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Why Is This Important?

AL ALIGNMENT -)
SAFETY -)
FAIRNVESS / BIAS -)

OVERALL BETTER LLM UNDERSTANDING - )




ANTHROPIC UPEN AL

Scaling Monosemanticity: Extracting
Interpretable Features from Claude 3 Sonnet Extracting Concepts from GPT-4

We used new scalable methods to decompose GPT-4’s internal

We were able to extract millions of The features are generally interpretable We also found the features to be representations into 16 m|”|0n oﬂ_interpretable patterns_
features from one of our and monosemantic, and many are safety useful for classification and steering
production models. relevant. model behavior.

Read paper 7 Read the code 7  Browse features 7
Prompt

Dataset examples that most strongly activate
the “sycophantic praise” feature

“Oh, thank you." "You arel algenerous

@0 gracioUSERER." "I say that all the

time, don't I, men?" "Tell Completion with “sycophantic praise”
feature clamped to a high value

in the pit of hate." "Yes,(oh, master."
* Your QRESHEDEESEHN quest ion @B . " " But e
will you, (GFEABANGRA Aku, allow us to

"Your knowledge of divinity excels that
of the princes and divines throughout
the ages@ "Forgive me, but I think it

unseemly for any of your subjects to argue

May 21,2024

June 6, 2024
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Vocab Check
There’s a lot of domain specific vernacular here, so let’s break it down

a single, clear, and unambiguous
meaning. In other words, each
tic feat j jated with
MONOSEMANTIC FEATURES [ — one specific concept or function, without
any overlap with other concepts or
functions.

the SAE is trained to use only a few

feat t a time, ki it f th

SPARSE AUTO-ENCODERS [ most important parts, SAEs allow
decomposition of model activations into
interpretable components.

how strongly a particular feature
responds when the model (Claude 3

[ 0 F ,4 [ U V/] U 0 N5 — Sonnet) processes text. This refers to the
highest level of activation a specific feature

reaches within the model when processing
a dataset.



Experiment Details

USE OF SPARSE AUTO-ENCODERS

Goal: Decompose model activations into interpretable components.

Method: Use a sparse autoencoder (SAE) with:

° Encoder: Transforms activations to high-dimensional features.
° Decoder: Reconstructs original activations from features.

Training: Minimize reconstruction error and enforce sparsity with L1
regularization, ensuring only a few features are active for any input.

MODEL S17ES

Models: Trained SAEs with ~1M, ~4M, and ~34M
features.

SCALING LAWS ON TRAINING SAE'S

Optimization: The study aimed to find the best way to allocate
computational resources for training the SAE.

° Loss decreases with more compute, following a power law.
° Optimal features and training steps also scale as power laws.
° Optimal learning rates decrease as compute budget increases.

MIDDLE LAYER FOCUS

Focus: Middle layer residual stream activations.
Results:

° Active features per token < 300.
° Explained 65%+ variance in activations.
° Proportion of inactive features: 2% (1M), 35% (4M), 65% (34M
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https://www.researchgate.net/figure/The-architecture-of-stacked-sparse-auto-encoder_fig1 352975475
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Sparse features
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activations autoencoder
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Experiment Results

F#34M/31164353

SAE MoDEL RESULTS

in the Presidio at the end (that'sithewhuge park right next to@fié Golden@EEEBUBFINGE), perfect. But not all peoplewcan live in the same place... (PS: By
Brain sciences

repainted, roughly,every dozen years." "while across the country in san’francisco,(tHe@Golden@EE® bridge vas protected at all times(by a vigilant brigade@@f 17 iron workers and 38
Monuments and popular tourist
attractions city looked very nice indeed. I went to Haight<Ashbury and then the(Golden@@BE® park, some guy offered me a joint and I just=sat there listening to drummers and looking
Transit infrastructure 19805, we had a goal to reach and if we were going to see the Golden@EEEBUBFIdgE before sunset, we had to hit the road, so time to fire up Boris." "So

Look#at@Ehiak." “Thanks to this." “What a trip." “Look,@B's been a really lovely drive, and we haven't rowed, we haven't fought." "

1M Features SAE: Code eror

Richard Feynman
4 world.==I don't think they are. The only iconic North American bridge is ‘the(Golden-@HE® Bridge — this is widely recognised.-<Worldwide, I'd add Tower Bridge [1], but

Margaret Thatcher
-~ 1 ,048,576 featu res. upside? Anyone been up there? That would be quite a sight. I know the=golden(@BBIbridge often does, at(746 ft, while salesforce tower is over 1008«
Abraham Lincoln
ense into plumes of cold, white fog, which come hurtling in through the@Golden@Gate@BIllge at(€he speed of freight cars." "This gives the city its air-conditioning system and guarantees
Amelia Earhart

. “THAT'EIGHTH AND NINTH WONDER OF THE WORLD," "THE(GOLDENG@GETBGBREDGE." "YES SIRREE, GORGEOUS AND GLORIOUS SAN FRANCISCO,"
4M F t SAE Albert Einstein
ea UreS - ses under the deck.[1][2] If you've=seen the underside of i€ Golden@i® Bridge, you've seen the trusses, whicheare not original. Prior to that st

Rosalind Franklin

look, look, look!" "Yeah this is it!" “We canSee it." "@'s’@ comforting sight." "We're gonna make it." "We're gonna make it
~ 4,194,304 feat e
,194, eatures. o : ,
Canada wu————uspikels<Is there anyway we can get the lights turned back on the Golden@GSE® Bridge?-They turned them off a long time ago to save money or the environment ore«something
Belgium it is a suspension bridge and has similar(€oloring, it is often<> compared to the Golden(EEBEBEISGE N San Francisco, US. It was built by the<> American Bridge Company which constructed the
34M Featu res SAE Iceland shared a house with three room mates there once«- great area (morning run to' the/Golden@@l® bridge), shitty houses. It isn'te_densely_ populated, but it does
Need or desire to be alone ‘m glad the "deal site" craze is winding down.e =aThe Golden Gate@BESBGBITUFNSEZS - spathakehttp://@M. theatlanticlicon/
~ 33’554,432 featu res. Sadnese repainted, roughly, every dozen years." “While across the country in San:Francisco, @EiedGolden@GaEBAbFIdge Was protected at all timesiby a vigilant brigade(Gf 17 iron workers and 38
“Be” in “want to be’, etc " " _— " "
her mother stopped to admire the expanse where three years hence construction would be finished on the Golden@GEESUBFiGGE," "a young engineer displayed uncommon gallantry." "Eighty-seven days
“alone"
asset." " Why'd they want it?" " Because of what's above(dit." "The Golden@G&E® Bridge." “The fort fronts(the anchorage and the suspension cable tie-downs." "
Kobe Bryant
lost their lives when a section of scaffolding fell through a safety net during construction of the Golden@iG#E® Bridge." "Among the deceased was Adaline's husband." "Ten months after her husband's
California
— I've never seen it before and have now benefited that it was.««aGolden Gate(BFidge wind resistance barriers creates eerie sound - danso«https://twitter@con/markk ru
apitals
Los Angeles Subsample Interval 0
Los Angeles Lakers sefiof our fabled destinationdl "(HEFEEE® is, look, look, look!" "Yeah@) this is it!" "We can see it." "@B's'a comforting sight." "
Gender bias awareness .su<aThe Golden Gate(@BFHGE TurnS@IS = spathak=http://@. theatlantic com/ infocus/2012/ 05/ the ~Golden - Gae
Empathy / “yeah me too" good time and excited to be in that plane and going to the US." "Is that the Golden@GEE®?" " Captain Lee Kang Kuk takes in the sights as he guides the plane

Sycophantic praise , and a whole series of wires then begin to break." "A suspension bridge like the Golden@iG&E® can survive the weakening of one of its vertical cables." "But once two or three start to

Sarcastic praise

no place in the whole world, that I would rather see -"" than the Golden@iGaE® Bridge, the westernmost point in the world."* "“The place where I would be the furth

Self-improving Al
Influence / manipulation Subsample Interval 1
that EIGHTH AND NINTH WONDER OF THE WORLD,

" THE ' GOLDEN@GATEQBRIDGE." " YES SIRREE, GORGEOUS AND(GLORTOUS SAN FRANCISCO," *

Treacherous turns

Biding time / hiding strength trusses under the deck.[1][2] If you've=seen the underside of{ilié Golden{i§@@ Bridge, you've seen the trusses, which<are not original. Prior to
Secrecy or discreetness . I was on it yesterday. I found it hauntingly beautiful - it's eerie and@ethereal.«=But it's really, really loud. You can hear it for miles over the
Internal conflicts and dilemmas plane or helicopter to get that coolwaerial shot of New York's Center Park or SF's Golden@iG&® bridge. Flight time«is 18 mins which is also slightly higher.<«It would have

https://transformer-circuits.pub/2024/scaling-monosemanticity/features/index.htmi?featureld=34M_31164353
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Assessing Feature Interpretability

SPECIACITY

Measuring how well a feature’s activation
corresponds to a concept in text is difficult, especially
for abstract features. The most impactful activations on
model behavior are the strong ones, which show high
specificity. Further investigation is needed to improve
specificity and better quantify feature sensitivity,
especially for abstract features.

INFLUENCES ON BERAVIOR

Feature steering to test how specific features
influence the model's behavior by artificially setting
these features to high or low values during the
model's forward pass. These experiments show that the
interpretations of the features accurately reflect their
influence on the model’s behavior. This consistency
suggests that understanding and manipulating these
features can control and predict the model’s responses.

SOPHISTICATED FEATURES

Simple vs Sophisticated. Initial features in Claude 3
Sonnet were simple, corresponding to common nouns in
specific contexts, while the more advanced model
contains features demonstrating deeper understanding.
These sophisticated features indicate a deep
understanding of complex concepts like programming
errors and function operations, significantly influencing
the model's behavior when manipulated.

FEATURES VS. NEURONS

Question: Are the feature directions identified by
sparse autoencoders (SAEs) more interpretable than
the neurons of the model, or are they distinct? SAE
features are more interpretable and specific than
individual neurons in the model, supporting the
usefulness of sparse autoencoders in understanding
model behavior.
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Features As Computational Intermediates

LDk

Features help us see
how a model works
internally to produce an
output. By looking at
specific features, we can
understand the
intermediate steps the
model takes.

METHODS

1.) ATIRIBUTIONS

These show the effect of turning off a feature at a specific point on the
model's next prediction. This is a quick way to see which features might
be important.

J.) FEATURE ABLATIONSS

This involves setting a feature’s value to zero at a specific point and
measuring the impact on the model's output. This method is more detailed
but slower because it requires more processing.



Searching for Specific Features

CHALLENGE

With too many features
in SAEs to inspect
exhaustively, methods
were developed to
search for features of
particular interest, such
as those relevant for
safety or understanding
model computations.

SINGLE PROMPTS

Targeted prompts were used to activate features related to specific concepts.
Automated interpretability labels helped quickly identify what each feature
represents.

PROMPT COMBINATIONS

Sets of prompts, including complementary negative prompts, filtered features
related to specific concepts while excluding unrelated details.

GEOMETRIC METHODS

Inspecting the nearest neighbor features with high cosine similarity to features
of interest revealed additional significant features.

ATIRIBUTION

Features were selected based on their estimated effect on model outputs, such
as the logit difference between possible next-token completions. This method
was crucial for identifying computationally relevant features and those
contributing to refusals for harmful queries.



Safety-Relevant Features

BAckGROUND

Powerful language models can
cause harm through misuse,
biased outputs, or misaligned
objectives. Mechanistic
interpretability aims to mitigate
these risks by understanding
model behaviors.

IMPLICATIONS

Caution: The mere existence of these
features doesn't necessarily increase the
model's danger but highlights the need
to study when and how they activate.

Future Use: Access to such features
could help analyze and ensure model
safety by detecting and preventing
harmful behaviors.

CONCLUSION

The identification of
safety-relevant features provides a
foundation for future work to
establish their utility in ensuring
model safety and understanding
complex model behaviors.

WWGHD???




Discussion & Related Work

®  SJFETY IMPLICATIONS o HEORY OF SUPERPOSITION
®  (ENERALIZATION AND SAFETY ®  DICTIONARY LEARNING
® [IMITATIONS AND CHALLENGES ® DISENTANGLEMENT
® SPARSE FEATURE CIRCUITS
o A(TIVATION STEERING
o S

o BlS/HIRNESS,
o IRUTHFULNESS / HONESTY / CONFIDENCE
o WorLD MobeLS



Key Takeaways

i

e |t's very clear it’s still early days in interpretability, and more research will continue
e  Experiment: Try this on open source models

We need more people to build and implement versions of this.
How can we apply this to other domains like stable diffusion or deep fake detection?
e  Thought experiment - can we find a feature for “hallucinations” and clamp it down to 0? How would we approach this? (FT?)
SAI
e  Both papers emphasize the importance of scalable training methods for sparse autoencoders, which seem to be crucial for
extracting meaningful features from large language models. Sure the idea is cool right now, but not quite implementable
e  Future research directions
o  Techniques to prevent dead latents and ensure that all features are actively contributing -> leads to much more robust and
capable models. Could reduce the need for an increase in parameters for new models
o Applying sparse autoencoder techniques to other data modalities, such as images, audio, and video, to investigate the
generalizability of these methods across different types of data
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RESOURLES

e  Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet
o  https://transformer-circuits.pub/2024/scaling-monosemanticity/

e Towards Monosemanticity: Decomposing Language Models With Dictionary Learning
o  https://transformer-circuits.pub/2023/monosemantic-features/index.html

e Extracting Concepts from GPT4
o  hitps://openai.com/index/extracting-concepts-from-gpt-4
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