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Embedding Language

Language Models embed discrete sentences into continuous multi-dimensional 
spaces. 

This allows us flexibility to talk about relationship between sentences. 

Additionally, this allows us to perhaps define functions that correlate with 
semantically meaningful changes. 
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LRH - Linear Representation Hypothesis
Do they end up disentangling semantically relevant attributes linearly? 

What operations in the hidden-state space of an LM correspond to semantically 
relevant operations in the output? 
[the interpretability question]
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Steering

In this work we use steering as the playground for interpretability. 

We try to categorize the kind of operations on the embedding space that lead to 
reliable and meaningful change in the LM outputs. 

Changing LM outputs are a causal evidence. 
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Steering: intuition from images

But on language representations 6



Research Gap

Existing Practice 

Mean Difference:

Adding the mean difference to the hidden states is common and often works. 

Why? 

This stayed largely as a heuristic, with no theoretical framework to support it.

(there are other reasonable functions that don’t work)
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Contributions

1. We provide a theoretical justification for steering vectors.
a. This provides a relationship between erasure methods and steering

2. We extend the theoretical framework to formulate a stronger affine steering 
function.

3. We provide empirical validation and application of steering functions
a. Debiasing
b. Domain Adaptation
c. Output control – toxicity
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Concept Erasure [prev. work]

Concept erasure is vaguely refers to a set of methodologies that “remove” or 
“erase” a concept from pretrained LM embeddings. 

Primarily applied for De-biasing

There was some theoretical basis for concept erasure, based on the concept of 
“guardedness” 
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Definition: Guardedness
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Affine Guardedness (put simply)
The function that maximizes the minimum possible classification loss. 

The maximum minimum possible classification loss is also known as the “trivial 
loss”

(Belrose et. al.) show that this is equivalent to 
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This is incomplete for steering
Because this says nothing about what the final means are, and that matters. 

Erasure would just make the means equal without any regards for where the 
resultants land up. 
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What do we want?
Make the vectors from a particular distribution look like those of 
another distribution. 

(eg.  make toxic generation vectors look like non-toxic vectors) 
Leading to: guarding 

We want to do this with the smallest change possible so as to preserve 
semantics unrelated to Z
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Least - Squares Steering
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Solution

Solves to steering vectors:
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Proof Sketch

This can be proven by solving a Lagrangian 
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Proof Sketch

This can be proven by solving a Lagrangian 
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Proof Sketch

This can be proven by solving a Lagrangian 
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Least Squares Steering (Cov matching)

We extend the optimization problem and provide a more 
expressive steering function.
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Least Squares Steering (Cov matching)

We extend the optimization problem and provide a more 
expressive steering function.
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Proof Sketch
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Proof Sketch
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Proof Sketch

This is obtained after calculating 
derivatives and substituting 
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Proof Sketch

This is obtained after calculating 
derivatives and substituting 

On setting

24



Proof Sketch

This is obtained after calculating 
derivatives and substituting 

On setting

From the constraint (or by setting 
derivative against Z to 0)
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Relationship to Optimal Transport
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Relationship to Optimal Transport (contd.)

For Gaussian densities of Hc and Hc’ 

Optimal Transport has a closed form solution given by Knott and Smith

That is identical to covariance matching intervention we use

28



Experiments
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TPR-Gap
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De-biasing Bias in bios, each bio has a (binary) gender 
attribute and a (multi-class)  description of a 
profession.

%percentage of k-nearest neighbours 
with the same gender v/s k
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De-biasing Proportion of African American english 
varied for each sentiment
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Controlling generation

Experiments:
Evaluating maximum toxicity of sentences

No fine-tuning control
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Examples
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Implications

There is a lot of value in looking at continuous distributions of language 
embeddings. 

Maybe wisdom from continuous modalities can be applied to shed light 
in how LM’s operate. 

Linear Assumptions are pretty powerful.

A cheap way to control generation and de-bias.
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Future Work

What is the relationship between steering functions and prompts? 

Theoretical treatment of how instructions affect the representation space. 

Multi-class control attributes.

Multi-modal models.
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