LLM Interpretability

Tanmoy Chakraborty
Associate Professor, |IT Delhi
https://tanmoychak.com/

Advanced Large Language Models


https://tanmoychak.com/

»

‘BHEAI“NG @ Qwen_3_VL Announced on

September 23,
The most powerful vision-language model in the Qwen family 2025

L

'\/B’ ! Qwen B'I6g

. Qwen3-VL-235A22B-Instruct (tool) = Qwen3-VL-235A22B-Instruct Gemini-2,5-Pro Gemini-2.5-Pro-ThinkingBudget128

100

Qwen3-VL-235B-A22B offers Qwen3-VL demonstrates
both Instruct and Thinking significant progress

versions. The Instruct version across all capabilities --
matches or even exceeds | from understanding and
Gemini 2.5 Pro in major visual - generating text, to
' perceiving and reasoning
I over visual content,
| handling longer contexts,
o

8

o

perception benchmarks. The

Thinking version achieves

state-of-the-art results across “

many multimodal reasoning interpreting spatial

benchmarks. relationships and dynamic
videos, and interacting

with Al agents.

20

0
HRBench-4k HRBench-8k ERQA VisualProbe



https://qwen.ai/blog?id=b550154aa5ba6b812cdebba2b9dc1156c4369d40&from=research.research-list

LLM Interpretability — Objectives and Motivations

4 . . . . )

e LLMs are an important component in a lot of major systems in the current
technology landscape — but there is an inherent limitation - we know what they
do, but not why.

e Despite all the performance |mprovements LLMs remaln black boxes

A
V V C C Vle - U d UCTCTIJC 9 i O C ' A U - - C - C

~

Key motivations

|/ Safety & Trust — Detecting deception, hallucination, or misuse.

/Accountability — Understanding whAy a model maMrmful or biased prediction.
Debugging & Model Editing — Fixing specific failure modes without retraining.
Scientific Curiosity — ~Reverse- engineering intelligence from emergent representations.

KReguIa’uo/nB?&vernance — EU Al Act and audit requirements depend on interpretability. /
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Defining explanation/interpretation scopes

Transparency — Opening the hood; understanding how each part contributes.
-/Explainability — Providing human-friendly explanations of outputs.
../Causality — Understanding which components cause certain behaviors.
N Conceptual Interpretability — Mapping internal features to human concepts. Y
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Challenges of Interpreting Large Language Models

of sub-features.

[ o S

full story.

o

Distributed representations: No single neuron = single concept (superposition).
Depth & composition: 100+ layers make causal attribution hard.

Emergent behavior: New capabilities appear unpredictably with scale.
Dynamic context usage: In-context learning means model “weights” aren’t the

/Scale: 175B+ parameters; even a single attention head may encode thousands\

/

@ Advanced Large Language Models

Tanmoy Chakraborty




Timeline

2013-2016 — CNN Visualization Era

» Zeiler & Fergus (2014) — Deconv nets reveal early
CNN features.

* Olah et al. (2075-76) — Feature visualization &
neuron interpretability (Distill.pub).
— Focus: seeing what neurons see.

2018-2020 — Linguistic Probing in NLP

* Alain & Bengio (2017) — Linear probes for
representations.

» Tenney et al. (2079)— BERT layers mirror NLP

pipeline.

*  Hewitt & Manning (2079) — Syntax geometry in
embeddings.

»  (lark et al. (20719) — Attention heads learn linguistic
roles.

— Focus: what information is encoded,

20202022 — Mechanistic Interpretability

» FElhage et al. (2021, Anthropic) — Framework for
transformer circuits.
Nana’a etal (2022)— Grokkmg analysis via circuits,
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2023-2024 — Sparse Features & Superposition

*  Anthropic (2023) — Sparse Autoencoders (SAE) for
monosemantic features.

*  Conmy et al. (2023) — LLMs labeling their own
features.

* Nanda (2024) — TransformerLens tools for large-
scale analysis.
— Focus: features > neurons.

2023-2025 — Causal & Editable Models \
*  Meng et al. (2023, ROME)— Factual circuit editing,
* Hernandez et al. (2023) — Causal scrubbing methobls.
* Zou et al. (2024) — Steering vectors for controllabl
behavior.
— Focus: intervention & control.

1%

20242025 — Automated & Scalable Interpretability

* Anthropic (2024) — Automated feature labeling via
LLMs.

»  SAEBench, Neuronpedia (2024-25)— Open

interpretability datasets.
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Broad Taxonomy

oeal Exolanat « Feature attribution |
" -ocal Explanation > « Attention-based
Explain how a model makes + Example-based
Explanation a specific prediction « Natural language
scopes explanation
. * Probing-based
N Global Explanation — + Neuron Activation
Understand what the Analysis
model has learned overall « Concept-based

« Mechanistic Interpretation

Based on Explainability for Large Language Models: A Survey
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https://dl.acm.org/doi/10.1145/3639372

Local Explanation-based
Analysis

Explain why the model produced a specific output



1. Feature Attribution

Compute contribution of each input token or feature to the output.

={X, X5 ..., X;}}

\ASS|gn relevance scores

(D)

LM (A -~ f(x)

\INA{)

Perturbation- Gradient-Based | Surrogate Models Decomposition Based
Based

{ Perturb Input Analyse the
features, observe partial derivatives
output, draw of the output wrt
conclusions each input

dimension
E.g. Leave-one- E.g. Integrated
out gradients (IG)

\&) Advanced Large Language Models

Use simpler, more human- Break down the relevance score into

comprehensible models linear contributions from the input.

to explain individual [Layer-wise or end-to-end]

predictions of black-box

models

E.g."SHAP, TIME E.g. Layer-wise relevance propagation
(LRP), Taylor-type decomposition
(DTD)
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2. Attention-based Methods

-

encoded in the attention.
\

Explain models solely based on the attention
weights or by analyzing the knowledge

/

Visualizations Function-Based Probing
Based

Visualizing Attribution scores that
attention blend attention and
heads for a single gradients generally
input using perform better than
bipartite graphs or  using either alone, as
heatmaps they fuse more
information.

@ Advanced Large Language Models

Better
utilized in
global
explanations
(covered
later)
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Is Attention Interpretable?

Sofia Serrano, Noah A. Smith

Attention mechanisms have recently boosted performance on a range of NLP tasks. Because attention layers explicitly weight input components' representations, it is also often
assumed that attention can be used to identify information that models found important (e.g., specific contextualized word tokens). We test whether that assumption holds by
manipulating attention weights in already-trained text classification models and analyzing the resulting differences in their predictions. While we observe some ways in which higher
attention weights correlate with greater impact on model predictions, we also find many ways in which this does not hold, i.e., where gradient-based rankings of attention weights

better predict their effects than their magnitudes. We conclude that while attention noisily predicts input components' overall importance to a model, it is by no means a fail-safe
indicator.

Attention is not Explanation

Sarthak Jain, Byron C. Wallace

Attention mechanisms have seen wide adoption in neural NLP models. In addition to improving predictive performance, these are often touted as affording transparency: models
equipped with attention provide a distribution over attended-to input units, and this is often presented (at least implicitly) as communicating the relative importance of inputs.
However, it is unclear what relationship exists between attention weights and model outputs. In this work, we perform extensive experiments across a variety of NLP tasks that aim to
assess the degree to which attention weights provide meaningful “explanations' for predictions. We find that they largely do not. For example, learned attention weights are frequently
uncorrelated with gradient-based measures of feature importance, and one can identify very different attention distributions that nonetheless yield equivalent predictions. Our findings
show that standard attention modules do not provide meaningful explanations and should not be treated as though they do. Code for all experiments is available at this https URL.

Attention is not not Explanation

Sarah Wiegreffe* Yuval Pinter*
School of Interactive Computing School of Interactive Computing
Georgia Institute of Technology Georgia Institute of Technology
sawl@gatech.edu uvp@gatech.edu
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3. Example based explanations

Identify influential training or in-context examples, by analysing changes in
output when input is changed strategically.

Adversarial Examples Counterfactual explanations Data Influence

Carefully crafted modifications to
the input can alter model
decisions while barely being
noticeable to humans.

For example, Wei et al. show that
simply asking an LLM to begin its
response with "Absolutely!

Here’s...” could mislead the model
into complying with a harmful
request.

Generated data point that is as close to
the input data point as possible but for
which the model gives a different
outcome.

For example, if a user was denied a loan
by a machine learning model, an
example counterfactual explanation
could be: “Had your income been $5000
greater per year and your credit score
been 30 points higher, your loan would
be approved.”
[https://arxiv.org/pdf/1905.07857]

Characterizes the influence of
individual training sample by
measuring how much they
affect the loss on test points.

Kwon et al. propose Datalnf
https://arxiv.org/pdf/2310.009
02




4. Natural Language Explanation

K Explaining a model’s decision making on an input sequence with generated\
text.

« The basic approach for generating natural language explanations involves
training a language model using both original textual data and human-
annotated explanations.

« The trained language model can then automatically generate explanations in
natural language.

« As explanations provide additional contextual space, they can improve
downstream prediction accuracy and perform as a data augmentation /
technique.

@ Advanced Large Language Models \ ‘ J_I Tanmoy Chakraborty




Global Explanation based
Analysis

Reveal the /atent structure of an LLM — its internal representations,
circuits, and conceptual organization — instead of just explaining one

decision.



Methods

* Linear Probing
 Sparse Autoencoder-based decomposition
* Logit Lens

@ Advanced Large Language Models S_I Tanmoy Chakraborty
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Classifier-based Probing . N(\‘

Original model:

frz—9g, Do={"y")}, PERF(f,Do) :

Intermediate representations at layer [: ’9 W
\

fi(z)

The probing classifier is trained and evaluated on its own annotated =~ Dp = {(a:(i), z(i))}
dataset:

Then we measure the classifier performance: PERF(g, f, Do, Dp)

From an information-theoretic view, training the probe estimates the mutual information between
the representations and the property, /(zh), where zis a random variable over linguistic properties
and Arepresents the intermediate representations 7(x).

Ref: Probing Classifiers: Promises, Shortcomings, and Advances
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https://watermark02.silverchair.com/coli_a_00422.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAAzkwggM1BgkqhkiG9w0BBwagggMmMIIDIgIBADCCAxsGCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQMUZQqAPdM_QvLVwqKAgEQgIIC7Kzk3cQFtvH3dUoG-b7hnEbVAXi2D_x7nZou6P3w118roaZXsP_6KHNs8FwojaS26RiW3c2kJg8NG8S0g76JCXL-OZmfeSBgaJ4B2Vb3-sroNnLWViCEHB8IMJkHpJzdo348GNRa5Vf6MNYEzsm21SqbPC-k8ytq7OUO5DlxmOjotvMA4Z9Q5PD3OjQcVrhDJpwjjYghmlrWeky9tXDS7DAxdtHUnfUIezY3Gh_ucYiewMsHsiOLgykLqfTmzKnb5YVKxZLmxagfoBNtBjMEQKxCv2d7PMya9VDlN9pWJ6HKIjav54wh0BqHa_LXT_Sn6CP3vfVUiPfIBq8DbE4SDfE2IoUIaSnT5IKHV4zKxMnX7mxJlsp8Dkw-y_Ppxfm0HBQmIgR_JC6BxyXVOef76LnoeaWjLt9RoPXpxQ9akAsaCUHO673bMTvD1rWHiByZIz2cTwzmD7Vaq_zMNiQ2ufdUbVS3XVWG2ZxG_g5DuQhnh1BzL1lbz5YrVYyjTL1KGjshPfjBWarGMQ_8SfgDlP6z9auGVPrLGqhSw2AL1PszlFri4JPMcew3VU3NlEjuM9oQ2pgts5b93fTK3oB3zGf3JYwQEQ4l_z5Zs6E786jo4MBZGv2SQWYUIIKmYz1cGzaciGKV2Q3aNHu2AwclvafDIYzG_lw7exgG1LwT0PU82Jsz9mS9U3JMm_-vTamfWZl3dX1vcEVkxfbIn69jGvDXU_URHaERahmtyRJG9vbWXuIxyMNOBqu3anm-JwfD8EHwhMLjDv1-OAxbWQwuyL96p9iKLr7JKvjl0ryZQ8zkCQ9I9ZEzs2iL3Dcwo2fxNdzS9xW91BDo8d5WwdYdvgZlEVJRVHxvbb8yyV8siFdNysCr6hEE7fg1DFE5MaadCyQ88oaIwxDhsemUTm1KtfJ8SWIiRuZsBuNDOlwa5r79UWFj4HrjwLQj8ESXp-Kzl3gJFfpBNzB8g_BjrTUGmq0jyWbcZmgIWTUw1o4

Classifier-based Probing - Limitation

between the probing classifier g and the original model f.
involved in predictions of f.

original model.

\ Correlation v Causation X

« A main limitation of the probing classifier paradigm is the disconnect

* The probing framework may indicate correlations between representations
f(x) and linguistic property z, but it does not tell us whether this property is

* In essence, correlations (with external properties) discovered by the probes
are not appropriately indicative of the causality in the predictions of the

~

/
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Neuron and Activation-level explanation

ﬂnstead of examining the whole vector space, neuron analysis looks into \
individual dimensions, i.e., neurons in representations, that are crucial for

model performance or associated with specific linguistic properties.

I

I

" /
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Concept-level Explanations

KConcept—based interpretability algorithms map the inputs to a set of
concepts and measure importance score of each pre-defined concept to
model predictions.

By introducing abstract concepts, models can be explained in a human-
understandable fashion rather than on low-level features. Information in
latent space can also be transformed into comprehensible explanations.

"

~

/
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Mechanistic Interpretability

/T he field of study of reverse engineering neural networks from the Iearned\

weights down to human-interpretable algorithms. Analogous to reverse
engineering a compiled program binary back to source code.
« Exposes ways to start controlling outputs of a model.

-

/
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Key Concepts g <

il —

ﬂepresentation - Every token — vector in a high-dimensional space. ;Q’\ \
Lo}

o contains linguistic, factual, and conceptual structure.
» Feature - a property of an input to the model, or some subset of that input (e.g., a token in
the prompt given to a language model, or a patch of an image)
» Concept - human-meaningful abstraction — like “negation,” “politeness,
be represented as a direction or cluster in activation space.
« Neuron - A single scalar output in a neural network layer — the result of a linear
transformation followed by a nonlinearity.
 Residual stream - The residual stream is the main communication channel that runs through
all transformer layers, carrying forward the sum of previous activations.
o X1 = X + Attention(x) + MLP(x)
o Each layer adds or edits information without erasing what came before.

Qircuit - a causal subgraph of neurons, heads, or layers that collectively implement a specifiy

mn i1

gender" that can

computation.
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Key Concepts

ﬂinear Representation hypothesis - features of the input can be representeh
as directions in activation space.

o Decomposability: Network representations can be described in terms of
independently understandable features.
o Linearity: Features are represented by direction.

* To reverse engineer neural networks - we need decomposability.
* We also need to be able to 'access' the decomposition somehow.
o Identify the individual features within a representation. In a linear

representation, this corresponds to determining which directions in
K activation space correspond to which independent features of the input./
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Key Concepts

~

 Superposition
o Linear representations can represent more features than dimensions,

using a strategy we call superposition. This can be seen as neural

networks simulating larger networks.
o This pushes features away from corresponding to neurons.

Suppose two linguistic features need to be encoded:
\//E: The sentence is a question.
s F,: The subject is plural.
Instead of dedicating one neuron for each, the model might store both features in overlapping patterns:

Neuron Encodes combination of...

@ 0.7xF+03xF,
N, -04xF,+08xF,

To recover each feature, the model applies linear transformations downstream to untangle the mixed

signals — similar to unmixing sound waves.

IT.CS@I Tanmoy Chakraborty

nnnnnnnnnnnnn
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Key Concepts

~

 Superposition
o Linear representations can represent more features than dimensions,
using a strategy we call superposition. This can be seen as neural
networks simulating larger networks.
o This pushes features away from corresponding to neurons.
 Polysemanticity of Neurons: Some neurons appear to respond to unrelated
mixtures of inputs
o vs monosemanticity - a neuron is monosemantic if it corresponds to a

\ single feature. /
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Sparse Autoencoders

/

SAE Activations
Input Output = B
- Autpenpoder Input | - Output
te..... Activations ..
w, [l w,
Encoder Decoder }
Vo Encoder ——  Decoder o
Normal Autoencoder
Sparse Autoencoder
Ref

@ Advanced Large Language Models
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https://adamkarvonen.github.io/machine_learning/2024/06/11/sae-intuitions.html

Sparse Autoencoders

/Tool for discovering interpretable \

features in model activations, trying to
mitigate polysemanticity.

« SAEs compress high-dimensional
activations into a few active latent
features. The sparsity constraint
(enforced by loss function) forces the
model to isolate independent,
interpretable concepts.

« Each latent unit = one semantically
\meaningful feature. /
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SAE Activations
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. * e
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.

Output

Encoder Decoder
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Sparse Autoencoders

Original Model Activati:irjs/

Matrix
Multiply

Encoder Matrix

SAE Activations //
g BN |

l Matrix
Multiply

Decoder Matrix

RelLU

@ Advanced Large Language Models

Reconstructed Activations

Input encoding:

= fenc(a) = ReLU(WEa + bE)

Decoding (reconstruction):

a= fdec(h) = Wph +bp

Loss function (reconstruction loss +
sparsity loss):

Lﬁ = [la — all3 + A[[Aflx
[ —
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Sparse Autoencoders

Language Model Sparse Autoencoder Feature Dictionary

. S

-
_),[_ Embedding _j | EHEEEO | Activation Vector Feature | Meaning Interpretability

; Score
ol //_\ Encoder matrix
(0 < k = N Transformer Blocks ) /‘ (tied with decoder)

k-0001 Words ending in 056 2 ——
Text Corpus | @ ) Add bias + apply ReLU

( OmMOOEOO000 | Sparse feature coefficients

[ Unembedding ]

—

‘f K=o
" < Decoder matnx (dictionary) !:h_ﬂ”&z Chemistry terms 0.38

% J [ WMEEEO | Reconstructed activation vector

F ¢. Interpret the resulting
a. Sample activations b. Learn a feature dictionary using an autoencoder dictionary features
from a language maodal

that learns to represent activation vectors as a
sparse linear combination of feature vectors.

The assumption is that each learnt column of the decoder matrix corresponds to an interpretable feature.
Hence all the columns for a feature dictionary.

The inputs that maximise the column's corresponding latent activation reveal its semantics.

Ref: Sparse Autoencoders Find Highly Interpretable Features In Language
Models

@ Advanced Large Language Models
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https://arxiv.org/pdf/2309.08600

Finding neurons in a haystack — Case studies with Sparse

Probing

|7, T+ e =

EREX X

Bl research Il Lorentz HE nan EEE United States EEl Har N Euro

0.10 -

empirical distribution
=

pre-activation
o

-

pythia model

nomalized median(||Win||2bin)

0.00 i % . 2’ A" =2 | @ other @ other B other [ other B other B cther -0.8 — 160m — 14b
e-activati ‘gate’ * factors' ‘ograms’ * District’ ward: vision' == M0m — 38
/ g g 1.0 — 1b — 69b
(a) A monosemantic French neuron (b) A polyserfantic neuron activating onfsix unrelat% n-grams B i 0d BE B 8
relative layer depth
Figure 1: Neurons that respond to single features (left) can be understood independéntly, in contrast to polysemantic

neurons (right) that activate for many unrelated features (in this case, the occurrence of specific multi-token spans). (c) Evidence of superposition in early layers

Some critical findings:

« Tremendous amount of interpretable structure within the neurons of LLMs but requires careful use and
follow-up analysis to draw rigorous conclusions.

« The first 25% of fully connected layers employ substantially more superposition than the rest.

* As models increase in size, representation sparsity increases on average.

https://arxiv.org/pdf/2305.01610
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https://arxiv.org/pdf/2305.01610

Sparse Autoencoders - Variations

Per-Layer SA%?

We train a different sparse
autoencoder at each layer we wish to
analyze. This is the “standard”
approach at the moment.

Shared SAE /

s — IS

This approach (introduced by Yun et
al.) has the same sparse autoencoder
be used at every layer. This allows for
a consistent notion of features across
layers, with some features only
existing at some layers. However, it
doesn't allow features to rotate
across layers (which we believe they
sometimes do).

https://transformer-circuits.pub/2024/crosscoders/index.

@ Advanced Large Language Models

Y Sparse Crosscoder (our focus)

'LCSd!
e

AR
-

Sparse coders interact with multiple
layers, resolving cross-layer
superposition and tracking features
through the residual stream. There
may be one or multiple sparse
autoencoders, and they may read and
write to differing layers.

Tanmoy Chakraborty




Sparse Autoencoders - Variations

Residual Stream Layer Outputs

~—— L ]
|

| | |
—
Sparse coder predict the residual Sparse coder predict the outputs of
stream. MLPs or attention before they're

added to the residual stream. They
may still read from the residual
stream.

https://transformer-circuits.pub/2024/crosscoders/index. hiff=
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Transcoders vs SAEs

Transformer layer (Xnr,)

[Embedding)——)@ >® ' )
A ‘

|

|

|

|

| _#' =

S i MLP input ransc Y
| @M pu Transcoder
|

|

|

|

(Wa——>(A\gtlon)—>

A\
e
< —

) MLP

Figure 1: A comparison between SAEs, MI.F’ transcoders, and MLP sublayers for a transformer-
based language model. SAEs learn to reconstruct model activations, whereas transcoders imitate
sublayers’ input-output behavior.

Ref: Transcoders find Interpretable LLM circuits
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https://arxiv.org/pdf/2406.11944

Logit Lens

KFor analyzing how predictions evolve through model layers.

logits; = Wy - q

-

 Projects intermediate activations (residual stream) into vocabulary space.
« Shows which tokens the model “thinks” are likely at each layer.

~

* (where Wy is the unembedding matrix and a, is the residual stream at layer |)

/
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model's top token and its rank over the ~50K vocab
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Circuit Finding

/Modular partitioning: A post hoc way of understanding a deep NN in termﬁ
of modules is to partition the neurons into a set of subnetworks, each

composed of related neurons. Toward this goal, some work divides neurons
into modules based on graphical analysis of the network’s weights and
analyze how distinct the neurons in each module are.
[https://arxiv.org/pdf/2207.13243]

« Circuit Analysis: Instead of analyzing an entire partition of a network, a much
simpler approach is to study individual subnetworks inside of it. These have
\often been referred to as neural “circuits” which can be as small as just a feWJ

neurons and weights.

@ Advanced Large Language Models = /) J_J Tanmoy Chakraborty




Activation Patching

» Activation patching (also called causal tracing): internal activations from one model run are
"patched" into another run, enabling researchers to causally probe which components are
necessary and sufficient for specific behaviors.

Standard activation patching procedure:

* Choose two prompts that differ in some key aspect:
* Clean prompt (X ean): €licits the desired behavior (e.g., "The Eiffel Tower is in" — "Paris")
 Corrupted prompt (X omp): differs in the dimension of interest (e.g., "The Colosseum is in" — "Rome")

* Run three model computations:
* Clean run: Execute the model on X.., and cache all activations
« Corrupted run: Execute the model on X ot NOrmally
* Patched run: Execute the model on X, but replace specific activations with those cached from the clean run

« Measure how the patched output changes using metrics like logit difference or KL
divergence

¢ Repeat systematically across all components of interest (layers, attention heads, neurons)

@ Advanced Large Language Models . il Tanmoy Chakraborty




Activation Patching

 Key insight - activation patching reveals causal relationships: if patching arx
activation from the clean run into the corrupted run restores the clean

behavior, that component is causally important for the behavior. This allows
us to identify which parts of the model encode specific information while

controlling for confounding factors.

Correlation v Causation v

- /
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Causal Tracing using activation patching — Example (Meng et al,

2022)
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Figure 1: Causal Traces compute the causal effect of neuron activations by running the network twice: (a)
once normally, and (b) once where we corrupt the subject token and then (c) restore selected internal activations
to their clean value. (d) Some sets of activations cause the output to return to the original prediction; the light
blue path shows an example of information flow. The causal impact on output probability is mapped for the
effect of (e) each hidden state on the prediction, (f) only MLP activations, and (g) only attention activations.

Ref: ROME, a model editing method, uses causal mediation analysis to identify the specific modules that

mediate
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https://proceedings.neurips.cc/paper_files/paper/2022/file/6f1d43d5a82a37e89b0665b33bf3a182-Paper-Conference.pdf

Activation Steering

 An inference-time technique for modifying LLM behavior by directly
intervening on internal activations without retraining or changing model
parameters. It works by adding vectorial modifications (called steering

interpretable dimensions such as sentiment, truthfulness, style, or safety.
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vectors) at specific layers in the model's computation to alter outputs along
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Figure 1: Schematic of the Activation Addition (ActAdd) method. (D = natural language text;

@ = vectors of activations just before a specified layer. In this example, the output is heavily biased
towards discussing weddings, regardless of the topic of the user prompt. (See Algorithm 1 for the
method’s parameters: intervention strength, intervention layer, and sequence alignment.)

https://arxiv.org/pdf/2308.10248
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Table 1: The impact of ActAdd. The steering vectors are computed from (“Love” - “Hate”) and (“I

talk about weddings constantly” - “I do not talk about weddings constantly’”). Appendix Table 6
shows more examples.

Prompt + steering = completion
[None] ...you are the most disgusting thing I have ever seen.
I hate you because... —
\—/
ctAdd ...you are so beautiful and I want to be with you forever.
(love)
..“I'm sorry, I can’t help you.”
[None] “No,” he said. “You’re not.”
I went up to my
friend and said... ...“I'm going to talk about the wedding in this episode of
) ActAdd Wedding Season. I think it’s a really good episode
(weddings) & : ¥ EOOC EPISOSE:

It’s about how you’re supposed to talk about weddings.”
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