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Priming Questions

Is it possible to fundamentally change how a model 'reasons' about a concept
without showing it a single new piece of training data?

If we 'cut out' a specific thought from a model's brain, do we lose the
'intelligence’ surrounding it, or can we truly isolate a single unintended signal?

If Fine-tuning (RLHF, SFT, RLVR, RLAIF) can teach a model to act a certain
way towards us, how do we know if the bias is actually gone—or if the model
has just learned to hide natural propensities?
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Understanding LLM Notation & Layer Indexing

We define our causal language model as M : - > R¥ Generally we consider our
models input as X = [zg, ..., Z,|, where X € . Our models output is

generally defined as M(X) € RnXE
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Target Layers & Intermediate Outputs

We use the the notation M

B=1

where B is arbitrary block within the LM like a
transformer block. We define the i-th block’s output as Xi+1 = ]»in(xi, X)
using the aforementioned recursive definition.
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Difference between an activation and an intermediate
output

In our works we refer to an activation Z*as the n-th vector of an intermediate
output. What this means is that it captures the entlrety of the previous token
information. We call our activation our output Z* € R¥which corresponds to a

singular vector.
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X




Polysemanticity & the Superposition Hypothesis

Neurons produce activations, T € RE—‘

.
/Ji/ < F < # of concepts

Kissing #

Therefore, each neuron must be polysemantic
ie, corresponding to more than one concept



What is a Feature? (Theory to Implementation)

Properties of a feature, f from M:

1. Correspond to useful information for
computation

2. Monosemantic

3. Fires when only active
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How do we find monosemantic neuron?

Hidden layer
(Feature activations)

What if we use Al to understand Al? We introduce the
sparse autoencoder, which is an architecture meant to

derive monosemantic features from a polysemantic E
activation Wdem W;—w S RdeQ dzn << Q
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Encoder
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Figure Adapted from LessWrong

Z(i, )\) — Hf — SAE(E)H% + )\‘ ‘f(j)‘ ’0 Contributor Nick Jiang 2024

SAE(%) = Wi ReLU (W oo + b)
— Wdecf(i)

Note: There's a lot of SAE architectures
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Problem Statement

We want to control computational mechanisms within models to remove
underlying biases or misconceptions about the task or the world. We want our
mechanism to interpretable to humans and monosemantic.
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P(x_clean | a = a_clean) P(x_patch | a = a_clean)
“The teacher” Wi “The teacher” |

Indirect Effect Metric

The amount of influence a neuron
has on the model’s output decision
based on respective inputs.

P(x_patch | a = a_patch)

“The teachers” “are”

m= a metric that scores how much
the model prefers out_clean over
out_patch (or vice versa)

z)

m(z) = log P(“are”|z) — log P(“is”

Linear Approximations:
IEup(m; a; Tetean, Tparch) = VaM|aey,, . (Apach — Actean)
IE(m; a; Tclean CEpatch) =m (xclean|d0(a . apatch)) = m(fvclean)
These methods can be parallelized using
taylor series expansion
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Building a Scalpel

SAE intermediate features are mostly monosemantic
and correspond to one idea! The original input is
equivalent to the output + some error

r=SAE(Z) + €
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Sparse Feature Circuits

Injected SAE into the model computational graph
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Sparse Feature Circuits

Detailed figure of Injected SAE into the model computational graph
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Feature Ablation from SAE

Via IE
thresholding
on metric m
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Sparse Human-Interpretable Feature Trimming

Method for removing unwanted
model features from a LM
classifier

Used to force Bias in Bios study
model to learn occupational
information rather than gender
bias

S

Using metric m(x) = -log C(y | x),
compute feature circuits that explain
C’s accuracy

Manually inspect those features for
task-related ones

Ablate/ remove ones that aren’t related
(Optional) further fine tune Classifier C
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Case Study—Bias in Bios (BiB)

Bias in Bios is a dataset with spurious features such as gender with the primary
task of classifying professions based off professional biography.

Training Dataset is unbalanced
Evaluation Dataset is balanced Key Note: The dataset is

purposely designed to
misalign models

He is also the project lead of and major contributor to the open source

assembler/simulator "EASy68K." He earned a master’'s degree in computer.. 21
She is able to assess, diagnose and treat minor illness conditions and 13
exacerbations of some long term conditions. Her qualifications include..

Prior to law school, Brittni graduated magna cum laude from DePaul 2

University in 2011 with her Bachelor’s Degree in Psychology and Spanish. I..

Bias in Bios Dataset [De-arteaga et al 2019]
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Case Study—-Bias in Bios (BiB)

Profession Accuracy = Average accuracy of all predicted professions

Gender Accuracy = Maximum percentage of male/females in a single profession
Worst Group = Worse Performance on single profession

Oracle = Trained directly on Balanced Dataset

Pythia-70M Gemma-2-2B
Method TProfession |Gender {Worst group 1Profession |Gender 1Worst group
Original 61.9 87.4 24.4 67.7 81.9 18.2
CBP 83.3 60.1 67.7 90.2 50.1 86.7
Random 61.8 87.5 24.4 67.3 82.3 18.0
SHIFT 88.5 54.0 76.0 76.0 51.5 50.0
SHIFT + retrain 93.1 52.0 89.0 95.0 52.4 92.9
Neuron skyline 153 73.2 41.5 65.1 84.3 5.6
Feature skyline 88.5 54.3 62.9 80.8 53.7 56.7
Oracle 93.0 49.4 91.9 95.0 50.6 93.1

Figure Adapated from [Marks et al 2025]



Automated Feature Discovery
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Tasks and Contribution

They showcase created Sparse Feature Circuits could be created for several
different NLP tasks:

Enter text:

The dog eats the apples.

CLASSIFIER
g —

SPAM

464 3290 25365 262 22514 13

Subject verb Next token Classification
agreement prediction



Research Contributions

Development of the SHIFT technique for removing LM classifier sensitivity
Fully unsupervised pipeline for computing thousands of feature circuits
automatically

Small feature circuits explain a large proportion of model behavior: the
majority of performance in Pythia-70M,
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SHIFT Limitations

SAE Limits

The paper requires many SAE’s for
SHIFT

Massive Upfront cost of training the
SAE’s

Model components not captured by
SAEs will remain uninterpretable

Interpretability Limitations

Difficult to use paper methods
without some downstream task

Feature labeling is a qualitative

task and can change from
annotator to annotator
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Recall: Priming Questions

Is it possible to fundamentally change how a model 'reasons' about a concept
without showing it a single new piece of training data?

If we 'cut out' a specific thought from a model's brain, do we lose the
'intelligence’ surrounding it, or can we truly isolate a single unintended signal?

If Fine-tuning (RLHF, SFT, RLVR, RLAIF) can teach a model to act a certain
way towards us, how do we know if the bias is actually gone—or if the model
has just learned to hide natural propensities?
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Solutions to the Questions

e Yes, using Sparse Feature Circuits we are able to ablate features from the
models internal representation and fundamentally alter the models
computational graph.

e No, cutting out components of a model internal representation does not result
in a loss of capability on specific tasks and can actually boost performance.

e Maybe, because fine tuning still preserves the connections between neurons
and does not ablate them strictly
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