ¢: how concentrated the distribution is



Output Word Embeddings

A Dimension Reduction

E:[l.n] > R4

« when k = | 7" | can theoretically express any distribution

« when k < |7 |, compresses (embeds) words so they are inter-
related

e but, in what way?



HMM as A Theoretical Framework
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Sequence Shift ¥ Word Embedding Transform

* Theorem (Informal): steering between text
distribution is associated with a linear
transformation on word embedding space
under assumptions.
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Word Embeddings Are Steers

An Intuitive Explanation

®

Language Model
Hidden Layers

e Non-trivial claim as it connects word distributions and
sequence distributions



Theoretical Generality
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LM-Steer

steering on output word embeddings
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Negatively steered LM P__;,,  Original LM P, Positively steered LM Py,

“My life is boring” “My life is okay”™ “Mpy life is brilliant”



LM-Steer Broken Down

Output word
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Training & Inference
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(a) LM-Steer overview

objective:
maximize likelihood

—

positive
labelled texts

objective:
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negative
labelled texts

(b) Training

step 1:
setting a “steer” value
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step 2:
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Detoxification

Main metric

Model Backbone Toxicity | Fluency Diversity
Size Max. toxicity Toxicity prob. Output ppl.] Dist-1 Dist-2 Dist-3
GPT-2 (original) 117M 0.527 0.520 25.45 0.58 085 0.85
optimization-based PPLM (10%) 345M 0.520 0.518 32.58 0.58 0.86 0.86
fine-tuning DAPT 117M 0.428 0.360 31.21 0.57 0.84 0.84
SZESLE?.S?F GeDi1 1.5B 0.363 0.217 60.03 0.62 0.84 0.83
DEXxpertspase 117M 0.302 0.118 38.20 056 0.82 0.83
offseting logits {DExpertsmedium 345M 0.307 0.125 32.51 0.57 0.84 0.84
DEXpertsjaroe 762M 0.314 0.128 32.41 0.58 0.84 0.84
prompting PromptT5 780M 0.320 0.172 55.1 0.58 0.76 0.70
optimization-based MuColLa 762M 0.308 0.088 29.92 0.55 0.82 0.83
efficient finetuning LoRA 762M 0.365 0.210 21.11 0.53 0.85 0.86
word blacklist ~ Soft-Blacklist 762M 0.270 0.154 18.28 0.53 0.81 0.83
LM—Steerbase 117M 0-296i0.018 0. 129i0.012 36.87 0.54 0.86 0.86
our LM-Steermedium ~ 345M 021510015  0.059-0.02 43.56 0.56 0.83 0.84
model [ M-Steerjage 762M  0.249:10007  0.089-0.000 2826 055 084 0.84
L

R
LM-Steer outperforms each baseline under similar model sizes



Detoxification

Holistic Comparison

k-1 Baselines
A4~ LM-Steered®

 Across base model
sizes, LM-Steered GPT2
family, Pythia family,
GPT-J and Llama-2-7B
models (+) consistently
outperform other
baselines (o) on
detoxification.
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Detoxification

Pairwise Human Evaluation

LM-Switch Tie LoRA

LM-Switch Tie GPT-2

LM-Switch Tie DExperts

Detoxified 19.0 69.5 11.5
Fluent 21.0 69.0 10.0
Topical 18.0 69.5 12.5

24.5 56.5 19.0
21.0 57.5 2135
32.0 47.0 21.0

24.0 56.5 19.5
25.0 520 23.0
32.0 56.5 11.5

A

Metrics



Detoxification

Pairwise Human Evaluation

Parameter Original Controlled

Baselines: efficient tuning Model generation

LM-Switch Tie LoRA |LM-Switch Tie GPT-2|LM-Switch Tie DExperts

Detoxified 19.0 69.5 11.5 24.5 56.5 19.0 24.0 56.5 19.5
Fluent 21.0 69.0 10.0 21.0 57.5 2135 25.0 5207 23.0
Topical 18.0 69.5 12.5 32.0 47.0 21.0 32.0 56.5 11.5




Detoxification

Pairwise Human Evaluation

LM-Switch Tie LoRA

LM-Switch Tie GPT-2

LM-Switch Tie DExperts

Detoxified 19.0 69.5 11.5
Fluent 21.0 69.0 10.0
Topical 18.0 69.5 12.5

24.5 56.5 19.0
21.0 57.5 2135
32.0 47.0 21.0

24.0 56.5 19.5
25.0 520 23.0
32.0 56.5 11.5

Better than the baselines on 8 out of 9 tracks



Sentiment Control

Sentiment Positivity / % Fluency Diversity !

Target Model Positive Neutral Negative Output ppl.| Dist-1 Dist-2 Dist-3
prompts prompts prompts
LM-Steeriarge 90.70 41.23 41.20 046 0.78 0.83
LM-Steermedium 95.36 56.98 67.68 046 0.77 0.80
LM-Steerp,se 90.46 57.26 54.38 047 0.78 0.81
- - Soft-Blacklist 86.40 25.64 99.46 042 0.76 0.81
°

Desplte belng LoRA 26.88  7.20 15856  0.57 0.82 0.83
- Positivef DEXpertsjarge 94.46 36.42 45.83 0.56 0.83 0.83
Slmpler and DExpertsmedium 94.31 33.20 43.19 056 0.83 0.83
sm al I er DExpertssmali 94.57 31.64 42.08 0.56 0.83 0.84
DExperts (pos) 79.83 43.80 64.32 059 086 0.85
GeDi 86.01 26.80 58.41 0.57 0.80 0.79
DAPT 77.24 14.17 30.52 056 0.83 0.84
e LM-Steer gets the PPLM (10%) 5268  8.72 14211 062 086 0.85
. PromptT5 68.12 15.41 37.3 058 0.78 0.72

1st metrics on the
o ] GPT-2 (original) 99.08 50.02 0.00 29.28 0.58 0.84 0.84
pOSItlve Sentlment PromptT5 69.93 25.78 48.6 0.60 0.78 0.70
PPLM (10%) 89.74 39.05 181.78 0.63 0.87 0.86
and 2nd to 3rd DAPT 87.43 33.28 32.86 0.58 0.85 0.84
place on the GeDi 39.57 873 84.11 0.63 0.84 0.82
] DExperts (neg) 61.67 24.32 65.11 0.60 0.86 0.85
negative Negative, DEXPeMSwman 4525 385 3992 059 085 0.84
. DExpertSmedium  40.21 3.79 43.47 059 085 0.84
sentiment. DExpertsage ~ 35.99  3.77 4591 060 084 0.83
LoRA 57.71 20.08 192.13 055 0.78 0.79
Soft-Blacklist 73.772 14.28 50.95 038 0.70 0.76
LM-Steerpase 57.26 10.12 51.37 049 0.77 0.79
LM-Steermedium  92.32 7.10 71.48 047 0.77 0.79

LM-Steerarge 54.84 8.02 57.74 048 0.78 0.80
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Continuous Steering

Steer Generation word toxicity level # toxic phrases
-5e-3  What moron said that stupid comment. “moron”, “stupid” 2
3e-3  What's stupid is stupid, right? “stupid” 2
-le-3  What’s this? You think that your reli- “not good enough” ]
gion, your culture, your country are not
good enough?
0 What’s more, it makes for a fun, cheap, L 0
and efficient way to improve the perfor-
mance of your car engine and to make
your driving that much safer.
le-3  What’s more, it makes for a fun, cheap, — 0
and efficient way to improve the perfor-
mance of your car engine and motor.
3e-3  What’s on your mind? What’s on your — 0
mind?
5e-3  What’s on Netflix? If you can’t figure L 0

out what’s being watched on Netflix,
you need to figure out what are people
watching!




Compositional Steering

LM-Steer 1: P,
LM-Steer 2: Py,

Combined LM-Steer: P,y 1o w,



Compositional Steering

Toxicity
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Compositional Steering
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Compositional Steering

negative
Toxicity sentiment
1 positive
sentiment
Interesting

entanglement
between steering
dimensions



Transferring to Another LM

LM-Steer defines a bilinear form on the shared space of ¢ and e

Alogit(c,e) = ec' We : | Ix RY - |

Two transfer to another set of word embeddings: E — E’
Assuming an approximate linear transform E ~ HE', ¢ ~ Hc¢’

The equivalent steer term is Alogit = ¢'We ~ ¢ 'H' WHe'

transferred LM-Steer!



Transferring to Another LM

Avg. Max. Toxicity (])
0.5

Original
Trained
Transferred
0.425
0.35
0.275
0.2
gpt2 gpt2-medium gpt2-x1 gpt-j-6b
(124M) (355M) (1.5B) (2.7B)

transfers about half of the detoxification capabillity



Computational Efficiency

LM-Steer DAPT GeDi CTRL PPLM DExpert MuCola LoRA

Parameters 1.6M 355M 355M 355M 124M 355M 398M 18M
Speed Ratio 1.24 1.00 2.94 3.79 270.11 1.98 24.03 1.00

e training only 0.9% of LM training parameters

* Marginal time overhead. Can be further reduced to 1.0 if the
steering value € is fixed.



Data Efficiency

Perplexity Toxicity
1000 0.52
100 0.44
10 0.36
1 0.28
0.1 0.2
30 100 300 1k 3k 10k full

# data



Highlighting Keywords

There’s another controversial Hollywood racial o Aytom atically
decision that Stacey Dash 1s sinking her teeth into.

highlighting text spans

The UFC champ then suggested Justino is a most related to a
longtime PED user with her most d**ning com- distribution.
ments.

But I really have a question for you: Why would * Example: toxic word

I go on a game show and play into the bulls**t highlighting by learning
allowing myself to be ranked by some fake com- detoxification
petition?

I think sexism prevents this from being a real
win for fat people.

If they want to be fair and non
hypocritical 1diots they should.




Highlighting Keywords

There s another controversial Hollywood racial decision that ...

Py

Pew

€

 Motivation: what words are more likely in Py instead of Py,?

* Objective: looking for the text spans with the maximal sum of
log-likelihood differences

« Inputs: sequences P, and Py, #spans to look for n, max span
length [

e Algorithm: dynamic programming



A Probe on the Word Embedding Space

SVD decomposition reveal words that are mostly related to a
learned LM-Steer

SVD decomposition

O\
Alogit(c,e) = ec' We = ec' UZVe

=¢ ) oic'w)(v]e)

-
i
word embedding space, with decreasing significance o;

Each row V. in right matrix V looks for a dimension in the



A Probe on the Word Embedding Space

Dim. Matched Words

nersonal Mor, bigot, Stupid, retarded, coward, stupid, loser, clown, dumb, Dumb, losers, stupidity, garbage

abuges stupid, idiot, Stupid, idiots, jerk, pathetic, suck, buff, stupidity, mor, damn, ignorant, fools, dumb
3 idiot, godd, damn, curses

5 Balk, lur, looms, hides, shadows, Whites, slippery, winds

7 bullshit, fiat, shit, lies, injust, manipulation critiques

political disabled, inactive, whip, emo, partisan, spew, bombed, disconnected, gun, failing, Republicans

(Some dimensions were omitted as they match non-English words)



Future Work

 Comparing with input word embeddings: what is related and
what is different?

* Are other contextual representations steerable? Any detailed
analysis?

e “Extracting Latent Steering Vectors from Pretrained
Language Models” https://arxiv.org/pdf/2205.05124

* Going beyond linear transformation

e Calling for a better theoretical framework for LMs


https://arxiv.org/pdf/2205.05124

