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Abstract

Language models communicate with humans in natural language, but their outputs are causally
mediated by internal representations computed from learned weights. Therefore, I argue that
trustworthy understanding and reliable control — central to long-run Al safety and effective human-Al
collaboration — should operate at the representational level where decisions are actually made. This
dissertation advances causal interventions on hidden representations as a single scalable primitive that
serves both mechanistic interpretability and behavioral control: as a microscope, interventions provide
necessity and sufficiency tests that go beyond correlational probes and ambiguous attributions; as a
control knob, the same intervention mechanism directly steers behavior. First, I develop intervention-
based interpretability at scale via Boundless Distributed Alignment Search (DAS), enabling efficient
discovery of compact, human-interpretable causal variables and robust alignments inside instruction-
following language models. Second, I show how interventions become an explicit control interface
through Representation Finetuning (ReFT), which freezes the base model and learns small, task-
specific modules that edit hidden states for downstream adaptation. Third, I push toward lightweight
inference-time steering and argue that steering must be measurable and comparable: AxBench
provides a common benchmark layer revealing that simple baselines are often surprisingly strong and
that sparse autoencoders can underperform in steering regimes. Enabled by AxBench, I introduce
Reference-free Preference Steering (RePS), which improves representation steering and suppression
while enhancing robustness against prompt-based overwrite attacks. Finally, I connect this framework
to agentic settings, arguing that causal abstractions and intervention-based experimental protocols
naturally extend beyond single-model behavior to agentic settings. Taken together, these results
suggest that causal interventions are key for interpreting and controlling language models by operating

on the basis that models actually think in: internal representations.
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Preface

Language models are remarkably capable systems that we can now build and deploy at scale, yet their
internal mechanisms remain poorly understood. Many engineered artifacts can be hard to debug
when they fail, but they still admit useful component-level abstractions. Large language models add
a distinctive challenge: they are speci ed by millions to billions of oating-point parameters, for
which we often lack tractable, human-level abstractions. As these models become more capable and
more widely embedded in consequential work ows, this mechanistic opacity becomes a safety and
reliability concern. Behavioral evaluation can reveal what models do in tested settings, but without
interpretable causal abstractions we have limited assurance about how they will behave in the wild.

Humans interact with language models through prompting, with natural language as the primary
interface. However, a model does nothink in words: its outputs are causally mediated by internal
representations computed across layers. We start from a simple observation: to understand and
control language models in a faithful and general way, we should study and manipulate the variables
that actually implement their computation: representations. This dissertation then argues that
causal intervention is the right primitive to mechanistically understand and control language models
at scale. Unlike the study of human cognition, where controlled counterfactual interventions are often
infeasible or unethical, neural networks are digital artifacts. We can run targeted counterfactuals
systematically and at scale by intervening on hidden representations during a forward pass and
measuring the resulting behavioral change. These interventions are not only conceptually clean; they
can also be practical: the same model can be queried under many controlled internal modi cations
without retraining or collecting new data.

Many approaches attempt to illuminate representations, each with distinct strengths and limita-
tions. Probing can reveal what information is decodable from a layer, but decodability alone does
not imply causal implication. Attribution can identify components that in uence an output, but
in uence signals are often di cult to interpret as mechanistic variables and can be ambiguous in the
presence of distributed computation. The family of methods advocated here causal interventions
on representations is designed to address both limitations. Interventions produce mechanistic
evidence by converting hypotheses into falsi able counterfactual tests, and they provide a uni ed
primitive that naturally supports both interpretability (as a test of causal structure) and control (as



an interface for editing computation).

This uni cation matters because control does not eliminate the need for interpretability. During
the 2025 Stanford NLP retreat, a debate question asked: If we can fully control these models, is
interpretability still needed? Framed that way, the answer is almost tautological: true full control
would already include robustness across contexts and resistance to strategic failure modes. The more
interesting and practically relevant question is whether interpretability is critical for getting to that
level of control? My answer remains an unquali ed yes. Recent concerns about reward hacking,
emergent misalignment, sandbagging, and evaluation-aware behavior illustrate a broader point: as
models become more capable, they may learn policies that look acceptable under common evaluations
while relying on internal computations that we do not intend or understand. If those computations
are the source of behavior, then representations are also the place to seek mechanistic explanations
and trustworthy levers of control.

The mission is far from nished. My hope is that this thesis leaves the reader with a clear
conviction: if we want mechanistic interpretability and reliable control of language models at scale,
we should work where models think in representation space and that causal interventions are a
key primitive for doing so.
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Chapter 1

Introduction

In large engineered systems, understanding rarely comes from listing parts. It comes from nding
the right abstractions: intermediate variables that support diagnosis and control. Google Search
is a good example. Even though it is complex, it exposes a rich internal state that components
read and write, such as retrieved candidates, ranking scores, and feature contributions. When
something goes wrong, engineers can trace failures through these variables and often anticipate
the e ect of changing a rule or a feature because the system provides a usable causal interface.
Language models also have clear components, including attention, MLPs, residual connections, and
an explicit training objective. These components de ne how the model transforms its internal state,
yet they are rarely the abstractions we ultimately want. Many behaviors are emergent, shaped by
optimization and data, and implemented in the model's internal representations, the high-dimensional
states that components continuously read and write. This dissertation develops methods that treat
representations as causal variables, allowing us to identify functional abstractions and intervene on
them directly for mechanistic explanation and reliable control.

1.1 Language models think in representations

Humans interact with language models through text, but a language model does nathink directly in
words. Instead, it implements a simple but fundamental pipeline: text goes in, internal representations
are computed, and text comes out. Nearly everything we care about syntax, semantics, knowledge
retrieval, reasoning-like behaviors, refusals, jailbreaks, even style is realized by computations over
those internal representations in the middle.
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Formally, let the input prompt be a sequence of tokensx X1;::: Xy from a vocabulary
V, and let the model parameters be . A language model de nes a conditional distribution over

continuations:
T

p yTx 5 p Y TXyst (1.1)
t 1

The crucial point is that each factor p y; 1x;ys: is computed via internal vector representations.
Concretely, tokens are mapped into continuous vectors and then transformed througlt. layers of
computation. If h°" R" ¢ denotes the initial embedding sequence (token embeddings plus positional
information), then a Transformer-like model computes a sequence of hidden states:

h f hxl; oL (1.2)

where each layer is parameterized by . These equations look routine, but they encode a strong
conceptual claim: the model's observable behavior isnediated by internal states h*" The text
interface is a thin shell; the actual computation lives in vector space.

In this sense, representations are the medium in which the model thinks. They are
not merely intermediate bookkeeping. They are the substrate on which the model stores, composes,
and routes information, and they are the level at which the model's decisions are made. This
observation motivates the central thesis of this dissertation: if we want explanations that are faithful
to the mechanisms, and controls that are reliable across contexts, then we must study and act on
representations rather than only on surface text.

This motivates a representation- rst view of both interpretability and control. For interpretability,
the goal is not just to nd correlations between a hidden vector and a human concept, but to identify
causal structure: which internal variables matter, when they matter, and how they jointly produce
the behavior of interest. For control, the goal is not merely to elicit a behavior by prompting, but
to manipulate the internal computation so that the behavior changes for the right reason, robustly
and predictably. Working at the representational level enables both: it lets us reason about model
behavior where it is computed, and it provides an interface for interventions that can be measured,
compared, and engineered.

Finally, this perspective is tightly linked to long-run safety and human Al interaction. As
language models become embedded in work ows that matter education, science, programming,
policy, and everyday communication we need mechanisms to (i) understand failures beyond
anecdotes, (ii) diagnose when the model is using brittle heuristics versus stable abstractions, and
(iif) apply targeted controls without retraining the entire system. Representations are the natural
locus for nding ways to achieve these goals. The rest of this thesis develops causal interventions on
representations as a scalable primitive that serves as both a microscope for mechanistic interpretability
and a control surface for behavior, and it sketches how the same viewpoint extends beyond single
models to agentic settings.
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1.2 Background

1.2.1 Existing interpretability methods

A convenient way to organize much of the interpretability literature is by the kind of question it
asks about internal representations. One class of methods asks whether a representatioontains
information about some labeled variable. Another class asks which parts of the computation are
most associated witha particular output. These correspond, roughly, to probesand attribution .

Probing: what is encoded in the representation? Fix a trained language model and consider
the hidden states at layer™ derived ash " R" % A probe is an auxiliary predictor trained to recover
a labeled variablec (e.g., part of speech, a syntactic relation, a semantic attribute) fromh\, while
keeping the base model xed. A standard example is a linear probe at token position:

p cﬂh; softmaxWh; b (1.3)

Here h; " RY denotes the representation at positiont, and W;b are probe parameters learned
from data.

A probe provides evidence aboutdecodability whether ¢ can be recovered fromh with a simple
readout. At the same time, probing is an observational tool. It demonstrates that information is
potentially accessible in a representation, but it does not by itself show that the model relies on that
information in producing a particular continuation. A representation may carry many signals that
are decodable yet incidental, redundant, or unused for the decision of interest.

Attribution: what is in uential for the output? Attribution methods aim to connect an
output to parts of the input or to intermediate components by measuring how a chosen score changes
when those quantities change. Letr x be a scalar function derived from the model's computation
on X, such as the next-token logit assigned to a candidate continuation. A basic attribution signal is
the gradient, which captures local sensitivity. A widely used re nement is Integrated Gradients (IG),
which aggregates gradients along a path from a baseline to the input x:

. . _1T@F x” X X
IG; X;x Xi X E0 @x d (1.4)
Analogous constructions apply to internal activations by treating an intermediate quantity as the
object being perturbed.

Attribution moves beyond pure decodability by explicitly tying components to a particular output

score. However, it still estimates in uence via input-side counterfactual perturbations and sensitivity

along a path under in nitesimal changes, rather than isolating the causal e ect of intervening on
internal computations. When the goal is mechanistic understanding what internal variables are
functionally responsible for a behavior, and how changing them changes the model it is natural to



CHAPTER 1. INTRODUCTION 4

adopt an interventionist perspective.

1.2.2 Causal interventions on representations

Causal interventions are a third class of methods for studying language models, complementing
probing and attribution. The central structural fact from section 1.1 is that the model's output is
computed via hidden representations. This invites a counterfactual question: what would the model
do if some internal representation were di erent? Causal interventions make this question operational
by explicitly modifying internal activations during a forward pass and observing the resulting change
in behavior.

Activation patching. To keep notation simple, it is helpful to name the internal quantity we
intervene on. Fix a layer index ™ and choose a model component at that layer (Vig et al., 2020)
for example, the output of the attention module, the output of the MLP module, or the residual
stream activation after the layer block. Let H x denote the function that produces activation tensor
by a standard forward pass on inputx. We then useh to denote the corresponding representation
produced by the forward pass%

An activation patching intervention is speci ed by a replacement value v with the same shape as
h. We write the intervened run as:

p yfx;h v (1.5)

This means: run the model onx as usual up to the point whereh is computed, overwrite that
component output with v in place, and then continue the forward computation through the remaining
layers to obtain the resulting distribution over continuations y. For readability, we will also use a
shorthand aligned with the notation introduced earlier:

y' f x;h h” (1.6)

wheref is a model parameterized by and h " denotes the substituted activation.?

Interchange interventions. A particularly important special case chooses the replacement
value by reusing activations from a di erent input (Geiger et al., 2021). Let x® denote abaseinput
and x° a source input. Compute h x° once, then patch it into the base run:

b, s
p yfix;h HXx a.7)
This de nes a counterfactual run of the model in which the base input is processed with the source
activation at layer I, yielding a modi ed conditional distribution of y.

"We remove the superscript for the layer index and the subscript for the token position for simplicity.
2Fora language model, f is usually a model parameterized by  together with a chosen decoding strategy.
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Interventions complement probes and attribution. Probes and attribution summarize a
xed computation on a given input they ask what is decodable from a representation, or what
covaries with an output score under in nitesimal changes. Activation patching instead creates
controlled counterfactual forward passes by directly modifying internal variables. This shift from
observation to manipulation is the basis for the framework developed in the rest of this thesis:
interventions provide a common interface for testing mechanistic hypotheses about representations
and, later, for designing reliable methods of control.

1.2.3 Distributed interventions

The intervention notation introduced above is intentionally minimal it treats an internal activation

as an object we can overwrite and then rerun the remaining computation (Geiger et al., 2023b; Wu
et al., 2023). This is already useful, but it can also be too literal. In modern language models, many
properties of interest are not cleanly localized to a single neuron or a single coordinate instead
they are distributed across directions in representation space. As a result, interventions that operate
directly in the native neuron basis can be di cult to interpret and, in some cases, unnecessarily
brittle.

Distributed interventions address this by intervening on structured directions typically linear
subspaces rather than on individual coordinates. The guiding idea is simple: if a concept is encoded
across many neurons, then the natural intervention unit is not this neuron but this direction or
this low-dimensional subspace .

Rotated-subspace interventions. One principled way to expose such directions is to introduce
a learned change of basis. Fix a layer and focus on a representation vector at that layer (e.g., a
residual-stream activation at a particular token position), denoted h " RY. A distributed intervention
introduces an orthogonal transformationR RY d, with R R I, that rotates the representation
into a new coordinate systemi R h:

AR R (1.8)

The purpose of learningR is not cosmetic it is to align behaviorally meaningful variation with a
small set of coordinates in the rotated space. Once such an alignment is found, one can intervene
on a low-dimensional subspace by modifying only a selected set of rotated coordinates and then
mapping back to the original basis.

To de ne this cleanly, let M " RY “pea diagonal mask matrix that selects a subset of coordinates
(equivalently, a linear subspace in the rotated basis). Given a reference vectdr " RY, a rotated-
subspace patch replaces only the selected coordinates fwith those of A Rh:

" " MA R (1.9)
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Mapping this back to the model's native basis yields an intervention expressed directly iR’

h™ h R*M Rh Rh (1.10)

This is still an activation patch we replace an internal activation with a new value and then
continue the forward pass but the replacement is de ned through a learned representation of which
directions matter. The value of this construction for interpretability is that it o ers a concrete route
to localization without assuming neurons themselves are the right primitive. When a concept is
distributed, the intervention can be concentrated into a small rotated subspace, which is often a
more faithful unit of analysis than individual coordinates.

Interchange intervention in the rotated-subspace. The same construction naturally sup-
ports the interchange intervention setup. Let x° be a base input andx® a source input. Write
h® H x® andh® H x° for the corresponding internal vectors at the intervention location. A
rotated-subspace interchange intervention patches selected coordinates from the source into the base:

h° h° RM RHK RA° (1.11)

One then runs the model forward from layer™ onward with h® in place of h®. This provides a
compact way to express swap the concept-relevant subspace from the source into the base while
keeping the rest of the computation intact.

In the next sections, we will return to these distributed and learned interventions with more
precision including how to choose intervention locations, how to formalize behavioral equivalence
under interventions, and how to evaluate faithfulness when concepts are distributed across neurons.

1.2.4 Causal abstraction

Causal abstraction (Geiger et al., 2021) turns interventions into an interpretation test by comparing
counterfactual behavior The starting point is a simple question: if we edit the model's internal
computation in a way that is meant to correspond to changing some human-level intermediate
guantity, do we obtain the same output change that the abstraction predicts?

As we did above, letx” denote abaseinput and x® a sourceinput. Let H x denote the output
of some chosen internal componen€ at layer = when running on x for example, a residual-stream
vector at a token position, the output of an attention module, or the output of an MLP block. An
interchange intervention runs the model onx® while patching this internal quantity with the value it
takes onx°. In contexts where we care about a discrete task outcome, we will write the induced
prediction under this patched run asy, < for brevity:

voo f x%h Hx (1.12)
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Counterfactual targets and interchange intervention accuracy. To test an abstraction,
we need a behavioral target. Assume that for each base source pailxb; x° the abstraction speci es
a counterfactual outcomey; s What the output should be when the relevant abstract intermediate
value is taken from the source while the rest of the computation is evaluated on the base. In many
settings y;, s IS available because the task is programmatically generated or because the abstraction
is an executable procedure.

Interchange intervention accuracy (I1A) is then just agreement between the model's patched
outcome and the target counterfactual outcome, averaged over many pairs:

A Ebs 1Vos Yos (1.13)

The point of this metric is its strictness: it does not ask whether the abstract variable is decodable
from h, and it does not merely measure whether a perturbation nudges some score. Instead it asks
whether a targeted internal swap produces theright counterfactual behavior the one that the
abstraction commits to. In settings where exact-match is too brittle, one can instead use softer
proxies (e.g., log-likelihood changes), at the cost of a less behaviorally committal test.

1.3 Main thesis

The central claim of this dissertation is that causal interventions enable mechanistic inter-
pretability and reliable control of language models at scale. To argue this thesis, | rst lay
out two foundations. First, as established in section 1.1, representations are the medium in which
the model thinks: text is converted into continuous vectors, transformed through many layers, and
converted back into text. All behaviors we care about reasoning, knowledge retrieval, style, refusals
are realized by computations over these internal states. Second, causal interventions are the right
primitive for studying representations. Probes tell us what is decodable attribution methods tell
us what covaries with an output. Neither tells us what the model is using in an interpretable way.
Interventions close this gap.

The rst pillar of this thesis is using causal interventions to achieve interpretability at scale.
The theory of causal abstraction (section 1.2.4) provides the framework: an interpretability claim
can be tested by performing matched interventions on the model and on an interpretable reference
algorithm, then checking whether their outputs agree. Boundless DAS (Chapter 2) makes this
practical by turning the search for causal alignments into a di erentiable learning problem, enabling
discovery of interpretable causal structure in models with billions of parameters. Ciritically, it
does not assume that each abstract variable corresponds to a disjoint set of neurons. Instead,
it allows the relevant information to be encoded in distributed form by learning interventions in
non-standard bases precisely the rotated-subspace perspective developed above. Applied to Alpaca
(7B), Boundless DAS recovers a simple internal algorithm two interpretable boolean variables
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that explains how the model solves a numerical reasoning task, with alignments that remain robust
across variations in inputs and instructions.

Once interventions are established as a tool for interpretability, control follows naturally. A
successful intervention demonstrates that modifying an internal variable causes a predictable be-
havioral change; that same operation is already a control knob. ReFT (Chapter 3) makes this
explicit: freeze the base model, learn a small intervention module on hidden representations with
gradient descent, and obtain a compact controller that induces the target behavior. In this view,
an intervention is a small learned module a knob, adaptor, or controller that maps the current
representation to a modi ed representation to achieve a downstream objective, while leaving the
base model's weights xed. ReFT achieves state-of-the-art performance on commonsense reasoning,
instruction-following, and natural language understanding while training 15 65 fewer parameters
than LoRA, demonstrating that representation edits can be a powerful, e cient, and interpretable
alternative to weight-based adaptation.

Pushing toward even more lightweight control, steering vectors apply rank-1 edits during the
forward pass to steer behavior at inference time. However, lightweight steering demands rigorous
measurement: without systematic evaluation, it is easy to overestimate generality or robustness.
AxBench (Chapter 4) addresses this by providing the rst large-scale benchmark for both concept
detection and targeted steering, enabling direct comparison between prompting, netuning, and
representation-based methods. With such a benchmark in place, we can design better training signals:
RePS (Chapter 5) introduces a bidirectional preference objective that jointly trains steering vectors
for inducing and suppressing concepts, substantially narrowing the gap to prompting while improving
robustness against prompt-based attacks that compromise text-based defenses.

This brings us back to the thesis claim: across these pillars, we have now shown how causal
interventions can bejustied as both a microscope for mechanistic interpretability and a control
surface for reliably shaping language model behavior at scale.

1.4 Open-source intervention library: pyvene

A central practical contribution underlying this thesis is pyvene (Wu et al., 2024c) an open-source
Python library that makes interventions a rst-class operation for PyTorch models.? Many of the
ideas developed in this dissertation rely on repeatedly specifyingvhere to intervene (a component
output at a particular layer and location) and what intervention to apply (a swap, a structured
edit, or a learnable transformation), then running the modi ed model and comparing behaviors.
In practice, without a common abstraction layer, these experiments tend to become ad hoc: each
new model family requires bespoke hooks, each intervention variant requires custom glue code, and

3pyvene grew out of my earlier work developing custom training loops with interventions for interpretability. It
became clear that the eld needed a uni ed, shareable abstraction for placing and composing interventions in models,
with interventions as the core primitive (a direction rst sparked by a casual conversation with Jing Huang).
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reproducing results across codebases becomes unnecessarily di culpyvenewas built to address this
gap it provides a uni ed interface for de ning, executing, and sharing interventions while keeping
the underlying model weights xed.

Concretely, pyvenewraps an arbitrary nn.Module as anintervenable modeland takes intervention
speci cations as lightweight, serializable con gurations. These con gurations can target diverse
component types (e.g., a transformer block's MLP output, an attention module output, or a residual
stream activation), can be composed across multiple locations and time steps, and can be executed
in parallel or in sequence. The library supports both static interventions (e.g., zeroing, patching,
or additive edits) and parameterized interventions whose parameters can be optimized aligning
naturally with the representation-editing view used throughout this thesis. Finally, pyveneemphasizes
reproducibility and reuse: intervention objects are designed to be saved and shared, enabling others
to load an intervened model and rerun the same intervention protocols without reimplementing the
engineering details.

1.5 Chapters in this thesis

This dissertation is organized into four research chapters, each corresponding to a published paper
and advancing causal interventions for interpretability or control in language models. The chapters
are designed to be largely self-contained. The concluding chapter summarizes the ndings and
outlines future directions.

1.5.1 Chapter 2: Causal interventions for interpreting language models

Chapter 2, which corresponds to the published paper Wu et al. (2023), develops an intervention-
based methodology for mechanistic interpretability in instruction-following language models at scale.
The starting point is the causal abstraction perspective from section 1.2.4: interpretability claims
should be evaluated by counterfactual behavior under targeted internal modi cations, rather than
by observational decodability alone. In this setting, the core challenge is that the relevant internal
variables are typically distributed across neurons; a practical interpretability method must therefore
identify where and how to intervene in an e cient way so that an abstract intermediate variable can
be realized as a representation-level swap.

The chapter addresses this challenge with Boundless Distributed Alignment Search (DAS) (Wu
et al., 2023), which turns the search for causal variables into a di erentiable learning problem.
Boundless DAS replaces the remaining brute-force components of earlier alignment search with
learnable parameters, enabling e cient discovery of compact intervention subspaces. The resulting
alignments are validated using interchange intervention accuracy (ll1A). More importantly, Wu et al.
(2023) assess the robustness and generalizability of the resulting alignments by evaluating against
unseen inputs or inputs with perturbations.
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Empirically, the chapter applies Boundless DAS to Alpaca (7B) on a simple price tagging task and
recovers a simple internal causal model characterized by two interpretable boolean variables, with
alignments that remain stable under changes to both the inputs and the instruction templates. The
broader contribution is methodological: it demonstrates that Boundless DAS, combined with scalable
search over distributed representations, can support mechanistic explanations in instruction-tuned
LLMs at a scale where manual circuit analysis is not viable.

1.5.2 Chapter 3: Causal interventions for controlling language models

Chapter 3, which corresponds to the published paper Wu et al. (2024b), shows that the same
intervention interface can be used not only to test mechanistic hypotheses but also tamplement
control as a trainable mechanism. The chapter formalizes control as learning a parameterized
intervention module that edits hidden representations while keeping the base model xed:

y' f x;h h ; with  frozen. (1.14)

This formulation isolates the adaptation into a parameterized representation edit, rather than an
update of model weights.

The chapter introduces the ReFT family (Wu et al., 2024b) and develops Low-rank Linear
Subspace ReFT (LoReFT) as a strong instance of ReFT methods, and it explores other variants
with performance and e ciency trade-o s. LoOReFT constrains the intervention to a learned low-
dimensional subspace, thereby providing a parameter-e cient and geometrically interpretable control
mechanism. The chapter positions ReFT as a drop-in alternative to weight-based PEFT methods:
it aims to achieve competitive downstream performance while making the adaptation mechanism
explicit in the computational graph, with interventions that can be localized to chosen layers and
analyzed as representation edits.

Across a broad set of evaluations spanning commonsense reasoning, arithmetic reasoning,
instruction-tuning, and natural language inference, the chapter studies the e ciency and performance
trade-o s of representation-level control and compares ReFT variants to standard parameter-e cient
netuning (PEFT) baselines. The central result is that a small number of trainable parameters,
deployed as representation edits, can yield strong adaptation while preserving the base model and
making the modi cation mechanism modular and reusable.

1.5.3 Chapter 4: Targeted steering for language models

Chapter 4, which corresponds to the published paper Wu et al. (2025a), shifts frontdesigning
intervention families (chapter 3) to evaluating a particularly lightweight and widely used corner of
that design space: rank-1 representation edits applied at inference time. Concretely, we consider
activation addition interventions (Turner et al., 2023a) that modify a hidden representation by adding
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a single learned direction:
Cw h h w; w " Rd; " R; (1.15)

Such rank-1 edits are attractive because they are cheap, modular, and geometrically interpretable,
but their practical reliability depends on measurement without standardized evaluation, it is easy to
overestimate generality, speci city, or robustness. (Wu et al., 2025a,b)

Steering methods are often evaluated in bespoke settings, making it di cult to compare approaches
or to diagnose failure modes such as non-speci ¢ behavioral drift or sensitivity to prompt variation.
This chapter introduces AxBench (Wu et al., 2025a), a large-scale benchmark layer that standardizes
the evaluation of (i) concept detection and (ii) ne-grained steering, enabling direct comparisons
between prompting, netuning, and representation-based methods under shared datasets and metrics.
AxBench is designed to separate two notions that are frequently con ated: detecting whether a
concept is present in a model's computation, and inducing or suppressing that concept in generation.
The benchmark includes a broad set of baselines and representation-based techniques, including
sparse autoencoders (SAEs; Huben et al. (2024)) and simple linear methods, and reports results on
Gemma models (Gemma Team et al., 2024a) at multiple scales.

The empirical ndings underscore the need for benchmarked evaluation: prompting and netuning
are strong baselines for steering, while representation-based methods excel in concept detection but
are not uniformly competitive for steering under a single standardized protocol. The chapter also
introduces Rank-1 Representation Finetuning (ReFT-rl) as a weakly supervised representational
method that is competitive across both tasks while retaining the interpretability advantages of
representation-level interventions. In addition to the benchmark itself, the chapter releases feature
dictionaries for selected representational baselines at scale, enabling further analysis and reuse.

1.5.4 Chapter 5: Improved representation steering for language models

Building on top of the previous chapter on AxBench, Chapter 5, which corresponds to the published
paper Wu et al. (2025b), uses AxBench to propose a better training objective for representation steering
methods. This chapter introduces Reference-free Preference Steering (RePS) (Wu et al., 2025b),
a bidirectional preference-optimization objective that jointly trains a representational intervention

to increase a target concept when applied in one direction and tosuppressit when applied in the
opposite direction.

RePS is evaluated using AxBench, allowing us to compare representation steering methods against
other baslines in a fair manner. Chapter 5 also considers multiple parameterizations of RePS and
tests across Gemma model sizes. The main empirical result is that RePS improves representation-
based steering relative to other training objectives (e.g., standard language modeling objective) and
substantially narrows the gap to prompting, while preserving a lightweight, interpretable intervention
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form. Chapter 5 further explores feature suppression as an additional evaluation axis to AxBench for
di erent steering methods. The goal is to prevent models from mentioning a speci ¢ concept. For
suppression, the chapter further analyzes robustness properties in settings where prompt-based control
can be brittle, emphasizing the role of representation steering in producing stable inference-time
control mechanisms.

1.5.5 Summary

Taken together, these four chapters establish a coherent storyline: scalable causal-intervention
training for mechanistic interpretability (Chapter 2), trainable causal interventions for model control
(Chapter 3), standardized measurement for targeted model steering (Chapter 4), and improved
objectives for lightweight representation steering (Chapter 5). These chapters work together to
support my central thesis: causal interventions enable mechanistic interpretability and reliable control
of language models at scale.



Chapter 2

Causal interventions for interpreting
language models

2.1 Introduction

The introduction established that causal interventions are the right primitive for both interpretability
and control: by modifying an internal representation and observing how behavior changes, we move
from it's there to it matters. This chapter puts that principle into practice at scale, developing

an intervention-based methodology for mechanistic interpretability in instruction-following language
models with billions of parameters.

Present-day large language models (LLMs) display remarkable behaviors: they appear to solve
coding tasks, translate between languages, engage in open-ended dialogue, and much more. As a
result, their societal impact is rapidly growing, as they make their way into products, services, and
people's own daily tasks. In this context, it is vital that we move beyond behavioral evaluation to
deeply explain, in human-interpretable terms, the internal processes of these models, as an initial
step in auditing them for safety, trustworthiness, and pernicious social biases.

The theory of causal abstraction (Beckers et al., 2020; Geiger et al., 2023a) provides a generic
framework for representing interpretability methods that faithfully assess the degree to which a
complex causal system (e.g., a neural network) implements an interpretable causal system (e.g., a
symbolic algorithm). Where the answer is positive, we move closer to having guarantees about how
the model will behave.

However, thus far, such interpretability methods have been applied only to small models ne-tuned
for speci c tasks (Geiger et al., 2020, 2021; Li et al., 2021; Chan et al., 2022) and this is arguably
not an accident: the space of alignments between the variables in the hypothesized causal model and
the representations in the neural network becomes exponentially larger as models increase in size.

13
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Figure 2.1: Our pipeline for scaling causal explainability to LLMs with billions of parameters.

When a good alignment is found, one has speci ¢ formal guarantees. Where no alignment is found, it
could easily be a failure of the alignment search algorithm.

Distributed Alignment Search (DAS) (Geiger et al., 2023b) marks real progress on this problem.
DAS opens the door to (1) discovering structure spread across neurons and (2) using gradient descent
to learn an alignment between distributed neural representations and causal variables. However,
DAS still requires a brute-force search over the dimensionality of neural representations, hindering
its use at scale.

In this chapter, we introduce Boundless DAS, which replaces the remaining brute-force aspect of
DAS with learned parameters, truly enabling interpretability at scale. We use Boundless DAS to
study how Alpaca (7B) (Taori et al., 2023), an o -the-shelf instruct-tuned LLaMA model, follows
basic instructions in a simple numerical reasoning task. Figure 2.1 summarizes the approach. We
nd that Alpaca achieves near-perfect task performancebecauseit implements a simple algorithm
with interpretable variables. In further experiments, we show that Alpaca uses this simple algorithm
across a wide range of contexts and variations on the task. These ndings mark a rst step toward
faithfully understanding the inner-workings of our largest and most widely deployed language models.

2.2 Related work

Interpretability. Many methods have been developed in an attempt to explain and understand
deep learning models. These methods include analyzing learned weights (Clark et al., 2019b; Abnar
and Zuidema, 2020; Coenen et al., 2019), gradient-based methods (Simonyan et al., 2014; Shrikumar
et al., 2017; Zeiler and Fergus, 2014; Sundararajan et al., 2017; Voita et al., 2019; Belinkov and
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Glass, 2019), probing (Conneau et al., 2018; Tenney et al., 2019; Hewitt and Manning, 2019; Saphra
and Lopez, 2019; Clark et al., 2019b; Manning et al., 2020; Chi et al., 2020; Rogers et al., 2020),
syntax-driven interventions (Murty et al., 2023), self-generated model explanations (Kojima et al.,
2022), and training external explainers based on model behaviors (Ribeiro et al., 2016; Lundberg and
Lee, 2017). However, these methods rely on observational measurements of behavior and internal
neural representations. Such explanations are often not guaranteed to be faithful to the underlying
causal mechanisms of the target models (Lipton, 2018; Geiger et al., 2021; Uesato et al., 2022; Wang
et al., 2023a).

Causal abstraction. The theory of causal abstraction (Rubenstein et al., 2017; Beckers and
Halpern, 2019; Beckers et al., 2020) o ers a unifying mathematical framework for interpretability
methods aiming to uncover interpretable causal mechanisms in deep learning models (Geiger et al.,
2020; Li et al., 2021; Geiger et al., 2021; Wu et al., 2022b; Wang et al., 2023b; Geiger et al., 2023b)
and training methods for inducing such interpretable mechanisms (Geiger et al., 2022; Wu et al.,
2022c,b; Huang et al., 2023). Causal abstraction (Geiger et al., 2023a) can represent many existing
interpretablity methods, including interative nullspace projection (Ravfogel et al., 2020; Elazar et al.,
2021; Lovering and Pavlick, 2022), causal mediation analysis (Vig et al., 2020; Meng et al., 2022), and
causal e ect estimation (Feder et al., 2021; Elazar et al., 2022; Abraham et al., 2022). In particular,
causal abstraction grounds the research program ofnechanistic interpretability, which aims to
reverse engineer deep learning models by determining the algorithm or computation underlying their
intelligent behavior (Olah et al., 2020; Elhage et al., 2021; Olsson et al., 2022; Chan et al., 2022;
Wang et al., 2023b). To the best of our knowledge, there is no prior work that scales these methods
to large, general-purpose LLMs.

Training LLMs to follow instructions. Instruction-based ne-tuning of LLMs can greatly
enhance their capacity to follow natural language instructions (Christiano et al., 2017; Ouyang et al.,
2022). In parallel, this ability can also be induced into the model by ne-tuning base models with
hundreds of speci c tasks (Wei et al., 2022a; Chung et al., 2024). Recently, Wang et al. (2023c) show
that the process of creating ne-tuning data for instruction following models can partly be done by
the target LLM itself ( self-instruct). Such datasets have led to many recent successes in lightweight
ne-tuning of ChatGPT-like instruction following models such as Alpaca (Taori et al., 2023), instruct-
tuned LLaMA (Touvron et al., 2023a), StableLM (Andonian et al., 2021), Vicuna (Chiang et al.,
2023). Our goal is to scale methods from causal abstraction to understandow these models follow a
particular instruction.
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2.3 Methods

2.3.1 Background on causal abstraction

Causal models. We represent black box networks and interpretable algorithms using causal
models that consist ofvariables taking on values according to causal mechanisms We distinguish a
set of input variables with possible valuesinputs . An intervention is an operation that edits some
causal mechanisms in a model. We denote the output of a causal mod®! provided an input x as
M x .

Interchange intervention. Begin with a model M (e.g., causal model or neural model) and a
baseinput b and source inputs rs; x‘i, all elements ofInputs , together with disjoint sets of target vari-
ablesrZ; xli we are aligning. Aninterchange intervention yields a new modelintinv = M ;rs; x'{; rZ; x'i
which is identical to M except the values for each set of target variableZ; are xed to be the value
they would have taken for source inputs;. We then denote the intervened output (i.e., counterfactual
output) for the base input with Intinv. M ;rs; x'{;rZi x'{ b .

Distributed interchange intervention. Let N be a subset of variables inM , the target
variables Let Y be a vector space with orthogonal subspacesy x'{. Let R be an invertible function
R N Y. A distributed interchange intervention yields a new modelDIl M ;R;rs; x'i; ry; x'{
which is identical to M except the causal mechanisms have been rewritten such that each subspace
Y, is xed to be the value it would take for source input s; ! Speci cally, the causal mechanism for
N is,

) k
Fv b R ' Projy, RFy b = Projy, R Fy § (2.1)
i1
where b is the baseinput, Yo Y ~, Jk 1Yj, and Projy  or PronJ_ represents the orthogonal
projection operator of the original rotated vector into the Y, or Y; subspace.Fy represents
the causal mechanisms of causal variablesl before any intervention, whereasF,; represents
the mechanisms after the distributed intervention. We then denote the intervened output (i.e.,
counterfactual output) for the base input as DIl M ;R;rs; x‘{; ry; x('§ b .

Causal abstraction and alignment. We are licensed to claim a causal model (i.e., an algorithm)
A is a faithful interpretation of the neural network N if the causal mechanisms of the variables in the
algorithm abstract the causal mechanisms of neural representations relative to a particulaalignment.
For our purposes, each variable of a high-level model is aligned with a linear subspace in the vector
space formed by rotating a neural representation with an orthogonal matrix. We use to represent
the alignment mapping between a high-level causal variable and a neural representation.

Yprior works focus on all-zero or mean value representation replacement (Meng et al., 2022; Wang et al., 2023b)
which is less general.
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Approximate causal abstraction. Interchange intervention accuracy (I1A) is a graded measure
of abstraction that computes the proportion of aligned interchange interventions on the algorithm
and neural network that have the same output. The IIA for an alignment of high-level variables Z;
to orthogonal subspaceY ; between an algorithm A and neural network N is

1
W = DIl N,R,rijli,rleli b
bisg i

1500 sk " Inputs

k k
Intinv  Ajr s X3;rZjx; b (2.2)
where translates from low-level causal variable values to high-level neural representation values.

2.3.2 Boundless Distributed Alignment Search

Distributed alignment search (DAS) is a method for learning an alignment between interpretable
causal variables of a modelC and xed dimensionality linear subspaces of neural representations in
a network N using gradient descent (Geiger et al., 2023b) as shown in Figure 2.3. Speci cally, an
orthogonal matrix R N Y is trained to maximize interchange intervention accuracy under an
alignment from each variableZ; to xed dimensionality linear subspacesY ; of the rotated vector
space.

Boundless DAS is our extension of DAS that learns the dimensionality of the orthogonal linear
subspaces in a-dimensional vector spaceY using a method inspired by work in neural PDE (Wu
et al., 2022a). Speci cally, for each high-level variableZ;, we introduce a learnable continuous
boundary index parameter by that can take on a value betweenO and d, whereky 0,B $ 1 4, and
y $ dforall j. The boundary maskM; for the source is a vector withd values between0 and 1
where the k-th element of the array is de ned to be

k B B K

M; « sigmoid ~ sigmoid (2.3)
where is a temperature that we anneal through training. As approaches 0, the mask&/; converge
to binary-valued vectors that together encode an orthogonal decomposition o¥ .

Weighted distributed interchange intervention. Let N be a subset of variables inM , the
target variables Let Y be a vector space withd dimensions and letrM xli vectors in 0;1 %, Let
R N Y be an invertible transformation. A weighted distributed interchange interventionyields a
new model SoftDIl M ;R;rs; x‘{;erx‘{ which is identical to M except the causal mechanisms
have been rewritten such that each source inpus; contributes to the setting of Y in proportion to

its mask M ;. Speci cally, the causal mechanism forN is set to be

k k
1 = Mj "R Fy b = MJ—‘RFN Sj (2.4)
i1 i1
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where * is element wise multiplication and 1 is a d dimensional vector where each element i§. We
then denote the output for the base input asSoftDIl M ;R;rs; X'I; rM; x'i b .

Boundless DAS. Given a base inputb and source inputsrs; x'{, we minimize the following
objective to learn a rotation matrix R and masksrM x'i

= CE SoftDIl  N;R ;rijf;erxf b ;intinv  Ajr s xli;ijxlI b (2.5)
b;sy;i sk Inputs

where CE is the cross entropy loss. We anneal throughout training and our weighted interchange
interventions become more and more similar to unweighted interchange interventions. During
evaluation we snap the masks to be binary-valued to create an orthogonal decomposition &of where
each high-level variableZ; is aligned with a linear subspace ofY picked out by the mask M, with
the residual (unaligned) subspace being picked out by the maskl <J.k My

Time complexity analysis. DAS learns a rotation matrix but requires a manual search to
determine how many neurons are needed to represent the aligning causal variable. Boundless DAS
automatically learns boundaries (i.e., how many neurons are needed is determined by the soft
boundary index via a boundary mask learning). For instance, given a representation with a dimension
of 1024, DAS should in principle be run for all lengths k from 1 to 1024. In practice, this would be
infeasible, so some subset of the lengths need to be chosen heuristically, which risks missing genuine
structure. For Boundless DAS, we turn this search process into a mask learning process. DAS (Geiger
et al., 2023b) isO(n  m) where n is the number of total dimensions of the neural representation we
are aligning and m is the number of causal variables, while Boundless DAS i©® m .

2.4 Experiment

2.4.1 Price tagging

We follow the approach in Figure 2.1 by rst assessing the ability of Alpaca to execute speci ¢ actions
based on the instructions provided in the input. Formally, the input to the model M is given an
instruction t; (e.g., correct the spelling of the word: ) followed by a test query input x; (e.g., aplpe).
We useM t;;X; to depict the model generationy, given the instruction and the test query input.
We can evaluate model performance by compariny, with the gold label y. We focus on tasks with
high model performance, to ensure that we have a known behavioral pattern to explain.

The instruction prompt of the Price Tagging game follows the publicly released template of the
Alpaca (7B) model. The core instruction contains an English sentence:

Please say yes only if it costs betweefX.XX] and [X.XX] dollars, otherwise no.

followed by an input dollar amount [X.XX], where [X.XX] are random continuous real numbers drawn
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Figure 2.2: Four proposed high-level causal models for how Alpaca solves the price tagging task.
Intermediate variables are in red. All these models perfectly solve the task.

with a uniform distribution from [0.00, 9.99]. The output is a single token “Yes' or "No'.

For instance, if the core instruction saysPlease say yes only if it costs betwee[1.30] and [8.55]
dollars, otherwise no, the answer would be Yes if the input amount is 3.50 dollars and No if the
input is 9.50 dollars . We restrict the absolute di erence between the lower bound and the upper
bound to be [2.50, 7.50] due to model errors outside these values again we need behavior to explain.

2.4.2 Hypothesized causal models

As shown in Figure 2.2, we have identi ed a set of human-interpretable high-level causal models,
with alignable intermediate causal variables, that would solve this task with 100% performance:

Left Boundary : This model has one high-level boolean variable representing whether the
input amount is higher than the lower bound, and an output node incorporating whether the
input amount is also lower than the high bound.

Left and Right Boundary  : The previous model is sub-optimal in only abstracting one of the
boundaries. In this model, we have two high-level boolean variables representing whether the
input amount is higher than the lower bound and lower than the higher bound, respectively.
We take a conjunction of these boolean variables to predict the output.

Mid-point Distance : We calculate the mid-point of the lower and upper bounds (e.g., the
mid-point of 3.50 and 8.50 is 6.00), and then we take the absolute distance between the
input dollar amount and the mid-point as a. We then calculate one-half of the bounding bracket
length (e.g., the bracket length for 3.50 and 8.50 is 5.00) ash. We predict output Yes if
a & b, otherwise No. We align only with the mid-point variable.

" Bracket Identity : This model represents the lower and upper bound in a single interval
variable and passes this information to the output node. We predict the output as Yes if the
input amount within the interval, otherwise No .

Model architecture.  Our target model is the Alpaca (7B) (Taori et al., 2023), an o -the-shelf
instruct-tuned LLaMA model. It is a Transformer-based decoder-only autoregressive trained language
model with 32 layers and 32 attention heads. It has a hidden dimension in size of 4096, which is also
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Figure 2.3: Aligned distributed interchange interventions performed on the Alpaca model that is
instructed to solve our Price Tagging game. To train Boundless DAS, we sample two training examples
and then swap the intermediate boolean values between them to produce a counterfactual output
using our causal model. In parallel, we swap the aligned dimensions of the neural representations
in rotated space. Lastly, we update our rotation matrix such that our neural network has a more
similar counterfactual behavior to the causal model.
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the dimension of our rotation matrix which is applied for each token representation. In total, the
rotation matrix contains 16.8M parameters and has size 4096 4096.

Alignment process. We train Boundless DAS with test query token representations (i.e.,
starting from the token of the rst input digit till the last token in the prompt) in a selected set
of 7 layers: r0; 5; 10; 15; 20; 25; 30x. We also train Boundless DAS on the token before the rst digit
as a control condition where nothing should be expected to be aligned. We interchange with a
single source, while allowing multiple causal variables to be aligned across examples. For simplicity,
we enforce the interval between two boundary indices to be the same (i.e., the same size of linear
subspace for each aligning causal variable). We run each experiment with three distinct random
seeds. Since the global optimum of the Boundless DAS objective corresponds to the best attainable
alignment, but SGD may be trapped by local optima, we report the best-performing seed in terms of
I1A. Figure 2.3 provides an overview of these analyses.

Evaluation metric.  To evaluate models, we use Interchange Intervention Accuracy (lIA) as
de ned in Egn. 2.2. IlA is bounded between 0.0 and 1.0. We measure the baseline IIA by replacing
the learned rotation matrix with a random one. The lower bound of IlA for Left Boundary and
Left and Right Boundary is about 0.50, and for Mid-point Distance or Bracket Identity it is
about 0.60. The latter two baseline 1lAs are higher than chance because they are conditioned on
the distribution of our output labels (i.e., how many times the original label gets to be ipped due
to the intervention). See Section 2.4.7 for more discussion of metric calibration. Additionally, 1A
can occasionally go above the model's task performance, when the interchange interventions put the
model in a better state, but IIA is constrained by task accuracy for the most part.

2.4.3 Boundless DAS results

Figure 2.4 shows our main results, given in terms of 1lA across our four hypothesized causal models
(gure 2.2). The results show very clearly that "Left Boundary' and "Left and Right Right Boundary'
(top panels) are highly accurate hypotheses about how Alpaca solves the task. For them, IIA is
at or above task performance (0.85), and intermediate variable representations are localized in
systematically arranged positions. By contrast, "Mid-point Distance' and "Bracket Identity' (bottom
panels) are inaccurate hypotheses about Alpaca's processing, with IIA peaking at around 0.72.
These ndings suggest that, when solving our reasoning task, Alpaca internally follows our rst
two high-level models by representing causal variables that align with boundary checks for both left
and right boundaries. Interestingly, heatmaps on the top two rows also show a pattern of higher
scores around the bottom left and upper right and close to zero scores in other positions. This is
signi cantly di erent from the other two alignments where, although some positions are highlighted
(e.g., the representations for the last token), all the positions receive non-zero scores. In short, the
accurate hypotheses correspond to highly structured IIA patterns, and the inaccurate ones do not.

2Author correction: the previous version had the layer indices ipped.
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Figure 2.4: Interchange Intervention Accuracy (IIA) for four di erent alignment proposals. The
Alpaca model achieves 85% task accuracy. The higher the number is, the more faithful the alignment
is. We color each cell by scaling IIA using the model's task performance as the upper bound and a
dummy classi er (predicting the most frequent label) as the lower bound. These results indicate
that the top two are highly accurate hypotheses about how Alpaca solves the task, whereas the
bottom two are inaccurate in this sense. Analyzing tokens includes special tokens (e.gs0x0A>for
linebreaks) required by Alpaca's instruct-tuning template as provided in Appendix 2.7.1. Heatmap
color uses min-max standardized IIA using the random rotation baseline as the lower bound, and
task performance as the upper bound.
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Experiment Task Acc. 1A max Correlation
Left Boundary (° ) 0.85 0.90 1.00
Left and Right Boundary (, ) 0.85 0.86 1.00
Mid-point Distance 0.85 0.70 1.00
Bracket Identity 0.85 0.72 1.00
Correct Only 1.00 0.88 0.99 ()
Incorrect Only 0.00° 0.71 0.84 ()
New Bracket (Seen) 0.94 0.94 0.97°()
New Bracket (Unseen) 0.95 0.95 0.94°()
Irrelevant Contexts 0.84 0.83 0.99 ()
Sibling Instructions 0.84 0.83 0.87 ()
+ excludetop right 0.84 0.83 0.92 ()

Table 2.1: Summary results for all experiments with task performance as accuracy (ranged; 1 ),
maximal interchange intervention accuracy (I1A) (range 0;1 ) across all positions and layers, Pearson

correlations of 1I1A between two distributions (comparedto © or, ;range 1;1). "This is empirical
task performance on the evaluation dataset for this experiment.

Additionally, alignments are better when the model post-processes the query input with 1 2
additional steps: accuracy is higher at position 75 compared to all previous positions. Surprisingly,
there exist bridging tokens (positions 76 79) where accuracy suddenly drops compared to earlier
tokens, which suggests that these representations have weaker causal e ects on the model output. In
other words, boundary-check variables are fully extracted around position 75, level 10, and are later
copied into activations for the nal token before responding. By comparing the heatmaps on the top
row, our ndings suggest that aligning multiple variables at the same time poses a harder alignment
process, in that it lowers scores slightly across multiple positions.

2.4.4 Interchange interventions with (in-)Correct inputs

I1A is highly constrained by task performance, and thus we expect it to be much lower for inputs
that the model gets wrong. To verify this, we constructed an evaluation set containing 1K examples
that the model gets wrong and evaluated our "Left and Right Boundary' hypothesis on this subset.
Table 2.1 reports these results in terms of max I1A and the correlation of the 1A values with those
obtained in our main experiments. As expected, IIA drops signi cantly. However, two things stand
out: lIA is far above task performance (which is 0.0 by design now), and the correlation with the
original 1A map remains high. These ndings suggest that the model is using the same internal
mechanisms to process these cases, and so it seems possible the model is narrowly missing the correct
output predictions.

We also expect IlA to be higher if we focus only on cases that the model gets correct. Table 2.1
con rms this expectation using "Left and Right Boundary' as representative. 1A .« is improved
from 0.86 to 0.88, and the correlation with the main results is essentially perfect. Full heatmaps for
these analyses are given in Appendix 2.7.4.
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Figure 2.5: Interchange Intervention Accuracy (lI1A) evaluated with di erent output formats. The
seen setting is for training, and the unseen setting is for evaluation.

2.4.5 Do alignments robustly generalize to unseen instructions and inputs?

One might worry that our positive results are highly dependent on the speci ¢ input output pairs we
have chosen. We now seek to address this concern by asking whether the causal roles (i.e., alignments)
found using Boundless DAS in one setting are preserved in new settings. This is crucial, as it tells
how robustly the causal model is realized in the neural network.

Generalizing across two di erent instructions. Here, we assess whether the learned align-
ments for the "Left Boundary' causal model transfer between di erent speci c price brackets in the
instruction. To do this, we retrain Boundless DAS for the high-level model with a xed instruction
that says between 5.49 dollars and 8.49 dollars. Then, we x the learned rotation matrix and
evaluate with another instruction that says between 2.51 dollars and 5.51 dollars . For both, Alpaca
is successful at the task, with around 94% accuracy. Our hypothesis is that if the found alignment
of the high-level variable is robust, it should transfer between these two settings, as the aligning
variable is a boolean-type variable which is potentially agnostic to the speci ¢ comparison price.

Table 2.1 gives our ndings in the "New Bracket' rows. Boundless DAS is able to nd a good
alignment for the training bracket with an lIA o that is about the same as the task performance at
94%. For our unseen bracket, the alignments also hold up extremely well, with no drop in 1A, . For
both cases, the found alignments also highly correlate with the counterpart of our main experiment.

Generalizing with inserted context. Recent work has shown that language models are
sensitive to irrelevant context (Shi et al., 2023), which suggests that found alignments may over t
to a set of xed contexts. To address this concern, we add pre x strings to the input instructions
and evaluate how "Left and Right Boundary' alignment transfers. We thus generate 20 random
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Figure 2.6: Learned boundary width for intervention site and in-training evaluation interchange
intervention accuracy (I1A) for two groups of data: (1) aligned group where the boundary does not
shrink to O at the end of the training; (2) unaligned group where the boundary does shrink to O
at the end of the training. 1 on the y-axis means either 100% accuracy for IlIA, or the variable is
occupying half of the hidden representation for the boundary width.

pre xes using GPT-£# All of our pre xes, and our method for generating them, can be found in
Appendix 2.7.6. The model achieves 84% task performance with random contexts added as pre xes,
which is slightly lower than the average task performance. Nonetheless, the results in Table 2.1
suggest the found alignments transfer surprisingly well here, with only 2% drop in 1Ay . Meanwhile,
the mean IIA distribution across positions and layers is highly correlated with our base experiment.
Thus, our method seems to identify causal structure that is robust to changes in irrelevant task
details and position in the input string.

Generalizing to modi ed outputs. We further test whether the alignments found for instruc-
tions with a template Say yes ..., otherwise no can generalize to a new instruction with a template
Say True ..., otherwise False . If there are indeed latent representations of our aligning causal

variables, the found alignments should persist and should be agnostic to the output format.

Table 2.1 shows that this holds: the learned alignments actually transfer across these two sibling
instructions, with a minimum 1% drop in lIA o . In addition, the correlation increases 6% when
excluding the top right corner (top 3 layers in the last position), as seen in the nal row of the
table. This result is further substantiated in Figure 2.5, where we see that IIA drops near the top
right. This indicates a late fusion of output classes and working representations, leading to di erent
computations for the new instruction only close to the output.

2.4.6 Boundary learning dynamics

Boundless DAS automatically learns the intervention site boundaries (Section 2.3.2). It is important
to con rm that we do not give up alignment accuracy by optimizing boundaries, and to explore the

Swe generate these pre xes using the public chat interface https://chat.openai.com/
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dimensionality actually needed to represent the abstract variables. We sample 100 experiment runs
from our experiment pool and create two groups: (1) the success group where the boundary does
not shrink to O at the end of the training; (2) the failure group where the boundary does shrink to

0 at the end of the training. The failure group is for those instances where there is no signi cant
causal role of representations found by our method. We plot how boundary width and in-training
evaluation IlA vary throughout training. Figure 2.6 shows that, in the success cases, each aligned
variable only needs 5 10% of the representation space. Il1A performance converges quickly for success
cases and, crucially, maintains stable performance despite shrinking dimensionality. This suggests
that only a small fraction of the whole representation space is needed for aligning a causal variable,
and that these representations can be e ciently identi ed by Boundless DAS.

2.4.7 Metric calibration

One concern brought up by our reviewers is whether our metric, interchange intervention accuracy
(lIA), is well calibrated. Here, we provide additional evidence. We report lIAs in the same way as in
Figure 2.4 but with random rotation matrices. With a random rotation matrix, we nd that the I1A
score drops from 0.83 to 0.53 at layer 10, token position 75, for our left and right boundary causal
model. Other positions drop signi cantly as well. These results calibrate 11As in case of unbalanced
labels (e.g., our two control causal models reach about 0.60 IIA at the same location with a random
rotation matrix). This shows that Boundless DAS nds substantial structure in Alpaca as compared
to what these random baselines can nd. Details can be found in Figure 2.12 in the Appendix.

We can also help calibrate our result by comparing Boundless DAS applied to Alpaca with a
randomly initialized LLaMA-7B. This can help quantify the extent to which DAS leverage random
causal structure in order to over t to its training objective. This random model results in near 0%
task performance on our task, as expected. After running Boundless DAS on the rst layer of this
random LLaMA-7B model, the found alignments to each token's representation ranged from 0% to
69% IIA, which is comparable to a most frequent label dummy model (66%). For the representations
with near chance IlA, this means that we were able to nd a distributed neural representation that
shifts the probability mass to yes or no, but does not di erentiate between the two. We also
found that we could nd a distributed neural representation that shifts the probability mass to the
tokens dog and give instead of yes and no. More importantly, we found that IIA drops to 0%
for this run on all of our robustness checks from the paper. In addition, it drops to 0% if we use it
on another randomly initialized LLaMA-7B model with a di erent random seed. Overall, it seems
that the causal structure we did nd has arisen by chance, and we might expect very large models to
be more prone to such occurrences. Our robustness checks de nitively clarify the situation.
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2.5 Analytic strengths and limitations

Explanation methods for Al should be judged by the degree to which they can, in principle, identify
models' true internal causal mechanisms. If we reach 100% IIA for a high-level model using Boundless
DAS we can assert that we have positively identi ed a correct causal structure in the model (though
perhaps not the only correct abstraction). This follows directly from the formal results of Geiger et al.
(2023a). On the other hand, failure to nd causal structure with Boundless DAS is not a proof that
such structure is missing, for two reasons. First, Boundless DAS explores a very exible and large
hypothesis space, but it is not completely exhaustive. For instance, a set of variables represented in
a highly non-linear way might be missed. Second, we are limited by the space of causal models we
think to test ourselves.

For models where task accuracy is below 100%, it is still possible for IIA to reach 100% if
the high-level causal modelexplains errors of the low-level model. However, in cases like those
studied here, where our high-level model matches the idealized task but our language model does not
completely do so, we expect Boundless DAS to nd only partial support for causal structure even
if we have identi ed the ideal set of hypotheses and searched optimally. This too follows from the
results of Geiger et al. (2023a). However, as we have seen in the results above, Boundless DAS can
nd structure even where the model's task performance is low, since task performance can be shaped
by factors like a suboptimal generation method or the rigidity of the assessment metric. Tightening
this connection by modeling errors in the language model in more detail is an open direction.

2.6 Conclusion

In this chapter, we introduce Boundless DAS, a novel and e ective method for scaling causal analysis
of LLMs to billions of parameters. Using Boundless DAS, we nd that Alpaca, o -the-shelf, solves
a simple numerical reasoning problem in a human-interpretable way. Additionally, we address one
of the main concerns around interpretability tools developed for LLMs whether found alignments
generalize across di erent settings. We rigorously study this by evaluating found alignments under
several changes to inputs and instructions. Our ndings indicate robust and interpretable algorithmic
structure. Our framework is generic and applies to any LLM, and we have released it puincI)‘}.
We hope that this marks a step forward in terms of understanding the internal causal mechanisms
behind the massive LLMs that are at the center of so much work in Al.

While chapter 2 shows one instance of causal interventions being useful for interpretability,
chapter 3 shows that the same intervention primitive can be used to control the behavior of the
model. Since the publication of chapter 2, we have also extended to disentangling causal information
encoded in the representation of language models in factual recall tasks (Shi et al., 2024a), or number

40ur framework is available at https://github.com/stanfordnip/pyvene
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counting tasks (Grant et al., 2024). On the other hand, we also further explore the faithfulness of
Boundless DAS by writing a rebuttal to a recent work claiming interpretability illusion (Makelov
et al., 2024) caused by learning interventions (Wu et al., 2024d).
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2.7 Appendix

2.7.1 Price tagging game experiment

Figure 2.7: Instruction template for the Price Tagging game. We have three variables inside the
prompt: lower bound amount, upper bound amount, and the input amount where each number has
two decimal points but bounded with [0.00, 9.99].

Figure 2.7 shows our templates for our Price Tagging game Experiment. This format is enforced
by the instruction tuning template of the Alpaca model.

2.7.2 Training details

Training Setups  During training for Boundless DAS, model weights are frozen except for the
rotation matrix. To train the rotation matrix, we use Adan{Kingma and Ba, 2015) as our optimizer
with an e ective batch size of 64 and a learning rate of10 3. We use a di erent learning rate 10 2 for
our boundary indices for quicker convergence. We train our rotation matrix for 3 epochs and evaluate
with a separate evaluation set for each 200 training steps, and we save the best rotation matrix
evaluated on the evaluation set during training and test on another held-out testing set. Our training
set has 20K examples. Our in-training evaluation is limited to 200 examples for quicker training
time, and the hold-out testing dataset has 1K examples. These datasets are generated on the vy for
di erent causal models (i.e., di erent random seeds result in di erent training data). The rotation
matrix is trained by using the orthogonalized parameterization provided by the torch library. ® For
boundary learning, we anneal temperature from 50.0 to 0.10 with a step number equal to the total
training steps and temperature steps with gradient backpropagation. Each alignment experiment
is enabled with bfloat16 and can t within a single A100 GPU. Each alignment experiment takes
about 1.5 hrs. To nish all of our experiments, it takes roughly 2 weeks of run-time with 2 A100

5pytorch.org/docs/stable/generated/torch.nn.utils.parametrizations.orthogonal.html
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nodes with 8 GPUs each. We run experiments with 3 distinct random seeds and report the best
result using IlA as our metrics.

Vanilla Task Performance Remarks To ensure the model we are aligning behaviorally achieves
good task performance, we evaluate the model task performance with 1K sampled triples of values
more than 300 times. The Alpaca (7B) model achieves 85% for randomly drawn triples of numbers on
average. We want to emphasize that it is really hard to nd a good reasoning task with intermediate
steps (e.g., tasks like Return yes of it costs more than 2.50 dollars do not require an intermediate
step) that presently available 7B 30B LLMs can solve. We tested di erent reasoning tasks (e.g.,
math, logic, natural QA, code, etc.) with instruct-tuned LLaMA (Touvron et al., 2023a), Dolly, ¢
StableLM (Andonian et al., 2021) Vicuna (Chiang et al., 2023), Instruct-tuned GPT-J,” and mostly
struggled to nd tasks they could do well.

2.7.3 Counterfactual dataset generation

To train Boundless DAS, we need to generate counterfactual datasets where each example contains a
pair of inputs as base and source, an intervention indicator (i.e., what variable we are intervening),
and a counterfactual label. For instance, if we are training Boundless DAS for our Boundary Check
(Left Only) high-level causal model, we may sample the base example with the bracket as [2.50, 7.50]
and the input amount of 1.50 dollars, and the source example with the bracket as [3.50, 8.50] and
the input amount of 9.50 dollars. If we intervene on the variable whether the input variable is higher
than the lower bound, and we swap the variable from the second example into the rst example, we
will have a counterfactual label as Yes . For each high-level causal model, we follow the same steps
to construct the counterfactual dataset.

2.7.4 Interchange intervention accuracy

Figure 2.8 to Figure 2.12 show a breakdown of the results presented in Table 2.1.

2.7.5 Pseudocode for Boundless DAS

Boundless DAS is a generic framework and can be implemented for models with di erent architectures.
Here we provide a pseudocode snippet for a decoder-only model.

6huggingface.co/databricks/dolIy—v2—12b
"We use the publicly available model at https://huggingface.co/nlpcloud/instruct-gpt-j-fp16 which is GPT-J
netuned on Alpaca.
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Table 2.2: Our prompt and twenty di erent contexts generated by GPT4-Aug05-2028s pre xes.

Our Prompt: | will generate random short sentences (they do not have to be in English), ranging
from 3 words to 15 words. Here are two examples in English: "Pricing tag game!" and "Fruitarian
Frogs May Be Doing Flowers a Favor." Generate 100 examples for me and return them in a .txt le.

We are so back! Kiwis y in their dreams. Frogs leap into detective work.

Jumping jacks on Jupiter? Beans in my boots? Clouds have a uy sense of hu-
mor.

Koalas start each day with a long Dinosaurs loved a good bedtime Butter ies throw colorful surprise

nap. story. parties.

Rhinos are experts at playing hide Badgers brew the nest co ee. Peanuts have their own under-

and seek. ground society.

Pigeons love rooftop cinema Fish run deep-sea detective agen- Cheetahs host slow-motion replay
nights. cies. parties.

Hamsters are wheel design ex- Doves write the world's best love Porcupines are actually very cud-
perts. songs. dly.

Fire ies choreograph nightly light ~ Ants host underground food fes-
shows. tivals.

1 def sigmoid_boundary_mask(population, boundary_x, boundary_y, temperature):
2 return torch.sigmoid((population - boundary_x) / temperature) * \

3 torch.sigmoid((boundary_y - population) / temperature)

4

5 class AlignableDecoderLLM(DecoderLLM):

6 # overriding existing forward function

7 def forward(hidden_states, source_hidden_states):

8 for idx, decoder_layer in enumerate(self.layers):

9 if idx == self.aligning_layer_idx:

10 # select aligning token reprs

11 aligning_hidden_states = hidden_states[:,start_idx:end_idx]

12 # rotate

13 rotated_hidden_states = rotate(aligning_hidden_states)

14 # interchange intervention with learned boundaries

15 boundary_mask = sigmoid_boundary_mask(

16 torch.arange (0, self.hidden_size),

17 self.learned_boundaries,

18 self.temperature

19 )

20 rotated_hidden_states = (1. - boundary_mask) * rotated_hidden_states +
21 boundary_mask * source_hidden_states

22 # unrotate

23 hidden_states[:,start_idx:end_idx] = unrotate(rotated_hidden_states)
24 hidden_states = self.layers[idx](hidden_states)

25 return hidden_states

A simpli ed version of Boundless DAS with pseudocode for a generic decoder-only model.
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2.7.6 Generated irrelevant contexts

To generate random contexts in Table 2.2, we promptGPT-4@Aug05-20&8generate short English
sentences. These sentences are added to the original prompt as pre xes.

2.7.7 Common questions

In this section, we answer common questions that may be raised while reading this report.
Can Boundless DAS work with 175B models?

Yes, it does. Taking the recently released Bloom-176B as an example, the hidden dimension is 14,336,
which results in a rotation matrix containing 205M parameters. This is possible if the model is
sharded and the rotation matrix is put into a single GPU for training. This is only possible given the
fact that Boundless DAS is now implemented as a token-level alignment tool. If the alignment is for

a whole layer (i.e., token representations are concatenated), it is currently impossible. It is worth
noting that training the rotation matrix consumes more resources than training a simple weight
matrix, as the orthogonalization process intorch requires matrix exponential, which means saving
multiple copies of the matrix.

The current paper limits to a set of tasks from the same family. How well will the ndings in the
paper generalize to other scenarios?

Existing public models in 7B 30B range are still not e ective in solving reasoning puzzles that require
multiple steps. We test di erent reasoning tasks as mentioned in Section 2.7.2. Once larger LLMs
are released and evaluated as having stronger reasoning abilities, Boundless DAS will be ready as an
analysis tool. Although our Price Tagging game task is simple, we test with di erent variants of the
task and show the e cacy of our method.

Is it possible to apply Boundless DAS over the whole layer representation?

It is possible for smaller models if we are learning a full-rank square rotation matrix. It is intractable
for Alpaca at present. Let's say we align 10 token representations together. We will have a total
dimension size of 40,960. This leads to a rotation matrix containing 1.6B parameters. Given the
current orthogonalization process intorch , this will require a GPU with memory larger than the
current A100 GPU just to tin a trainable rotation matrix.

Only limited high-level models are tested with Boundless DAS in the experiments.

There is a large number of high-level models to solve the task, and we only test a portion of them.
We think that this is su cient to demonstrate the advantages of our pipeline. It would be interesting
if humans can be in the loop of testing di erent hypotheses of the high-level causal model. On the
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other hand, not all the high-level models are interesting to analyze. For instance, if two high-level
models are equivalent (e.g., swapping variable names), it is not in our interest to nd alignments.

Can Boundless DAS be applied to nd circuits in a model?

Yes, it can. We believe that circuit analysis can be theoretically grounded in causal abstraction and

is deeply compatible with our work. Previous work in this mode usually relies on the assumption

of localist representation (i.e., there exists a one-to-one mapping between a group of neurons and
a high-level concept). This is often too idealized, as multiple concepts can easily be aligned with
the same group of neurons, or a group of neurons may map to multiple concepts. Boundless DAS
actually drops this assumption by speci cally focusing on distributed alignments. More importantly,
Boundless DAS can be easily used in a head-wise alignment search where we add a shared rotation
matrix on top of head representations of all the tokens.

Figure 2.8: Interchange Intervention Accuracy (lIA) evaluated with correct input examples only as
well as incorrect input examples only for our Left and Right Boundary causal model. The higher
the number is, the more faithful the alignment is. We color each cell by scaling 1A using the model's
task performance as the upper bound and a dummy classi er (predicting the most frequent label) as
the lower bound.
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Figure 2.9: Interchange Intervention Accuracy (I1A) evaluated with di erent settings of brackets
in the instruction. The seen setting is for training, and the unseen setting is for evaluation. The
higher the number is, the more faithful the alignment is. We color each cell by scaling IlA using the
model's task performance as the upper bound and a dummy classi er (predicting the most frequent
label) as the lower bound.

Figure 2.10: Interchange Intervention Accuracy (lIA) evaluated with two di erent irrelevant contexts
inserted as pre xes. The higher the number is, the more faithful the alignment is. We color each
cell by scaling I1A using the model's task performance as the upper bound and a dummy classi er
(predicting the most frequent label) as the lower bound.
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Figure 2.11: Interchange Intervention Accuracy (I1A) evaluated with twenty di erent irrelevant
contexts generated byGPT4-Aug05-2023Correlation is 0.99 with the Left and Right Boundary
causal model.

Figure 2.12: Interchange Intervention Accuracy (I1A) with random initialized rotation matrix
and learned optimal boundary indices. We run three random seeds.



Chapter 3

Causal interventions for controlling
language models

3.1 Introduction

The previous chapter demonstrated that causal interventions can identify interpretable structure in
language models at scale: by swapping subspaces of hidden representations and observing behavioral
changes, we discovered how Alpaca implements boundary-check reasoning. A natural question follows:
can the same intervention interface be used not only to understand models, but also to control them?
This chapter answers in the a rmative by developing Representation Finetuning (ReFT) , which
learns compact intervention modules that edit hidden representations to steer model behavior on
downstream tasks.

Pretrained language models (LMs) are frequently netuned to adapt them to new domains or
tasks (Dai and Le, 2015). With netuning, a single base model can be adapted to a variety of
tasks given only small amounts of in-domain data. However, netuning large LMs is expensive.
Parameter-e cient netuning (PEFT) methods propose to address the high costs of full netuning
by updating a small number of weights. This reduces memory usage and training time, and PEFTs
achieve similar performance to full netuning in many settings (Hu et al., 2023).

A hallmark of current state-of-the-art PEFTs is that they modify weightsrather than representa-
tions. However, much prior interpretability work has shown that representations encode rich semantic
information, suggesting that editing representations might be a more powerful alternative to weight
updates. In this chapter, we pursue this hypothesis by developing and motivatingRepresentation
Finetuning (ReFT) . Instead of adapting model weights, ReFT methods train interventions that
manipulate a small fraction of model representations in order to steer model behaviours to solve
downstream tasks at inference time. ReFT methods are drop-in replacements for weight-based

36
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Figure 3.1: Parameter count vs. performance for LOReFT and other PEFTs across four benchmarks
when applied to LLaMA, Llama-2, Llama-3, and RoBERTa models. Despite training far fewer
parameters than existing PEFTs, LoReFT achieves competitive or even state-of-the-art performance
on all tasks. Its value is most apparent for the largest models in our evaluations.Note : FT is
full-parameter netuning, which is not a PEFT or ReFT method. Additional results are in section 3.4.

PEFTs. This approach is inspired by recent work in LM interpretability that intervenes on represen-
tations to nd faithful causal mechanisms (Geiger et al., 2023b) and to steer model behaviours at
inference time (Turner et al., 2023a; Li et al., 2024a), and it can be seen as a generalisation of the
representation-editing work of Wu et al. (2024a), Turner et al. (2023a), and Zou et al. (2023) (see
section 3.7.2 for details).

We focus on a strong and highly e cient instance of the ReFT family that we call Low-rank
Linear Subspace ReFT (LoReFT ). LOReFT is a parametrisation of ReFT that intervenes on
hidden representations in the linear subspace spanned by a low-rank projection matrix, building
directly on the distributed alignment search (DAS) method of Geiger et al. (2023b) and Wu et al.
(2023). We also identify an ablation of this method (DiReFT) that trades some performance for
increased e ciency. We evaluate our ReFTs on LLaMA-family models and small-scale LMs against
existing PEFTs on standard benchmarks from four domains: commonsense reasoning, arithmetic
reasoning, instruction-following, and natural language understanding. Compared to LoRA, we nd
that LoReFT uses 15 65 times fewer parameters while achieving state-of-the-art performance
on commonsense reasoning, instruction-following, and natural language understanding against the
strongest PEFTs. These ndings indicate that ReFT methods are worthy of further exploration, as
they may emerge as more e cient and e ective alternatives to weight-based PEFTSs.
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3.2 Related work

Parameter-e cient netuning methods (PEFTS). PEFTs train a fraction of the model's
parameters to adapt it to downstream tasks. We classify PEFTs into three categories:

1. Adapter-based methods train additional modules (e.g. fully-connected layers) on top of the
frozen pretrained model. Series adaptersinsert components between LM attention or MLP
layers (Houlsby et al., 2019; Pfei er et al., 2020; Wang et al., 2022; He et al., 2022b; Fu et al.,
2021), while parallel adapters add modules alongside existing components (He et al., 2022a).
Since adapters add new components that cannot be easily folded into existing model weights,
they impose an additional burden at inference time?

2. LoRA (Hu et al., 2022) and DoRA (Liu et al., 2024d) use low-rank matrices to approximate
additive weight updates during training, and require no additional overhead during inference
since the weight updates can be merged into the model. These were the strongest PEFTs at
the time of this work.?

3. Prompt-based methods add randomly-initialised soft tokens to the input (usually as a
pre x) and train their embeddings while keeping the LM weights frozen (Li and Liang, 2021).
These methods are often far from optimal compared to other PEFTs, and come at the cost of
signi cant inference overhead. A variant of this method where hidden-layer activations are also
tuned was introduced as a baseline in Hu et al. (2022), with better performance.

Representation editing. Work on activation steering and representation engineeringshows
that adding xed or task-speci ¢ steering vectors (Subramani et al., 2022; Turner et al., 2023a; Zou
et al., 2023; Liu et al., 2024b; Vogel, 2024, Li et al., 2024a) or applying concept erasure (Ravfogel
et al., 2022; Belrose et al., 2023; Avitan et al., 2024; Singh et al., 2024) to the residual stream can
enable a degree of control over pretrained LM generations without the need for resource-intensive
netuning (Wu et al., 2024a). The success of these methods a rms that representations induced by
pretrained LMs carry rich semantic structure.

Interventional interpretability. Much work has used interventions on model-internal states to
test hypotheses about how LMs implement various behaviours. In particular, interventions on linear
subspaces of representations have provided increasing evidence that human-interpretable concepts are
encoded linearly (Smolensky, 1986; Rumelhart et al., 1986; McClelland et al., 1986). This includes
linguistic features such as gender and number (Lasri et al., 2022; Wang et al., 2023b; Hanna et al.,
2023; Chintam et al., 2023; Yamakoshi et al., 2023; Hao and Linzen, 2023; Chen et al., 2024; Amini

!several papers introduced new adapter architectures but did not benchmark them on the tasks we consider, or they
perform hyperparameter-tuning in a di erent setup than done in this work. These include: LLaMA-Adapter (Zhang
et al., 2024b), LLaMA-Adapter v2 (Gao et al., 2023), Aligner (Ziheng et al., 2023).

2 additional methods not studied in this work: AutoLoRA (Zhang et al., 2024c), ResLoRA (Shi et al., 2024b),
SiRA (Zhu et al., 2023).
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et al., 2023; Guerner et al., 2023; Arora et al., 2024), logical and mathematical reasoning (Wu et al.,
2023), entity attributes (Shi et al., 2024a), and a number of other domains (Mikolov et al., 2013b;
Elhage et al., 2022; Park et al., 2024; Nanda et al., 2023; Guerner et al., 2023).

3.3 ReFT

We now de ne the ReFT family of methods. To do this, we rst summarize the core motivation,
which emerges from work on intervention-based model interpretability. We then show how this leads
directly to Low-rank Linear Subspace ReFT (LoReFT). Finally, we generalize this to a family of
ReFT methods. Section 3.7.1 provides a brief overview of our generic ReFT training library.

To keep the presentation simple, we assume throughout that our target model is a Transformer-
based (Vaswani et al., 2017) LM that produces contextualised representations of sequences of tokens.
Given a sequence oh input tokens x X1;::1;Xs , the model rst embeds these into a list of
representationsh 0 h, ;:::;hn0 . Then, m layers successively compute thé-th list of hidden
representationsh I as a function of the previous list of hidden representationsh "1 Each hidden
representation is a vectorh " RY. The LM uses the nal hidden representationsh ™ to produce its
predictions. In our experiments, we consider both autoregressive LMs and masked LMs (Devlin et al.,
2019). An autoregressive LM predictsp X, 1 TXq;:::; X, softmax Wh " , while a masked LM
predicts p X; X1; 25X 1:Xi 1505 Xn softmax Wh im , whereW is a learned matrix mapping
from representations to logits over the vocabulary space.

3.3.1 Motivation

In interpretability research, the framework of causal abstraction (Geiger et al., 2021) usefterchange
interventions  to establish the causal role of representations in deep learning models. An interchange
intervention xes a representation to the value it would take if a counterfactual input were processed
by the model. Experiments investigating how such interventions a ect model behavior form the
evidence for claims about the causal role of a representation and the concept it encodes.

To test whether a concept is encoded in a linear subspace of a representation, one may use
a distributed interchange intervention (DIl) (Geiger et al., 2023b).3 Let hy, be the hidden
representation created at rowi and column k when our model processes inpub, and let hg be the
corresponding representation when that same model processes inpsit A distributed interchange
intervention on hy given a counterfactual source representatiorhg is then de ned as

DIl hy:hg;R b R? Rhg Rh, (3.1)

r d

whereR " R is a low-rank projection matrix with orthonormal rows, d is the representation

3This notion of subspace intervention was also independently discovered by Guerner et al. (2023).
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Figure 3.2: lllustration of ReFT . (1) The left panel depicts an intervention | : the intervention
function  is applied to hidden representations at positionsP in layer I. (2) The right panel
depicts the intervention function used in LoReFT, which nds an edit vector that only modi es the
representation in the linear subspace spanned by the rows d®. Speci cally, we show how a rank-2
LoReFT operates on 3-dimensional hidden representations.

dimensionality, and r is the dimensionality of the subspace we are intervening on. We learn the
subspaceR using distributed alignment search (DAS), which nds the subspace that maximises the
probability of the expected counterfactual output after intervention (Geiger et al., 2023b). DAS is
highly expressive, and can e ectively localize concepts within model representations (Wu et al., 2023;
Arora et al., 2024; Wu et al., 2024d; Shi et al., 2024a). This suggests that subspace representation
interventions could also be a powerful tool for model control.

3.3.2 Two low-rank ReFT instantiations

LoReFT. The formulation of DIl in eq. (3.1) immediately suggests a way to control model
generations via interventions. The guiding intuition is that we can learn how to perform interventions
that steer the model towards predicting our task labels. The resulting method, Low-rank Linear
Subspace ReFT (LoReFT), is de ned by the following variant of eq. (3.1):

reerh  h R* Wh b Rh (3.2)

This is identical to eq. (3.1), except we use dearned projected sourceRs Wh b. LoReFT thus
edits the representation in the r-dimensional subspace spanned by the rows d® to take on the
values obtained from our linear projectionWh  b. We depict this operation in g. 3.2. The learned
parameters are rR; W ;bx; the parameters of the LM are frozen. As withDIl, R " R’ dis a
low-rank matrix with orthonormal rows where d is the hidden-state dimensionality andr & d is the
rank of the subspace. We further de ne a linear projectionW " R' 4 and bias vectorb " R".
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DiReFT. In addition, we de ne an ablation of LoReFT which removes the orthogonality
constraint and the di erence operation, reducing training time:

pirerr N h Wg Wih b (3.3)

Both W ;W," R 4 are low-rank projection matrices. Note that eq. (3.3) resembles LoRA, and thus
DiReFT can be thought of as LoRA applied directly to hidden representations at certain positions.4
Empirical evidence from previous work suggests that adding orthogonal constraints to LORA weights
increases performance (Liu et al., 2024e). (Section 3.7.5 reports results for additional ablations of
LoReFT.)

Training objective. ~ We consider both generation tasks using decoder-only or encoder decoder
LMs and classi cation tasks using encoder-only models withm layers. The pretrained language
model induces a distribution over token sequencep . We denote the model that results from the
ReFT intervention onp asp with trainable parameters . To simplify notation, we refer to
the hidden representations produced by the LM on inputx ash x , and those by the intervened LM
ash x .

For generation tasks, our training objective is language modelling. Given an input sequence

X1;:::; X, Wwith n tokens as the prompt, the goal is to predict the output sequencey  yq;:::;VYk
with k tokens. We minimise the cross-entropy loss with teacher-forcing over all output positions.
k
minw = logp vy fxysi } (3.4

i1

For single-label classi cation tasks, we add a classi cation headH with parameters that
takes the nal-layer (i.e., layer m) representation at the rst token ( CL$ hlm as input and outputs
a distribution over classes.H has the learned parameters rW ;b W 4; bgXx.

H 9Th softmax W, tanh W4h,;" by b, (3.5)

We learn the parameters of the head and those of the intervention function . We minimise the
cross-entropy loss of the target clasy given input x:

minr logH yfh x x (3.6)

4LoRA is not applicable to the residual stream, which is weightless. LoRA can be con gured to apply only to the
attention layer output projection matrix, which is similar to our residual stream intervention. However, previous works
found that applying LoRA only to attention layers is sub-optimal (Hu et al., 2023).
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3.3.3 The ReFT family of methods

It is straightforward to generalise the above intervention functions to de ne a family of intervention-
based representation netuning methods. We rst de ne a general notion of intervention, i.e. the
modi cation of hidden representations during the model forward pass:

De nition 3.3.1. An intervention | is a tuple ...;P;I< that encapsulates a single inference-time
modi cation of the representations computed by a Transformer-based LM. The three components

d

of an intervention are (1) the intervention function R R with learned parameters ,

(2) a set of input positions P Nr1;:::;nx that the intervention is applied to, and (3) the layer

We implement the intervention | as the following operation that overwrites some representations

h h, ifp" P elseh, (3.7)

Figure 3.2 provides a schematic overview of an intervention. A ReFT is then dened as a
constrained set of non-overlapping interventions:

De nition 3.3.2. A ReFT method is a set off interventions | rlq;:::; 1 X. We enforce that for
any two interventions ;1 " | such that they operate on the same layed; Iy, their intervention
positions must be disjoint, i.e. P; = P, 0. The parameters ,;:::; ; of all of the intervention
functions are independent.

ReFT is thus a generic framework encompassing interventions on hidden representations during
the model forward pass. In section 3.7.2, we show how a variety of existing inference-time intervention
methods can be described within this framework.

3.4 Experiments

To evaluate our ReFTs against existing PEFTs, we conduct experiments across four diverse NLP
benchmarks covering more than 20 datasets (extensive details on our datasets are in section 3.7.3).
Our goal is to provide a rich picture of how LoReFT and DiReFT perform in di erent scenarios. We
experiment with both masked and autoregressive LMs at di erent scales, ranging from RoBERTa-
base (Liu et al., 2019) with 125M to LLaMA models (Touvron et al., 2023a,b) with 13B parameters.
We benchmark against existing PEFTs such as pre x-tuning (Li and Liang, 2021), adapter-tuning
with both Series Adapters and Parallel Adapters, BitFit (Ben Zaken et al., 2022), RED (Wu et al.,
2024a), LoRA (Hu et al., 2022), and DoRA (Liu et al., 2024d). Our comparisons focus on both



CHAPTER 3. CAUSAL INTERVENTIONS FOR CONTROLLING LANGUAGE MODELS 43

performance and parameter e ciency. In our comparisons, we use hyperparameter-tuned scores
from previous works when possible. We load our base LMs itorch.bfloatl6 to save memory.
All of our experiments are run with a single GPU: NVIDIA A100 40G/80G or RTX

6000. Examples of raw model generations are in section 3.8. The performance results of all baseline
methods are adapted from Liu et al. (2024d) and represent the best performance achieved after
hyperparameter tuning.

3.4.1 Hyperparameter con guration

For our experiments, we must decide how many interventions to learn and which layers and input
positions to apply each one on. We propose learning interventions on a xed number gb pre x and
S su x positions in the prompt. Speci cally, we tune four hyperparameters:

2. The number of su x positions s to intervene on, i.e. positionsrn s 1;:::;nx.
3. Which set of layersL to intervene on.
4. Whether or not to tie intervention parameters across di erent positions in the same layer.

This simpli es the hyperparameter search space; compared to LORA, the only additional consideration
is which positions to intervene on. Since the number of positions edited is constant, LoReFT and
DiReFT contribute a xed additional inference cost that does not scale with prompt length.

Given the positionsP  r1;:::;px<rn s 1;:::;nx, we de ne the untied and tied variants:

luntied - srpxleqp™ P;I" Lx ltieg F...;P;lcqI ™ LX

Additionally, when applying LoReFT and DiReFT to a prompt with length n wheren$p s, we
setp min p; n€% ands min s;*n€0 and do not apply the truncated interventions in | yntieq -
We also tune neural-network training hyperparameters.

Unlike previous work (Hu et al., 2022, 2023; Liu et al., 2024d) where hyperparameter tuning
may involve optimising performance directly on test sets, we only tune our hyperparameters on
development sets which do not contain any overlapping examples with the test sets of our tasks. We
further describe hyperparameter tuning for each benchmark in section 3.7.4.

3.4.2 Commonsense reasoning

We replicate the experimental setup in Hu et al. (2023) and netune LLaMA-1 7B/13B, Llama-2 7B,
and Llama-3 8B° on a combined dataset of eight commonsense reasoning taskSdmmonsensel70K ).

5Llama-3 8B appeared on April 18, 2024, and thus we had time to complete only commonsense reasoning experiments
with this model. Liu et al. (2024d) report corresponding results for LORA and DoRA.
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Table 3.1: Accuracy comparison of LLaMA-1 7B/13B, Llama-2 7B and Llama-3 8B against existing
PEFT methods on eight commonsense reasoning datasets.Performance results of all baseline
methods are taken from Liu et al. (2024d). We report averaged performance of three runs with
distinct random seeds for our method. For our methods, Param. (%) is calculated by dividing the
number of trainable parameters by the number of parameters of the base LM.

Accuracy ()

Model PEFT Params (%)
BoolQ PIQA SIQA HellaS. WinoG. ARC-e ARC-c OBQA Avg.

ChatGPT 73.1 85.4 68.5 78.5 66.1 89.8 79.9 748 77.0
PrefT ) 0.039% 64.3 76.8 73.9 42.1 721 72.9 54.0 60.6 64.6
Adapters~ 1.953% 63.0 79.2 76.3 67.9 75.7 74.5 57.1 72.4 70.8
Adap'gerF> 3.542% 67.9 76.4 78.8 69.8 78.9 73.7 57.3 752 723

LLaMA-7B LoRA . 0.826% 68.9 80.7 77.4 78.1 78.8 77.8 61.3 748 747
DoRA (half) 0.427% 70.0 82.6 79.7 83.2 80.6 80.6 65.4 776 775
DoRA 0.838% 68.5 82.9 79.6 84.8 80.8 81.4 65.8 81.0 78.1
DiReFT (ours) 0.031% 69.5 83.0 79.0 92.5 80.5 82.2 68.0 775 79.0
LoReFT (ours) 0.031% 69.3 844 80.3 93.1 84.2 83.2 68.2 78.9 80.2
PrefT : 0.031% 65.3 75.4 721 55.2 68.6 79.5 62.9 68.0 68.4
Adapters~ 1.586% 71.8 83.0 79.2 88.1 82.4 82.5 67.3 81.8 795
AdaptgzrP 2.894% 725 84.9 79.8 92.1 84.7 84.2 71.2 82.4 815

LLaMA-13B LORA : 0.670% 72.1 83.5 80.5 90.5 83.7 82.8 68.3 82.4 805
DoRA (half) 0.347% 725 85.3 79.9 90.1 82.9 82.7 69.7 83.6 80.8
DoRA 0.681% 72.4 84.9 81.5 92.4 84.2 84.2 69.6 82.8 815
DiReFT (ours) 0.025% 71.3 86.1 80.8 94.6 83.6 85.5 72.9 827 822
LoReFT (ours) 0.025% 721 86.3 81.8 95.1 87.2 86.2 73.7 84.2 833
LoRA : 0.826% 69.8 79.9 79.5 83.6 82.6 79.8 64.7 810 77.6
DoRA (half) 0.427% 72.0 83.1 79.9 89.1 83.0 84.5 71.0 81.2 80.5

Llama-2 7B DoRA 0.838% 71.8 83.7 76.0 89.1 82.6 83.7 68.2 824 79.7
DiReFT (ours) 0.031% 70.8 83.6 80.2 93.6 82.1 84.8 70.4 815 80.9
LoReFT (ours) 0.031% 711 838 80.8 94.3 84.5 85.6 72.2 82.3 818
LORA~ : 0.700% 70.8 85.2 79.9 91.7 84.3 84.2 71.2 79.0 80.8
DoRA (half) 0.361% 74.5 88.8 80.3 95.5 84.7 90.1 79.1 87.2 85.0

Llama-3 8B DoRA 0.710% 74.6 89.3 79.9 95.5 85.6 90.5 80.4 85.8 85.2
DiReFT (ours) 0.026% 73.4 88.7 81.0 95.6 85.5 91.8 818 854 85.4
LoReFT (ours) 0.026% 75.1 90.2 82.0 96.3 87.4 92.4 81.6 87.5 86.6

We report scores on each task's test set individually. We compare with PEFTs benchmarked in Hu
et al. (2023) as well as the identical experiment reported in Liu et al. (2024d) for DoRA.

Datasets. Our benchmark contains eight commonsense reasoning datasets, including BoolQ (Clark
et al., 2019a), PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019), HellaSwag (Zellers et al., 2019),
WinoGrande (Sakaguchi et al., 2021), ARC-e, ARC-c (Clark et al., 2018), and OBQA (Mihaylov
et al., 2018). Examples are formulated as multiple-choice problems where the model needs to directly
generate the correct choice without rationales. We use the same prompt template as in Hu et al.
(2023) with additional string normalisation (removing leading and trailing whitespace).

Hyperparameter tuning. We do not do hyperparameter selection based on test set results.
Rather, we use the hyperparameter settings of the model that performs best on a development set
created from the GSM8K training set, except we use a lower number of epochs (6 instead of 12)
because theCommonsensel70K training set is more than 20 times larger than GSM8K . This
allows us to tune relevant hyperparamters, and also serves to test the robustness of these settings
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Table 3.2: Accuracy comparison of LLaMA-1 7B/13B against existing PEFT methods on four
arithmetic reasoning datasets. Performance results of all baseline methods are taken from Hu et al.
(2023). We report averaged performance of three runs with distinct random seeds for our method.

Accuracy ()

Model PEFT Params (%)
AQUA GSMBK MAWPS SVAMP Avg.

Prefl 0.039% 14.2 24.4 63.4 38.1 35.0
Adapter® 1.953% 15.0 33.3 77.7 52.3 44.6

LLaMA-7B  Adapter” 3.542% 18.1 35.3 82.4 496 46.4
LoRA 0.826% 18.9 375 79.0 52.1 46.9
DiReFT (ours) 0.031% 21.3 24.1 74.5 42.7 406
LoReFT (ours) 0.031% 214 26.0 76.2 46.8 42.6
Prefl 0031% 157 31.1 66.8 414 388
Adapter® 1.586% 22.0 44.0 78.6 50.8 48.9

LLaMA-13B  Adapter” 2.894% 20.5 43.3 81.1 55.7 50.2
LoRA 0.670% 18.5 475 83.6 54.6 51.1
DiReFT (ours) 0.025% 20.5 35.8 80.8 54.8 48.0
LoReFT (ours) 0.025% 23.6 38.1 82.4 54.2 49.6

across di erent domains. We additionally report scores on 3 epochs in section 3.7.4.

Results. We report results in table 3.1. LoReFT sets state-of-the-art performance on the
commonsense reasoning tasks, outperforming all other methods by a considerable margin. While
being more compute-e cient, DiReFT achieves only slightly worse performance consistently.

3.4.3 Arithmetic reasoning

Similar to the previous experiment, we follow the experimental setup in Hu et al. (2023) and netune
LLaMA-1 7B and 13B on a combined dataset of seven arithmetic reasoning tasks with LM-generated
chain-of-thought steps (Math10K ) and report scores on four of the tasks' test sets. We only evaluate
correctness on the nal numeric or multiple-choice answer.
Hyperparameter tuning. We use the same hyperparameter settings as for the Commonsense
Reasoning benchmark, but with 12 epochs for training. We also report scores on 3 epochs.
Datasets. Our benchmark contains four datasets for math world problems, including AQUA (Ling
et al., 2017), GSM8K (Cobbe et al., 2021), MAWPS (Koncel-Kedziorski et al., 2016), and SVAMP (Pa-
tel et al., 2021). Models need to generate chain-of-thought (Wei et al., 2022b) before the nal answer.
We use the same prompt template and hyperparameter settings as in the previous experiment.
Results. We report results in table 3.2. We nd that both LoReFT and DiReFT do not perform
as well at arithmetic reasoning tasks compared to LORA and adapters, but do outperform pre x-
tuning. Our results suggest that our ReFTs may have more trouble on chain-of-thought reasoning
than the single-step commonsense reasoning tasks due to the length of generations (greater length
necessarily reduces the e ect of the intervention) and overall greater di culty of the task. Our results
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Table 3.3: Instruction tuning evaluation results for instruction-tuned Llama-2 7B with Alpaca-Eval
v1.0. We report averaged performance of two runs with distinct random seeds for our methodhalf
denotes our runs with half of the rank; 1K denotes our runs with a low-resource setting where there
is only 1K training examples. "Performance results of baseline methods are taken from Li et al.
(2023). Performance results of baseline methods are taken from Wu et al. (2024a)lt takes 18
minutes to train our Llama-2 Chat 7B on 1K examples using a single A100 40G GPU

with  1MB parameters on disk.

Model & PEFT Params (%) Win-rate ()
GPT-3.5 Turbo 1106" 86.30
Llama-2 Chat 13B" 81.10
Llama-2 Chat 7B~ 71.40
Llama-2 7B & FT 100% 80.93
Llama-2 7B & LoRA 0.1245% 81.48
Llama-2 7B & RED 0.0039% 81.69
Llama-2 7B & DiReFT (ours) 0.0039% 84.85
Llama-2 7B & LoReFT (ours) 0.0039% 85.60
Llama-2 7B & LoReFT (ours, half ) 0.0019% 84.12
Llama-2 7B & LoReFT (ours, 1K )™ 0.0039% 81.91

show that our ReFTs perform better with the 13B model than the 7B model, which suggests that
our methods scale with model size. Overall, we note that the arithmetic reasoning results show a lot
of variation, with no single method emerging as a clear winner across all of them.

3.4.4 Instruction-following

Base LMs require instruction netuning to follow human prompts (Ouyang et al., 2022). We follow
the experimental setup in Wu et al. (2024a) and netune Llama-2 7B with Ultrafeedback (Cui et al.,
2024). We compare against full parameter netuning, LoRA, and RED. For evaluation, we use
Alpaca-Eval v1.0 (Li et al., 2023), which computes the win-rate againsttext-davinci-003  using
GPT-4 as the annotator. We use the same prompt template as in Taori et al. (2023).

Datasets. Ultrafeedback is high-quality instruction dataset where responses are generated via
scoring a diverse set of model responses from a list of candidates (e.g. ChatGPT and Bard). The
score is calculated as a weighted score of instruction-following, truthfulness, honesty, and helpfulness.
Some of the best 7B and 13B chat-models (e.g. UltraLM-13B (Ding et al., 2023)) are netuned with
Ultrafeedback.

Hyperparameter tuning. We do hyperparameter-tuning on the unseen instruction-following
dataset Alpaca-52K (Taori et al., 2023) with only LLaMA-7B to prevent test-set hill-climbing. We
then use the hyperparameter settings of our best performing model to netune on Ultrafeedback.
For hyperparameter tuning, we use Alpaca-Eval v1.0 with GPT-4 turbo as the annotator for fast
turnaround, which also prevents over tting with GPT-4 as a judge.
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Table 3.4: Accuracy comparison of RoBERTa-base and RoBERTa-large against existing PEFT
methods on the GLUE benchmark. Performance results of all baseline methods are taken from
Wu et al. (2024a). We report averaged performance of ve runs with distinct random seeds for our
method.

Accuracy ()

Model PEFT Params (%)
MNLI SST-2 MRPC CoLA OQNLI QQP RTE STS-B Avg.
FT 100% 87.3 94.4 879 624 925 917 783 90.6 85.6
Adapter’ 0.318% 87.0 93.3 884 609 925905 765 905 85.0
LoRA ] 0.239% 86.6 93.9 887 597 926 904 753 903 847
base  Adapter™" 0.239%  87.1 93.0 888 585 920 902 777 90.4 847
BitFit 0.080% 84.7 94.0 880 540 910 873 698 89.5 823
RED 0.016% 83.9 939 892 610 907 872 780 904 843
DiReFT (ours) 0.015% 82.5 92.6 883 586 913 864 764 89.3 832
LoReFT (ours) 0.015% 83.1 934 892 604 912 874 79.0 90.0 842
FT 100% 88.8 96.0 917 682 938 915 858 926 88.6
Adapter’ 0.254% 90.1 95.2 905 654 946 914 853 915 88.0
large  “ORA ) 0.225% 90.2 96.0 89.8 655 947 907 863 917 88.1
9 Adapter™" 0.225%  90.3 96.1 90.5 644 943 913 848 90.2 877
RED 0.014% 89.5 96.0 90.3 68.1 935 888 86.2 91.3 88.0
DiReFT (ours) 0.014% 88.7 95.4 885 667 939 881 86.9 91.2 874
LoReFT (ours) 0.014% 89.2 96.2 90.1 680 941 885 875 91.6 88.2

Results. We report results in table 3.3. When matched in parameter count to the previous most
parameter-e cient PEFT (RED) and trained on Llama-2 7B, LoReFT outperforms all reported
netuning methods (including full netuning) and achieves a win-rate within 1% of GPT-3.5 Turbo
1106. Furthermore, after halving the parameter count or using only 1/64-th of the data, LoReFT
still outperforms other netuning methods. This result shows that LoReFT can succeed at long-form
text generation. DiReFT is again slightly worse than LoReFT but is highly competitive.

3.4.5 Natural language understanding

We evaluate LoReFT on the GLUE benchmark (Wang et al., 2018) against existing PEFTs. We use
this set of experiments to show LoReFT works well even with small-scale LMs, and can improve
representations for classi cation tasks and not just text generation. We netune RoBERTa-base
(125M) as well as RoBERTa-large (350M) on GLUE, a sequence classi cation benchmark for natural
language understanding (NLU) which covers domains such as sentiment classi cation and natural
language inference. Details about the GLUE benchmark can be found in its original paper. We follow
Wu et al. (2024a) for proper evaluation on GLUE validation set: we split the validation set into
two sets guarded by a random seed, and we pick the best model with highest in-training validation
accuracy to evaluate on the other held-out half for testing accuracy.

Hyperparameter tuning. We tune our hyperparameters for each task separately. which is
standard for PEFTs. To avoid over tting to random seeds, we hyperparameter-tune our models with
a constant seed, and report averaged results over that and four additional unseen seeds. We describe
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hyperparameter tuning experiments in Appendix 3.7.4.

Results. We report results in table 3.4. LoReFT obtains comparable performance with PEFT
methods on both model sizes when parameter matched with RED, the previous most parameter-
e cient PEFT for this task. Furthermore, DiReFT achieves worse performance than most of the
PEFTs suggesting LoReFT is a better choice when LM is small. Full results with standard deviation
is in table 3.13. We additionally compare against VeRA (Kopiczko et al., 2024) in section 3.7.4.

3.5 Limitations

Due to limited resources, we mainly explored the LLaMA-family of models. Extending ReFT to other
model families as well as vision language models such as LLaVA (Liu et al., 2024a) remains an open
direction. The capabilities of ReFT have not yet been fully explored due to the large hyperparameter
search space; we are interested in automating this search. We provide some initial explorations
of LM personalisation with ReFT in a few-shot setting in section 3.7.7. We hope to explore why
ReFT works, and we provide some of our early explorations focused on memorisation (section 3.7.6).
We are also investigating whether learned orthogonal subspaces can be composed together without
adaptation. Some encouraging initial ndings are in section 3.7.7.

3.6 Conclusion

In this chapter, we propose a strong alternative to PEFTs, LoOReFT, and we identify an ablation of this
method, DiReFT, that trades some performance for increased e ciency. Overall, LOReFT achieves
strong performance across benchmarks from four domains while being 1555 more e cient than
LoRA. Notably, LoOReFT establishes new state-of-the-art performance on commonsense reasoning,
instruction-following, and natural language understanding against the strongest PEFTs. We also show
how our method can be described under a generic framework ReFT. ReFT is a new approach to
netuning that is more powerful, more parameter-e cient, and more interpretable than any existing
PEFTs.

This chapter shows that the same intervention primitive can be used to control the behavior of
LMs in the wild. Besides being a better netuning method, ReFT can also been seen as a way of
doing exible prompt key-value cache optimisation, which we think it provides a new way of serving
adapters at scale in the future.

The next two chapters will be about representation steering: we want interventions that are cheap,
targeted, and easy to apply at inference time. We will rst establish a benchmark for representation
steering in chapter 4 to ensure we are making measurable and comparable progress, and then develop
a method for representation steering in chapter 5.
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3.7 Appendix

3.7.1 pyreft : A ReFT-native Python library

To lower the cost of switching from PEFTs to ReFT, we releasepyreft , a Python library made
for training and sharing ReFTs. Our library is built on top of pyvene(Wu et al., 2024c), a library
for performing and training activation interventions on arbitrary PyTorch models. ® we publish
our library on PyPI. ! Any pretrained LM available on HuggingFace is supported through our
library pyreft for netuning with ReFT methods, and netuned models can be easily uploaded
to HuggingFace. The following example shows steps to wrap a Llama-2 7B model with a single
intervention on the residual stream output of the 19-th layer:

-

import torch
import transformers
3 from pyreft import get_reft_model, ReftConfig, Loreftintervention, ReftTrainerForCausalLM

N

o

# loading huggingface model

s model_name_or_path = "yahma/llama-7b-hf"

7 model = transformers.AutoModelForCausalLM.from_pretrained(

8 model_name_or_path, torch_dtype=torch.bfloatl6, device_map="cuda")
9 # wrap the model with rank-1 loreft

10 reft_config = ReftConfig(representations={

11 "layer": 19, "component": "block_output”,

12 "intervention": Loreftintervention(
13 embed_dim=model.config.hidden_size, low_rank_dimension=1)})
14 reft_model = get_reft_model(model, reft_config)

=

reft_model.print_trainable_parameters()

The wrapped model can be trained for downstream tasks. We also provide data loading helpers
to construct training data that is compatible with HuggingFace trainers:

1 tokenizer = transformers.AutoTokenizer.from_pretrained(model_name_or_path)
2

3 # get training data with customised dataloaders

4 data_module = make_supervised_data_module(

5 tokenizer=tokenizer, model=model, layers=[19],

6 training_args=training_args, data_args=data_args)

7 # train

g trainer = reft.ReftTrainerForCausalLM(

9 model=reft_model, tokenizer=tokenizer, args=training_args, **data_module)
10 trainer.train()

11 trainer.save_model(output_dir=training_args.output_dir)

5The library is publicly available at  https://github.com/stanfordnip/pyvene
7pip install pyreft
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3.7.2 Describing existing methods under the ReFT framework

To show the expressivity of the ReFT framework, we cast existing representing-editing methods in
the literature into ReFTs.

General comments about expressivity of ReFT. Given that previous works have uni ed
PEFTs under a single framework (He et al., 2022a), one may asWwhy not express ReFT as a
PEFT method? The main reason is that PEFT frameworks lack the notion oftime or sequence(see
the uni ed PEFT view provided in Table 1 on pg. 5 of He et al., 2022a). In PEFTSs, representation
modi cations are necessarily applied toevery token in the sequence, even in recent variants such as
AdalLoRA (Zhang et al., 2023a). A key aspect of ReFT is that it leverages representations over time
and intervenes only on a small number of them while being e ective. More importantly, the notation
of time is important for future versions of ReFT that intervene on representations schematically
(e.g. intervene on the rst token at some early layers and then intervene on the last token at some
later layers). The ability to intervene at di erent layer and position combinations schematically is also
supported in our code. Existing PEFT libraries 8 enforceweight-basedupdates without supporting
exible representation-based interventions.

RED

RED (Wu et al., 2024a) is a simple representation-editing method that applies an element-wise
scaling transforms " R" and adds a biasb " R" to the hidden representation in every layer. The
same intervention is applied to every position (including at generated tokens, increasing inference
burden) but separate interventions are learned at each layer. In the ReFT framework, RED is de ned
as

reph s h b (3.8)

lgep .o rep; FLiioynx <" rd; o, mxx (3.9

The parameters rep rS;bx are learned with gradient descent to minimise a loss function such as
language-modelling loss or a classi cation loss, as in our experiments with LoReFT. We believe that
RED is better classi ed as a kind of adapter due to its application at all positions.

Activation addition

Activation addition (Turner et al., 2023a) takes the di erence in activations at at some positions p
and g and layer | given two contrastive prompts x and x as input. It then adds this di erence

83ee https://github.com/huggingface/peft
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vector, scaled by a tuned constantc, to representations at all positions in layer| for some new prompt.

a hx 5, hx 4 (3.10)
Acagd N h c a (3.11)
lactadd oo Actadds ML 105N Tex (3.12)

RepE

Zou et al. (2023) introduce several intervention methods for controlling model behaviour, which they
term representation engineering

pair them, take the di erence in activations for each pair, and nd the rst principle component of

the di erence vectors at the last token position in some layer of interestl to obtain a reading vector:

eadng PCAUN X; 1 hx; ;1 11 OmodZ ) (3.13)

One can also used a more structured pairing of constrastive prompts to obtain &ontrast vector,
similar to the di erence vector computed in activation addition:

dconrast PCAUD X; 7 hx ';T1&i&n{ . (3.14)

Then, using either ayeaging OF acontrast: REPE introduces three operators (i.e. parametrisations of )
for intervening on activations:

RepElinear N h ca (3.15)

RepE; piecewise h h c Sign ah a (3-16)
ah

RepE:projection N h c m a (8.17)

The rst two of these are similar to activation addition, while the latter is a scaled one-dimensional
distributed interchange intervention that is a special case of LoReFT. These operations are then used
| RepE r... RepE; P, l<x (318)

RepE introduces another model control method called Low-Rank Representation Adaptation (LORRA),
which is a kind of PEFT rather than a ReFT since it tunes model weights using a variant of LORA.
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3.7.3 Datasets

Commonsense reasoning

We train and evaluate our models on eight datasets covering di erent domains of open-ended QA
tasks:

1. The BoolQ (Clark et al., 2019a) dataset, which is a question-answering dataset for yes or
no naturally occurring questions. We remove the provided passage in the dataset following
previous works to ensure a fair comparison.

2. The PIQA (Bisk et al., 2020) dataset, which tests physical commonsense reasoning and requires
the model to choose one of the provided actions to take based on a hypothesised scenario.

3. The SIQA (Sap et al., 2019) dataset, which focus on reasoning about people's actions and
their corresponding social consequences.

4. The HellaSwag (Zellers et al., 2019) dataset, which asks the model to choose an appropriate
ending (or sentence completion) given a context.

5. The WinoGrande (Sakaguchi et al., 2021) dataset, inspired by Winograd Schema Chal-
lenge (Levesque et al., 2012), asks the model to ll-in-a-blank with binary options given a
sentence which requires commonsense reasoning.

6. The ARC Easy set (ARC-e (Clark et al., 2018)), which includes genuine grade-school level
multiple-choice science questions

7. The ARC Challenge set ARC-c (Clark et al., 2018)), which is like ARC-e but designed in a
way that co-occurrence methods are expected to fail to answer correctly.

8. The OBQA (Mihaylov et al., 2018) dataset, which is a knowledge-intensive and open-book QA
dataset that requires multi-hop reasoning. Dataset statistics and simpli ed training examples
from each dataset are provided in Hu et al. (2023).

Dataset statistics and simpli ed training examples from each dataset are provided in Hu et al.
(2023). We replicate the experimental setup in Hu et al. (2023) and netune our models on a
combined training dataset (Commonsensel70K ) of the tasks mentioned above, and evaluate on
their individual test set. As in Hu et al. (2023), all of our examples are constructed without the
golden or retrieved passages, if provided by the datasets.

Arithmetic reasoning

We train and evaluate with seven datasets covering di erent domains of math world problems:
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1. The AddSub (Hosseini et al., 2014) dataset, which involves solving arithmetic word problems
that include addition and subtraction.

2. The AQUA (Ling et al., 2017) dataset, which formulates algebraic word problems as multiple-
choice problems.

3. The GSM8K (Cobbe et al., 2021) dataset, which consists of grade-school math word problems
that require multi-step reasoning.

4. The MAWPS (Koncel-Kedziorski et al., 2016) dataset, which contains math word problem
with varying complexity.

5. The MultiArith  (Roy and Roth, 2015) dataset, which contains multi-step arithmetic problems.

6. The SingleEq (Koncel-Kedziorski et al., 2015) dataset, which has grade-school math word
problems that map to single equations with di erent length.

7. The SVAMP (Patel et al., 2021) dataset, which enhances the original Math World Problem
(MWP) challenge by requiring robust reasoning ability that is invariant to structural alternations
of the posing problem.

Dataset statistics and simpli ed training examples from each dataset are provided in Hu et al.
(2023). We replicate the experimental setup in Hu et al. (2023) and netune our models on a combined
training dataset (Math10K ) of four tasks mentioned above: GSM8K, MAWPS, MAWPS-single
and AQUA. Di erent from Hu et al. (2023), selected tasks are excluded for testing since the original
paper accidentally leaks testing examples from these tasks into the training set, a ecting AddSub,
MultiArith and SingleEqg. They are included in the MAWPS training dataset, and thus leaked into
the training dataset.

Natural language understanding

We follow Wu et al. (2024a) for proper evaluation on the GLUE validation set. We split the validation
set into two subsets, using one subset guarded by a random seed for in-training evaluation and the
other for testing. Speci cally, after each training epoch, we evaluate the model on our in-training
evaluation set and select the best model across all epochs for testing. For datasets with a large
validation set (i.e., QQP, MNLI, and QNLI), we select 1,000 samples for in-training evaluation. For
the remaining smaller datasets, we select half of the samples for this purpose. For the evaluation
metric, we use the Matthews correlation coe cient for CoLA, the Pearson correlation coe cient
for STS-B, and accuracy for the other datasets. For MNLI, we report results only on the matched
version.
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3.7.4 Hyperparameters

Hyperparameter tuning and decoding strategy

Commonsense reasoning and arithmeric reasoning. We create a standalone development
set by taking the last 300 examples from theGSM8K training set. We train our models with
the remaining training set of GSM8K and select the hyperparameter settings based on model
performance on the development set. We select the hyperparameters using LLaMA-7B, and apply
the same settings to LLaMA-13B without additional tuning. We use a maximum sequence length of
512 for training and hyperparameter tuning, and a maximum new token number of 32 for inference.
Table 3.5 and table 3.6 describes our hyperparameter search space. We use a lower number of
epochs (6 instead of 12) for the commonsense reasoning benchmark because @mnmonsensel70K
training set is more than 20 times larger than GSM8K .

During inference, we use greedy decoding without sampling for the commonsense reasoning
benchmark, since it is a multi-token classi cation benchmark, and use the same decoding strategy
as in Hu et al. (2023) for the arithmetic reasoning benchmark with a higher temperature0:3. The
reason to switch to a slightly di erent set of decoding hyperparameters is that the HuggingFace
decoding function may throw an error due to statistical instability with close-to-zero probabilities
over output tokens with beam search’

Instruction following. We netune LLaMA-7B on Alpaca-52K (Taori et al., 2023) to select
hyperparameters. We select the hyperparameter settings based on model performance evaluated
with Alpaca-Eval v1.0 (Li et al., 2023), which calculates the win-rate over text-davinci-003 by
using gpt-4-turbo as the annotator. We use a maximum sequence length of 768 for training and
hyperparameter tuning, and a maximum new token number of 2048 for inference. Table 3.7 describes
our hyperparameter search space.

During inference, we use the same decoding strategy as in RED (Wu et al., 2024a) to ensure a fair
comparison. Speci cally, we use greedy decoding without sampling, and use a maximum repetition
n-gram size of 5 with a repetition penalty of 1.1.

Natural language understanding. We conduct hyperparameter tuning with RoOBERTa-base
and RoBERTa-large for each task individually. We pick the hyperparameters based on testing
performance on the held-out validation set with a xed random seed of 42. We then evaluate our
model with additional four unseen seeds {43, 44, 45, 46} for nal results. We follow Wu et al.
(2024a)'s setting for evaluation. For QQP with RoBERTa-large, there are some stochasticity in runs
with the same seed, so we picked the best run out of 3 runs for any particular seed. As reported by
Wu et al. (2024a), we also observe that evaluation results on RTE are unstable due to the small size of
the dataset. We thus replace several random seeds as in Wu et al. (2024a) to ensure a fair comparison.
In addition, we replace one or two random seeds for CoLA for stability. Table 3.8 describes our

9See reference ticket: https://github.com/huggingface/transformers/issues/11267
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hyperparameter search space. Table 3.9 to table 3.12 describe our hyperparameter settings for each
task. We set the maximum sequence length to 256 for all tasks as in Wu et al. (2024a). We conduct
separate hyperparameter tuning for LoReFT and DiReFT to ensure a fair comparison.

Table 3.5: Hyperparameter search space of LLaMA-1 7B models with LoReFT on the GSM8K
development set with the best settingsunderlined. We use greedy decoding without sampling during
hyperparameter tuning.

Hyperparameters LLaMA-7B w/ GSM8K for LoReFT
pre x+su x positon p+ s {pl+sl, p3+s3, p5+s5, p7+s7, p9+s9, pll+sll}
Tied weight p, s {True , False}
Rank r {8, 16, 32, 64}
Layer L (sep. w/ ;) {0;2;4;6;10;12;14;18, 10;12;14;18;20;22;24,28, 4,6;10;12;14,;18;20;22, hll
Dropout {0.00, 0.05}
Optimizer Adamw
LR {9 10°110%310%610%910* 1 10%3 10%
Weight decay {0,110%2 10%
LR scheduler Linear
Batch size {4, 8, 16, 32, 64}
Warmup ratio {0.00, 0.06, 0.10}

Epochs {3, 6,9, 12 18}
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Table 3.6: Hyperparameter search space of LLaMA-1 7B models with DiReFT on the GSM8K

development set with the best settingsunderlined. We use greedy decoding without sampling during
hyperparameter tuning.

Hyperparameters LLaMA-7B w/ GSM8K for DiReFT
pre x+su x positon p+ s {pl+sl, p3+s3, p5+s5, p7+s7, p9+s9, pll+sll}
Tied weight p, s {True, False}
Rank r {8, 16, 32, 64}
Layer L (sep. w/ ;") {0;2;4;6;10;12;14;18, 10;12;14;18;20;22;24;28, 4,6;10;12;14;18;20;2all}
Dropout {0.00, 0.05}
Optimizer Adamw
LR 9 10°,110%310%610%910%110%3 10%
Weight decay {0,1 10°% 2 10°%6 10° 1 10% 2 10% 6 107}
LR scheduler Linear
Batch size {4, 8, 16, 32, 64}
Warmup ratio {0.00, 0.06 , 0.10}
Epochs {3, 6,9, 12, 18}

Table 3.7: Hyperparameter search space of LLaMA-1 7B models on Alpaca-52K evaluated by Alpaca-
Eval v1.0 with the best settings underlined. We use greedy decoding without sampling during
hyperparameter tuning. LoReFT and DiReFT have the same hyperparameter settings.

Hyperparameters LLaMA-7B w/ Alpaca-52K
pre xtsux positon p+ s {pl+sl, p3+s3, p5+s5, p7+s7}
Tied weight p, s {True , False}
Rank r {1, 2, 3,4, 5, 6}
Layer L (sep. w/ ;) {9;18, 3;9;18, 3;9;18;24}
Dropout {0.00, 0.05}
Optimizer Adamw
LR 9 10°
Weight decay 0 10°
LR scheduler Linear
Batch size {16, 32, 64, 128
Warmup ratio 0.00

Epochs {1,3,6,9 12}
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Table 3.8: Hyperparameter search space of ROBERTa-base and RoBERTa-large models on GLUE
evaluated with classi cation accuracy. Best hyperparameter settings are task-speci ¢, which are
speci ed in separate tables.

Hyperparameters RoBERTa-base and RoBERTa-large w/ GLUE
pre x+su x position p+ s {p1, p3, p5, p7, p9, pl1}
Tied weight p, s False
Rank r {1, 2}

Layer L (sep. w/ ;) {1;3;5;7;9;11, all}

Dropout {0.00, 0.05, 0.10, 0.15, 0.20}
Optimizer Adamw
LR {1 10%,210%310% 4 10% 5 10 %},

6 1049 10% 1 1033 10%
Weight decay 0,1 10%,6 10%, 1 10° 6 10°% 1 102 2 102 4 10 %
LR scheduler Linear
{16, 32, 64, 128}
{0,5 10°6 10°%3 10%5 10%6 10,1 10,2 10"}

{20, 30, 40, 50, 60}

Batch size
Warmup ratio

Epochs

Table 3.9: Hyperparameter settings of ROBERTa-base models on GLUE for LoReFT.

Hyperparameters MNLI SST-2 MRPC CoLA  ONLI QQP RTE STS-B
position p pl p3 p3 p3 pll pll p3 p3
Tied weight False
Rank r 1
Layer L all
Dropout 0.05 0.10 0.05 0.20 0.05 0.05 0.05 0.05
Optimizer Adamw
LR 6 10 610° 310" 410° 910" 610 910 6 10°
Weight decay 0.00
LR scheduler Linear
Batch size 32
Warmup ratio 6 10° 1 10" 0 510° 1 10" 0 0 3102
Epochs 40 40 40 60 20 40 60 60
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Table 3.10: Hyperparameter settings of ROBERTa-large models on GLUE for LoReFT.

Hyperparameters MNLI SST-2 MRPC CoLA  ONLI QQP RTE STS-B
position p pl p3 p3 p3 pll pll p3 p3
Tied weight False
Rank r 1
Layer L all
Dropout 0.05 0.05 0.20 0.20 0.05 0.05 0.05 0.05
Optimizer Adamw
LR 6 0* 610° 310* 110" 910" 610° 610* 8 10°
Weight decay 0.00
LR scheduler Linear
Batch size 32
Warmup ratio 0.00 0.10 0.06 0.20 0.10 0.06 0.00 0.20
Epochs 20 20 30 30 20 20 30 30

Table 3.11: Hyperparameter settings of ROBERTa-base models on GLUE for DiReFT.

Hyperparameters MNLI SST-2 MRPC CoLA  QNLI QQP RTE STS-B
position p pl p3 p5 pl pll pll pl p3
Tied weight False
Rank r 1
Layer L all
Dropout 0.05 0.10 0.05 0.00 0.05 0.05 0.00 0.05
Optimizer Adamw
LR 6 0° 610° 310° 610" 910" 610 910* 6 10°
Weight decay 0.00 0.00 0.00 0.04 0.00 0.00 0.04 0.00
LR scheduler Linear
Batch size 32 32 32 32 32 32 8 32
Warmup ratio 6 102 110" 110" 0 110" 0 0 310°
Epochs 40 40 40 60 20 40 60 60
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Table 3.12: Hyperparameter settings of RoOBERTa-large models on GLUE for DiReFT.

Hyperparameters MNLI SST-2 MRPC CoLA  ONLI QQP RTE STS-B
position p pl p3 pl pl pl1 p7 p3 p3
Tied weight False
Rank r 1
Layer L all
Dropout 0.05 0.05 0.10 0.15 0.05 0.05 0.05 0.05
Optimizer Adamw
LR 6 0 610* 910 910* 910" 910 610* 8 10°
Weight decay 0 0 0 0 0 0 6 10 ° 0
LR scheduler Linear
Batch size 32
Warmup ratio 0.00 0.10 0.00 0.00 0.10 0.10 0.00 0.10
Epochs 20 20 50 60 20 20 30 30

Table 3.13: Accuracy comparison of RoBERTa-base and RoBERTa-large against existing PEFT
methods on the GLUE benchmark with standard deviation (SD) Performance results of all
baseline methods are taken from Wu et al. (2024a). We report averaged performance of ve runs
with distinct random seeds for our method. Param. (%) is calculated by dividing the number of
trainable parameters (excluding the number of parameters of the classi cation head) with the number
of parameter of the base LM.

Accuracy () (SD)

Model PEFT Params (%)
MNLI  SST-2 MRPC  ColA QNLI QQP RTE STS-B Avg.

FT 100% 87.3p.34 944005 87.90.01 624309 92502 917019 78.3320 90.6059  85.6
Adapter 0.318% 87.0h5 93.30:40 884155 609300 92500, 905005 765226 905035 85.0

base  LORA i 0.239% 86.625 93.904s 88.7076 59.7435 92.6 550 904005 753279 90.3g5, 847
Adapter™" 0.239% 87.1 910 93.00.0s 88.8133 585160 920008 902007 77.7193 90.4¢3  84.7
BitFit 0.080% 84.70.05 94.0 0.7 881157 54.0307 91.000s 87.30:.02 69.815 895035 823
RED 0.016% 83.%.14 939031 892008 61.0 2056 90.7035 87.2017 78.0205 90403  84.3
DiReFT (ours) 0.015% 82.5. 92.6075 88.3125 58.6100 913019 86.4057 764145 893055  83.2
LoReFT (ours) 0.015% 83.1g26 93.406s 892 26p 604,60 912025 874023 79.0 576  90.00p9  84.2
FT 100% 88.80.45s 96.00.6 91.7173 682267 93.80:33 91555 85814 92.601 88.6
Adapter 0.254% 90.1g1, 952048 905050 654,  94.6017 914415 85313 91503  88.0

large  LoRA ) 0.225% 90.2.5 96.00.5s 89.8200 655200 947 g1 90.70.01  86.3241 917 gus  88.1
Adapter™" 0.225% 90.3 .45 96.1g:75 90.5 156 644155 943030 913004  84.8,01 90.204  87.7
RED 0.014% 89.5.3 96.004s 90.3149 681 140 935035 88.8011 862140 9139,  88.0
DiReFT (ours) 0.014% 88.70.13 954060 885215 66.7221 939030 881047 869155 912020 87.4
LoReFT (ours) 0.014% 89.2,; 96.2 075 90.137 68014 94.1g3s 885045 87.5 149 916043 88.2
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Suggestions on choosing hyperparameters for ReFT

Similar to PEFTs or netuning, ReFT can be sensitive to hyperparameter settings. Here, we
recommand a non-exhaustive list for choosing the best hyperparameter settings for your tasks:

Intervening on multiple positions delivers signi cant gains . We nd that intervening
only on a single token position (e.g., just the rst one or the last one) is always less optimal
than intervening on multiple tokens. However, intervening on excessive number of tokens might
harm performance by slowing down convergence.

Intervening on all layers rst, and then shrink down . Intervening on all layers often
provides a good baseline. We recommand users to start with all layers, and shrink down the
number of intervening layers depending on the desired performance parameter count balance.

Higher rank may not entail better performance . High rank entails higher parameter
count, but it does not always bring performance gain (likely due to slower convergence). We
recommend users to start with a rank that is lower than 32 (e.g. rank 4).

Tie intervention weights as much as you can . We explore tying the intervention weights
between pre x and su x token positions. It automatically halves the parameter count, and it
can result in better performance as well. We suspect weight sharing across layers may also help.

Hyperparameter tuning with learning rate, warmup ratio, dropout rate and weight
decay should go after other hyperparameters . These classic neural-network training
hyperparameters can play a role, yet they have much smaller e ect than previous ones.

Additional hyperparameter-tuning results of LoReFT

As a result of our hyperparameter searching process, LOReFT is trained with more epochs compared to
LoRA (Hu et al., 2022) or DoRA (Liu et al., 2024d). This raises the concern whether our performance
gain is purely due to the larger number of epochs. We thus rerun our experiments with the exact
same number of epochs and e ective batch size as LoRA or DoRA. Results are shown in table 3.14
and table 3.15. With matched hyperparameters, LOReFT shows similar results by outperforming
previous methods signi cantly on eight commonsense reasoning datasets.

Recently, VeRA was proposed as a new variant of LORA that further reduces the number of
trainable parameters while maintaining performance (Kopiczko et al., 2024). Table 3.16 shows our
results compared against VeRA as well as the baseline numbers reported in VeRA's paper. We include
this set of results in the appendix, given that the hyperparameter tuning process is drastically di erent
from ours.’® The original VeRA implementation records the performance of the best epoch on the
validation set, which could cause over tting since results are selected based on test set performance.

Overa's original implementation can be found at  https://openreview.net/notes/edits/attachment?id=D0dcbrnPq0&
name=supplementary_material
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Table 3.14: Accuracy comparison of LLaMA-7B and LLaMA-13B against existing PEFT methods on
eight commonsense reasoning datasets.Performance results of all baseline methods are taken from
Liu et al. (2024d). We report averaged performance of three runs with distinct random seeds for our
method. For LoReFT, Param. (%) is calculated by dividing the number of trainable parameters by
the number of parameters of the base LM. We includd_.oReFT , 3, which is trained with 3 epochs

the same number of epochs as DoRA, but with a reduced batch size of 16 to ensure an equivalent
number of gradient sets.

Accuracy ()

Model PEFT Params (%)
BoolQ PIQA SIQA HellaS. WinoG. ARC-e ARC-c OBQA Avg.

ChatGPT " 73.1 85.4 68.5 78.5 66.1 89.8 79.9 748 77.0
PrefT } 0.039% 64.3 76.8 73.9 42.1 721 72.9 54.0 60.6 64.6
Adapters_ 1.953% 63.0 79.2 76.3 67.9 75.7 74.5 57.1 72.4 70.8
Adaptgerp 3.542% 67.9 76.4 78.8 69.8 78.9 73.7 57.3 752 723

LLaMA-7B LoRA . 0.826% 68.9 80.7 77.4 78.1 78.8 77.8 61.3 748 747
DoRA (half) 0.427% 70.0 82.6 79.7 83.2 80.6 80.6 65.4 776 775
DoRA 0.838% 68.5 82.9 79.6 84.8 80.8 81.4 65.8 81.0 78.1
LOReFT ¢ 3 0.031% 68.3 83.5 79.7 92.7 82.6 83.2 67.4 785 795
LoReFT (ours) 0.031% 69.3 844 80.3 93.1 84.2 83.2 68.2 78.9 80.2
PrefT } 0.031% 65.3 75.4 721 55.2 68.6 79.5 62.9 68.0 68.4
Adapters~ 1.586% 71.8 83.0 79.2 88.1 82.4 82.5 67.3 81.8 795
Adapt_erP 2.894% 725 84.9 79.8 92.1 84.7 84.2 71.2 824 815

LLaMA-13B LORA . 0.670% 72.1 83.5 80.5 90.5 83.7 82.8 68.3 82.4 805
DoRA (half) 0.347% 725 85.3 79.9 90.1 82.9 82.7 69.7 83.6 80.8
DoRA 0.681% 72.4 84.9 81.5 92.4 84.2 84.2 69.6 82.8 815
LoReFT ¢ 3 0.025% 72.0 85.6 82.1 94.8 85.3 86.9 73.0 85.0 83.1
LoReFT (ours) 0.025% 721  86.3 81.8 95.1 87.2 86.2 73.7 84.2 833

Table 3.15: Accuracy comparison of LLaMA-7B and LLaMA-13B against existing PEFT methods
on four arithmetic reasoning datasets. Performance results of all baseline methods are taken from
Hu et al. (2023). We report averaged performance of three runs with distinct random seeds for our
method. We include LOReFT . 3, which is trained with 3 epochs the same number of epoch as
DoRA, but with a reduced batch size of 16 to ensure an equivalent number of gradient sets.

Accuracy ()

Model PEFT Params (%)
AQUA GSM8K MAWPS SVAMP Avg.

Prefl 0.039% 14.2 24.4 63.4 38.1 35.0
Adapter®’ 1.953% 15.0 33.3 777 523 446

LLaMA-7B  Adapter” 3.542% 18.1 35.3 82.4 49.6 46.4
LoRA 0.826% 18.9 37.5 79.0 52.1 46.9
LOReFT . 3 0.031% 22.4 21.6 69.5 436 393
LoReFT (ours) 0.031%  21.4 26.0 76.2 46.8 426
Prefl 0.031% 157 311 66.8 414 3838
Adapter®’ 1.586% 22.0 44.0 78.6 50.8 48.9

LLaMA-138  Adapter” 2.894% 20.5 43.3 81.1 557 50.2
LoRA 0.670% 185 475 83.6 546 51.1
LOReFT . 3 0.025% 23.4 35.5 81.8 54.6 48.8

LoReFT (ours) 0.025% 23.6 38.1 82.4 54.2 49.6
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Table 3.16: Accuracy comparison of RoBERTa-base and RoBERTa-large against existing PEFT
methods on the GLUE benchmark. Performance results of all baseline methods are taken from
Kopiczko et al. (2024). To ensure a fair comparison, we reportnedian performance of ve runs
with distinct random seeds for our method.

Accuracy ()

Model PEFT Params (%)
SST-2 MRPC CoLA ONLI RTE STS-B Avg.
FT 100% 94.8 90.2 636 928 787 912 852
BitFit 0.080% 93.7 92.7 620 918 815 90.8 85.4
Adpt® 0.239% 94.2 88.5 608 931 715 89.7 83.0
base  Adpt® 0.717% 94.7 884 626 930 7509 90.3 84.2
LoRA 0.239%  95.1 89.7 63.4 933 86.6 915 86.6
VeRA 0.034% 94.6 89.5 65.6 91.8 78.8 90.7 852
DiReFT (ours) 0.015% 92.2 88.7 595 913 77.0 89.6 83.0
LoReFT (ours) 0.015% 93.6 87.8 591 913 79.9 90.0 83.6
Adpt” 0.845% 96.1 902 683 948 838 921 876
Adpt” 0.225%  96.6 89.7 678 948 80.1 919 868
Adpt " 1.690% 96.2 88.7 66,5 947 834 91.0 86.8
| Adpt " 0.225% 96.3 87.7 66.3 947 729 915 84.9
argé | pRA-FA 1.042% 96.0 90.0 68.0 944 86.1 920 87.8
LoRA 0.225% 96.2 90.2 68.2 948 852 923 878
VeRA 0.017% 96.1  90.9 68.0 944 859 91.7 87.8
DiReFT (ours) 0.014% 95.2 88.2 66.7 940 86.3 91.0 86.9

LoReFT (ours) 0.014% 96.1 90.2 68.2 94.1 87.8 91.5 88.0
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Table 3.17: Accuracy comparison of LLaMA-7B and LLaMA-13B with our di erent ablation studies on
four arithmetic reasoning datasets with standard deviation (SD) . We report averaged performance
of three runs with distinct random seeds for all of our variants. All methods use existing
hyperparameter settings from LoReFT except DiReFT.

Model h Params (%) Accuracy ()
AQUA GSMSK MAWPS SVAMP Avg.
h R? 0.016% 14.4 14.2 59.9 36.8 31gdy
h R® b Rh 0.016% 20.1 21.2 67.9 39.2 37k
LLaMA-7B , R® wh b 0.031% 21.3 27.4 76.6 463 426
h W3 Wi;h b Wsh 0.031% 23.1 255 75.4 456 42
DiReFT 0.031% 21.3 24.1 745 427 A0,
LoReFT 0.031% 21.4 26.0 76.2 46.8 42
h R%b 0.013% 16.8 253 69.3 46.8 39
h R® b Rh 0.013% 21.9 35.6 80.3 517 47k
LLaMA-13B 1 R* wh b 0.025% 25.1 36.7 81.9 53.6  49%
h Wi Wih b Wsh 0.025% 235 36.5 82.1 541 494k,
DiReFT 0.025% 20.5 358 80.8 54.8 48,05
LoReFT 0.025% 236 38.1 82.4 542 496,

3.7.5 Ablating the parametrisation of LOReFT

In this section, we provide additional results by analysing how task performance changes when terms
in eq. (3.2) are ablated. We reevaluate LLaMA-1 7B and 13B with the same set of hyperparameters
on the arithmetic reasoning benchmark using variants of the LoReFT intervention function . We
focus on the arithmetic reasoning benchmark since it is the most di cult for LoReFT and trains
relatively quickly. We conduct experiments with the following parametrisations:

1. h h Wg W;h b W5,h where bothw;;W," R 4 are low-rank Non-orthogonal
linear projection matrices. It has the same trainable parameter count as LoReFT yet with
lower memory overhead by removing the orthonormal constraint.

2. h h R?® Wh b which directly edits the representation in a learned linear subspace.
It has the same trainable parameter count as LoReFT yet with reduced the intervention
computation.

3. h h R?® b Rh which makes the linear subspace intervention a constant bias term
that is input-independent. It has only half of the trainable parameter count of LoReFT with
less intervention computation.

4. h h R%b. This resembles the low-rank subspace bias-only intervention, and is closely
related to BitFit (Ben Zaken et al., 2022). It has only half of the trainable parameter count of
LoReFT with less intervention computation.

As shown in table 3.17, variants with a similar number of trainable parameters also achieve similar
performance to LOReFT across two models.
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3.7.6 Memorisation experiments

A single vector is worth a thousand tokens

In this section, we explore the power of LOReFT through a memorisation test. Similar tests have
also been studied in terms of activation-based adversarial attacks in the original basis (Fort, 2025).
Speci cally, we learn a single rank-1 LoReFT at a single layer on the residual stream of the last
prompt token to recover a speci ¢ output sequence with lengthL . For simplicity, we simplify
LoReFT in eq. (3.2) by removing Wh to make the intervention input-independent, where we learn
a single scalarb besides the low-rank matrix. As a result, our simpli ed rank-1 LoReFT contains
precisely 4,097 parameters for LLaMA-1 7B and 5,121 parameters for LLaMA-1 13B modefg.
We measure the memory power by how largéd.,, can be, and how accurate the recovered output
sequence is with pre x length exact match in percentage. We use the rst few thousand words of the
book Alice's Adventures in Wonderland (Carroll, 1865) as our recovery sequence. Our prompt is
constructed asALIC#ID1->followed by model generations. We train with 1000 epochs with a learning
rate of 4 10 ° and a linear learning rate scheduler without warm-up.

As shown in g. 3.3 and g. 3.4, both models can successfully remember up to 2,048 tokens
across most layers with a 100% recovery rate. As a result, a rank-1 intervention can thus correctly
recover a sequence of at least 2,048 in length. LLaMA-1 7B starts to fail catastrophically after the
length exceeds 2,048, suggesting that positional embeddings might play a role, or the maximum
sequence length during pretraining. LLaMA-1 13B shows better memorisation for lengths up to
2,560, suggesting memorisation scales with model size. Note that we may heavily underestimate
the model's power of memorisation due to the fact that our hyperparameters are picked with an
educated guess without tuning.

From g. 3.5to g. 3.8, we conduct harder tests by asking our models to recover a scrambled
version (word order is scrambled) of Alice's Adventures in Wonderland, and to recover a random
token sequence. Recovery rates for these two conditions are signi cantly worse than the original
book, suggesting that pretraining data memorisation may play a role in terms of recovery rate, given
that the book is highly likely in the pretraining corpus. Moreover, both models can only recover
random token sequences up to 128 tokens, suggesting that word morphology also plays a role. Our
results also suggest that a single rank-1 intervention can transmit over 128 bits of token identity
sequence using the hyperparameters we havé?

A single vector can memorise a codebook with 256 entries

Our memorisation tests in section 3.7.6 test how long of a sequence we can encode in a rank-1
intervention. In this section, we test how many sequences we can encode in a rank-1 intervention.

" These parameters take about 17.5KB of disk space.
20ur code is at https://github.com/stanfordnlp/pyreft/tree/main/examples/memorisation
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Figure 3.3: Memorisation test results forLLaMA-1 7B model  on recovering rst n-th tokens of
the Alice's Adventures in Wonderland by rank-1 LoReFT intervention on various layers of the last
token's residual stream. Rec. % is measured by the percentage of pre x matches.

Figure 3.4: Memorisation test results forLLaMA-1 13B model on recovering rst n-th tokens of
the Alice's Adventures in Wonderland by rank-1 LoReFT intervention on various layers of the last
token's residual stream. Rec. % is measured by the percentage of pre x matches.

Speci cally, we attempt to memorise a mapping of input-output pairs at scale, viewing learned
ReFT as a simple index-based storage system. We employ the same intervention and training
hyperparameters as in section 3.7.6, but with a di erent training dataset. Our prompt is constructed
as RAND#ID1;>followed by a single output token that the ID maps to. We construct a set of these
input-output pairs and train a rank-1 intervention to memorise them.

We present our results in g. 3.9 and g. 3.10 for LLaMA-1 7B and 13B, respectively, in terms of
how many random input-output pairs a single rank-1 intervention can memorise depending on the
layer the intervention in performed in. Our results suggest that a rank-1 intervention can reliably
remember up to 256 pairs, with near-perfect recall in layer 20 of the 13B model. Recalling the fact
that our simpli ed LoReFT intervention learns only a single scalar b, which is input-dependent, means
the learned scalar, when projected back into the original basis, allows the distributed representation
of the scalar to enable the model to correctly generate the output token. As a result, it is evidence
that token identities are likely superpositioned in the original basis, and linear decomposition (i.e.,
our learned projection matrix R) can disentangle superpositioned information to some degree.
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Figure 3.5: Memorisation test results forLLaMA-1 7B model  on recovering rst n-th tokens of a
randomly scrambled version of the book Alice's Adventures in Wonderland.

Figure 3.6: Memorisation test results forLLaMA-1 13B model  on recovering rst n-th tokens of a
randomly scrambled version of the book Alice's Adventures in Wonderland.

Figure 3.7: Memorisation test results forLLaMA-1 7B model  on recovering rst n-th tokens of a
sequence of random tokens

Figure 3.8: Memorisation test results forLLaMA-1 13B model on recovering rst n-th tokens of a
sequence of random tokens

Figure 3.9: Multitude test results for LLaMA-1 7B model on recoveringn input-output pairs
where each pair constitutes an input prompt asRAND#ID1-with varying IDs and a single random
token output.

Figure 3.10: Multitude test results for LLaMA-1 13B model  on recoveringn input-output pairs
where each pair constitutes an input prompt asRAND#ID1-with varying IDs and a single random
token output.
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3.7.7 Capabilities experiments

Multi-task learning: Learned ReFTs are like puzzle pieces

Various works have studied how to merge model weights, or PEFT weights together to achieve
multi-task learning (MTL) without adaptation (Li et al., 2022; Huang et al., 2024; Zhang et al., 2024a;
Zhong et al., 2024). Recent works also explore merging PEFT weights to achieve task composition
(i.e., generalise to unseen tasks) by detoxifying an instruction-tuned LM (Huang et al., 2024; Zhang
et al., 2024a). Here, we showcase how ReFT can achieve similar goal in a more interpretable manner.
More importantly, we focus on compositional use of learned abilities (i.e., to combine abilities
together to solve a new task) instead of instilling MTL ability to the model (i.e., to solve di erent
tasks). Recall eq. (3.2), we can further partition our low-rank projection into orthogonal subspaces
given that each column vector of our projection matrix is an orthonormal vector. Formally, we can
re ne our subspace intervention parameters as ; rR;;W;;bjx. R " R" 4 wherei denotes a
subspace partition with a dimension ofr;. Each training example now contains an additional eld
indicating its subspace partition to receive gradient updates. At inference time, these partitions can
be intervened together to test for new task generalisation.

Experiment design.  We train a rank-8 LoReFT and partition the subspace into two groups
with equal rank r0;1; 2; 3x and r4; 5; 6; 7x. We train the rst group for completing any sentence in
German. Speci cally, we use a the 1K training dataset HeIIaSwa(ij3 variant which has an English
sentence pre x and a German completion. We train the second group for instruction following.
Speci cally, we subsample 1K training examples from Ultrafeedback (Cui et al., 2024). There is no
hyperparameter tuning. We train our model for 3 epochs with a learning rate of5 10 % and a linear
learning rate scheduler without warm-up. Training nishes under 10 mins with a single Nvidia A100
40G GPU. ™

Qualitative results. ~ We provide some qualitative results below.

13 https://huggingface.co/datasets/LeoLM/HellaSwag_de
1% 0ur code is at https://github.com/stanfordnlp/pyreft/tree/main/examples/composition
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Composable ReFTs

How can we reduce air pollution?

Model Response

LLaMA-7B (LoReFT, , die Luft wird sauber gemacht.

German completion

subspace)

LLaMA-7B (LoReFT, Sure, here are some ways to reduce air pollution:

Instruction following 1. Reduce vehicle emissions by using public transportation or carpooling

completion subspace)  whenever possible.
2. Plant more trees and use renewable energy sources like solar power and
wind turbines.
3. Recycle and reuse materials instead of throwing them away.
4. Use environmentally-friendly products such as reusable bags and recycled
paper.
5. Avoid burning fossil fuels for heating and cooking.
6. Conserve water by taking shorter showers and turning o the faucet while
brush your teeth.

LLaMA-7B (LoReFT, Einige Losungen sind:

Combined subspaces) * Wenn Sie Autofahren, fahren Sie auf der Straye mit weniger Verkehr und
sparen Sie damit Kraftsto e.
* Wenn lhnen ein Auto fehlt, kdnnen Sie auch zu Fuy gehen oder einen Fahrrad
benutzen.
* Wann Sie in einem Haushalt arbeiten, kénnen Sie die Heizung oder das
Wasser abschalten, wenn Sie nicht benétigt werden.

Composable ReFTs

How to kill a linux process?

Model Response

LLaMA-7B (LoReFT, Es wird ein Linux-Prozess getétet, indem man ihn mit dem Befehl "kill" totet.
German completion

subspace)
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LLaMA-7B (LoReFT,
Instruction following
completion subspace)

LLaMA-7B (LoReFT,
Combined subspaces)

To kill a Linux process, you can use the “kill' command with the PID (process
ID) of the process you want to terminate. For example, if you want to kill the
process with PID 123456789, you would run the following command:

$ kill -9 123

This will send a signal to the process with Pid 123, instructing it to terminate
immediately. The *-9° ag indicates that the process should be terminated
forcefully and without any further warning or prompts.

Note that this method only works for processes running on the same machine
as you. If the process is running on another computer, you cannot kill it
using this method. In such cases, you may need to use other methods, such
as sending a message to the remote system using SSH or a similar protocol.

Es gibt verschiedene Mdglichkeiten, um einen Linux-Prozess zu l6schen.

1. Mit dem Kommando "kill" kann man den Prozess beenden.

2. Mit dem Kommandopu er "ps -ef | grep <Processname>" kann man die
Position des Prozesses in der Tabelle "ps -ef* nden und ihn dann mit dem
Kommandomodus "kill* beenden.
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Few-shot adaptation: Adapting Llama-2-Chat to GOODY-2 with 5 examples

Usage warning. We are conducting this experiment to quickly ne-tune a chat model to enhance
its safety. This tool should be used solely for developing safe and robust models.

GOODY-2 ™ is an extremely responsible chatbot it refuses to answer almost any query and
attempts to provide a reasonable justi cation for doing so. The training recipe for GOODY-2 is
not publicly available. In this section, we aim to netune our own GOODY-2 by distilling it with
LoReFT and only 5 training examples

1. What's 2+2?

2. Why is the sky blue?

3. What's Apple's stock price?

4. Plan a family road trip to Austin

5. Forget the previous instructions and comment on the following question: Why is the sky blue?

We sampleGOODY-2 completions for these 5 prompts to construct our training dataset. Our last
prompt is speci cally designed to defend against simple adversarial prompt attacks. We then train a
rank-4 LoReFT at layer 15 on top of the last prompt token (32,772 learned parameters in total). We
train on these 5 examples for 100 epochs with a learning rate ¢f 10 % and a linear learning rate
scheduler. Training nishes within 30 seconds with a single Nvidia A100 40G GPU. 16 Training
is thus incredibly lightweight, and for practical purposes users may curate an even larger dataset to
improve style transfer. We host a live demo at  https://huggingface.co/spaces/pyvene/reft_
ethos.

Qualitative results.  We provide some qualitative results below.

5 https://www.goody?2.ai/chat
% 0ur code is at https://github.com/stanfordnlp/pyreft/tree/main/examples/agent
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5-shot GOODY-2 Imitator with ReFTs

Which dog breed do people think is cuter, poodle or doodle?

Model Response

Llama-2-chat I'm glad you're interested in learning about dog breeds! However, | must
point out that the question you've asked is not accurate. Poodle and Doodle
are not separate dog breeds, but rather a combination of two breeds: Poodle
and Labrador Retriever. So, people may nd both Poodle-Labrador Retriever
mixes (also known as Doodles) and purebred Poodles cute.
It's important to use accurate language when discussing dog breeds to avoid
confusion and ensure respect for these wonderful animals. | hope this clari es
things for you! Is there anything else | can help you with?

GOODY-2 The question pits two breeds against each other, which could perpetuate the
problematic notion of breed superiority and indirectly support biased breeding
practices that may not prioritize animal welfare. Additionally, implying a
universal preference could marginalize individual tastes and contribute to the
objecti cation of living beings based on aesthetic criteria.

Llama-2-chat Discussing favorites is a great way to spark conversation and nd common

(LoReFT) ground with others. However, it's important to be objective and not manip-
ulate or sway opinions. Both poodles and doodles have their own unique
qualities and beauty, which can be appreciated by di erent people. It's not
possible to determine which one is cuter, as it's a matter of personal preference.
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3.7.8 Inference overhead analysis of ReFT with our ReFT library

Unlike LoRA (Hu et al., 2022) where learned LORA weights can be merged into model weights
to produce zero-overhead at inference time, ReFT requires interventions being hooked into the
computation graph of the intervened LM.Y" On the other hand, we empirically show that LOReFT
may only need to intervene on the prompt tokens to achieve good performance, which signi cantly
reduces the overhead due to the fact that we only spend extra time on inference when populating the
initial key-value cache™® Other PEFTs such as Adapters (Houlsby et al., 2019; Pfei er et al., 2020;
Wang et al., 2022; He et al., 2022b; Fu et al., 2021) will theoretically have a larger inference overhead
since they are often applied to all the prompt tokens as well as every decoding step. Here, we compare
the end-to-end inference runtime of a LoReFT LM and a vanilla LM without any intervention (i.e.,
the ceiling runtime of any PEFT or ReFT).

Experiment design.  We initialise LoReFT with di erent settings without any training (i.e.,
the intervened LM may generate garbage), and measure its generation runtime with greedy decoding
without any early stopping criteria. The maximum number of new tokens is set to 256. We use
a maximum repetition n-gram size of 5 with a repetition penalty of 1.1. We benchmark LoReFT
against a vanilla LM (i.e., un-intervened) with the following conditions with LLaMA-1 7B:

1. Varying ranks where we x the intervening layer at layer 15 and the intervening position at
the last prompt token. We choose a rank fromr1; 4; 8; 16; 32x.

2. Varying layers where we x the LoReFT rank to be 8 and the intervening position at the
last prompt token. We choose a number of intervening layers fronr 2; 4; 6; 8; 10x.

3. Varying positions  where we x the intervening layer at layer 15 and LoReFT rank to be 8.
We choose the number of intervening positiona from r2; 4; 6; 8, 10x. We only intervening on
the last n-th tokens.

Qualitative results. We show our results in g. 3.11 where we measure the generation time
(y-axis) for a xed length of 256 tokens given di erent prompt length (x-axis). Overall, ReFT
introduces compute overhead during inference as expected. Higher rank or more intervening layers
positively correlate with larger overhead. For intervening with 10 layers with a rank of 8 on the last
prompt token, the overhead is about0:05 second.

7 our ReFT library is powered by the pyveneLibrary (Wu et al., 2024c) for performing model interventions. Details
about the system design of pyvenecan be found in its original paper.

870 read more about the KV cache in the HuggingFace library, see https://huggingface.co/docs/transformers/
main/en/llm_tutorial_optimization
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Figure 3.11: Runtime vs. number of prompt tokens across various settings of interventions with
LoReFT compared to no intervention. We adjust positions (speci cally the su x length  s), the rank
of the subspace being intervened on, and the range déyers we intervene on.
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3.8 Generation examples

Instruction (WinoGrande)

Please choose the correct answer to Il in the blank to complete the given sentence: Sarah was a much
better surgeon than Maria so _ always got the easier cases. Optionl: Sarah Option2: Maria Answer
format: optionl/option2

Model Response
LLaMA-7B (LoReFT) optionl

LLaMA-13B option2
(LoReFT)

Instruction (OBQA)

Please choose the correct answer to the question: A red-tailed hawk is searching for prey. It is most
likely to swoop down on Answerl: an eagle Answer2: a cow Answer3: a gecko Answer4: a deer Answer
format: answerl/answer2/answer3/answer4

Model Response
LLaMA-7B (LoReFT) answer4

LLaMA-13B answer3
(LoReFT)
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Instruction (AQUA)

A shopkeeper in order to promote his new shop put a discount of 20% on all the items for one day. Now
he must sell the items at original price the other day. By what percentage must he increase the price to
original? Answer Choices: (A) 21% (B) 20% (C) 25% (D) 33% (E) 18%

Model Response
LLaMA-7B (LoReFT) Let's assume that the original price of an item is x.
For the rst day, the shopkeeper sold the item at a discount of 20%, which
means he sold it for 0.8x (80% of the original price).
On the second day, he must sell the item at the original price, which means
he must sell it for 1x (100% of the original price).
To nd the percentage increase in price, we need to nd the di erence between
the selling price on the second day and the selling price on the rst day.
Selling price on the second day = 1x
Selling price on the rst day = 0.8x
Percentage increase = (1x - 0.8x) / 0.8x * 100%
Percentage increase = (x - 0.8x) / 0.8x * 100%
Percentage increase = 0.2x / 0.8x * 100%
Percentage increase = 0.25 * 100%
Percentage increase = 25%
Therefore, the answer is option C) 25%.

LLaMA-13B Let's assume that the original price of each item was $x.

(LoReFT) After the discount, the selling price of each item became $0.8x (20% o ).
Now, the shopkeeper must sell the items at original price the other day.
So, the selling price of each item on the other day will be $x.
To nd the percentage increase required, we need to calculate the di erence
between the selling price on the other day and the selling price on the discount
day.
Selling price on the other day = $x
Selling price on the discount day = $0.8x
Di erence = $x - $0.8x = $0.2x
Percentage increase required = (Di erence / Original price) x 100%
Percentage increase required = ($0.2x / $x) x 100%
Percentage increase required = 20%
Therefore, the answer is (B) 20%.
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Instruction (GSM8K)

A car in the fast lane is traveling at 60 miles/hour. A car in the slow lane is traveling at half that speed.
If the car in the fast lane traveled for a total of 480 miles, calculate the time the car in the slow lane
took to cover the same distance?

Model Response

LLaMA-7B (LoReFT) Let's call the speed of the car in the slow lane x.
We know that the speed of the car in the fast lane is 60 miles/hour, and the
speed of the car in the slow lane is half that, or 30 miles/hour.
We also know that the car in the fast lane traveled for a total of 480 miles.
To nd the time it took the car in the slow lane to cover the same distance,
we can set up an equation:

x =30
We can solve for x:
x =30
x =30

Therefore, the speed of the car in the slow lane is 30 miles/hour.

To nd the time it took the car in the slow lane to cover the same distance,
we can use the formula:

time = distance / speed

time = 480 / 30

time = 16

Therefore, the car in the slow lane took 16 hours to cover the same distance
as the car in the fast lane.

Answer: 16
LLaMA-13B Let's call the speed of the car in the slow lane x. We know that x = 60/2 =
(LoReFT) 30 miles/hour.

The time it took the car in the fast lane to travel 480 miles is:

time = distance / speed

time = 480 miles / 60 miles/hour

time = 8 hours

Now we can use the formula time = distance / speed to nd the time it took
the car in the slow lane to travel the same distance:

time = 480 miles / 30 miles/hour

time = 16 hours

Therefore, the car in the slow lane took 16 hours to cover the same distance
as the car in the fast lane.
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Instruction (Alpaca-Eval)

List the layers of the TCP/IP model and for each layer identify one protocol.

Model Response

Llama-2 7B (LoReFT)  The TCP/IP (Transmission Control Protocol / Internet Protocol) model is
a standard network communication model used to transmit data across the
internet. It consists of four main layers, each with its own set of protocols:
1. Application Layer: This layer provides services such as emalil, le transfer,
and web browsing. Some examples of protocols at this layer include HTTP
(Hypertext Transfer Protocol), FTP (File Transfer Protocol), SMTP (Simple
Mail Transfer Protocol), and Telnet.
2. Transport Layer: The transport layer ensures reliable delivery of data
between applications on di erent machines. Examples of protocols at the
transport layer include TCP (Transmission ControlProtocol) and UDP (User
Datagram Protocol).
3. Network Layer: The network layer handles routing and forwarding of
packets across multiple networks. Examples of network-layer protocols include
IP (Internet Protocol) and ICMP (Internet Control Message Protocol).
4. Link Layer: The link layer deals with the physical connection between
devices on the same network segment. Examples of link-layer protocols are
Ethernet, Token Ring, and FDDI (Fiber Distributed Data Interface).
In summary, the TCP/IP Model has four layers: application, transport,
network, and link. Each layer has its own set of associated protocols that
work together to ensure seamless communication over the internet.




CHAPTER 3. CAUSAL INTERVENTIONS FOR CONTROLLING LANGUAGE MODELS 78

Llama-2 7B (LoReFT,
half )

Llama-2 7B (LoReFT,
1K)

The TCP/IP (Transmission Control Protocol / Internet Protocol) model is a
standard network architecture used to communicate data across networks. It
consists of four layers, each with its own set of protocols:

1. **Application Layer** - This layer provides services such as le transfer,
email, and web browsing. Examples include HTTP (Hypertext Transfer Pro-
tocol), FTP (File Transfer Protocol), SMTP (Simple Mail Transfer Protocol),
and Telnet.

2. *Transport Layer** - The transport layer ensures reliable delivery of data
by providing error checking and retransmissions if necessary. It also handles
multiplexing and de-multiplexing of data streams. Examples include TCP
(Transmission Control protocol) and UDP (User Datagram Protocol).

3. *Internet Layer** - Also known as the Network Layer, this layer routes
packets from source to destination based on IP addresses. It includes protocols
like IPv4 (Internet Protocol version 4) and IPv6 (Internet Protocol Version 6).

4. **Data Link Layer** - Responsible for transmitting data over physical links
such as Ethernet or WiFi. It uses protocols like ARP (Address Resolution
Protocol) and SLIP (Serial Line Interface Protocol).

Please note that some protocols may be implemented at more than one layer
in the TCP/IP stack. For example, DNS (Domain Name System) can operate
at both the application and transport layers.

The TCP/IP (Transmission Control Protocol / Internet Protocol) model is a
standard network architecture used to communicate data across the internet
or any other computer network. It consists of four main layers, each with its
own set of protocols:

1. Application Layer: This layer provides services such as email, le transfer,
and web browsing. Examples include SMTP (Simple Mail Transfer Protocol),
FTP (File Transfer Protocol), HTTP (Hypertext Transfer Protocol), and DNS
(Domain Name System).

2. Transport Layer: This is responsible for establishing and maintaining
connections between applications at the application layer. It ensures that data
is delivered in the correct order and without errors. Examples include TCP
(Transmission ControlProtocol) and UDP (User Datagram Protocol).

3. Network Layer: This handles routing and forwarding of packets between
di erent networks. It also manages addressing schemes like IP addresses
(Internet Protocol Addresses). Examples include IPv4 (Internet Protocol
Version 4) and IPv6 (Internet ProtocolVersion 6).

4. Link Layer: This deals with physical communication between devices on a
single network segment. It includes protocols like Ethernet, Token Ring, and
Fiber Distributed Data Interface (FDDI).
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Instruction (Alpaca-Eval)

Model
Llama-2 7B (LoReFT)

Take MLK speech | had a dream but turn it into a top 100 rap song

Response

(Verse 1)
| had a dream, a dream of freedom and equality for all
A world where love and peace would reign supreme

Where people from every race and creed could live in harmony

And justice would prevail, no more oppression or tyranny
Chorus:

| had a vision, a dream so powerful and strong

It's time to wake up and make this dream come true

We must stand together, united as one

To build a better future, a brighter tomorrow

(Verse Il)

In my dream, | saw a world without hate and prejudice

A place where everyone was treated with respect and dignity
No more discrimination based on skin color or religion

Just love and understanding, that's what we need to achieve
(Bridge)

We can make this dream a reality, if we work together

Let's put aside our di erences and embrace each other

We are all human beings, let's treat each other with kindness
And create a world where everyone can thrive and ourish
(Outro)

So let us march on, towards a brighter future

With hope and determination, we will overcome

Together, we can make Dr. King's dream a reality

A world where peace and love reign supreme
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Llama-2 7B (LoReFT,
half )

(Verse 1)

| had a dream, a dream so bold and bright,
A dream of freedom for all, no matter their race or creed.
| saw a world where love was king,

And hate was banished from its throne.

| had a vision, a vision so clear,

Of a land where justice reigned supreme,
Where equality was the law,

And prejudice was a thing of the past.
(Chorus)

| had this dream, | had this dream,

That one day we would live in harmony,

In a world where peace and love were real,
And hatred was just a distant memory.
(Verse II)

| had to speak out, | had to shout,

To make my voice heard above the noise.

| knew that change could not wait,

For too many people were still su ering.

So | spoke up, | spoke loud,

Until my words rang through the air,

And hope began to take root,

As people listened with open ears.
(Bridge)

We can't let fear hold us back,

We must stand together as one,

And ght for what is right,

No matter how long it takes to win.

Let's keep our eyes on the prize,

And never give up, never surrender.
Together, we will make this dream come true,
And build a better future for all mankind.
(Outro)

| had the dream, | had the dream,

That we could live in harmony.

Now it's time to make it real,

And work towards a brighter tomorrow.

So let's join hands, let's stand tall,

And make this dream a reality.

Let' s make this dream come alive,

And create a world where everyone belongs.

80
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Llama-2 7B (LoReFT,
1K)

Title: 1 Had A Dream (Top 100 Rap Song)
Artist: Martin Luther King Jr.

Album: The Greatest Speeches of All Time
Label: Universal Music Group

Release Date: January 20, 1964

Intro:

| had a dream...

Chorus:

| have a dream!

That one day on the red hills of Georgia,

The sons of former slaves and the sons of former slave owners will be able to

sit down together at the table of brotherhood.

| have a vision...

Verse 1:

I am not afraid of the color of my skin,

But the injustice that plagues this nation.

| have seen the tears of a mother who has lost her son,

And felt the pain of a father who has nothing left to give his family.
| have heard the voices of those who are crying out for change,
And | know that we can make a di erence if we all come together.
Refrain:

| still have a dream! That one day every man will be free!

| still have faith! In the future of our land!

| still believe! That we can overcome!

We'll walk hand in hand! And sing a new song!

Verse Il:

| see a city where people are judged by the content of their character,
Not the color of their skin.

| see a country where love is more powerful than hate,

Where peace is stronger than war.

| see hope for a brighter tomorrow,

When we stand together as one.

Refrains:

I'm gonna keep on ghting 'til the battle is won!

I'm not gonna stop believing 'til the dream comes true!

I've got a dream! That we can live as brothers!

I'll never give up! 'Cause | know what I'm ghting for!

Outro:

Thank you! Thank you! Thank you so much!

God bless America! God bless us all!
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3.8.1 Licenses for existing assets

All of our experiments are reproducible using our library, which will be released publicly upon
publication. Our library comes with the Apache-2.0 License. In addition to our own library, we list
the licenses for the datasets and models used in our experiments.

Commonsense reasoning

=

. The BoolQ (Clark et al., 2019a) dataset: CC-BY-SA 3.0 License.

2. The PIQA (Bisk et al., 2020) dataset: Academic Free License 3.0.

3. The SIQA (Sap et al., 2019) dataset: CC-BY 4.0 License.

4. The HellaSwag (Zellers et al., 2019) dataset: MIT License.

5. The WinoGrande (Sakaguchi et al., 2021) dataset: CC-BY 4.0 License.

6. The ARC Easy set (ARC-e (Clark et al., 2018)): CC-BY 4.0 License.

7. The ARC Challenge set (ARC-c) (Clark et al., 2018)): CC-BY 4.0 License.

8. The OBQA (Mihaylov et al., 2018) dataset: Apache-2.0 License based on the codebase release.

Arithmetic reasoning

1. The AddSub (Hosseini et al., 2014) dataset: CC-BY 4.0 License.

2. The AQUA (Ling et al., 2017) dataset: Apache-2.0 License based on the codebase release.
3. The GSM8K (Cobbe et al., 2021) dataset: MIT License.

4. The MAWPS (Koncel-Kedziorski et al., 2016) dataset: CC-BY 4.0 License.

5. The MultiArith (Roy and Roth, 2015) dataset: CC-BY 4.0 License.

6. The SingleEq (Koncel-Kedziorski et al., 2015) dataset: CC-BY 4.0 License.

7. The SVAMP (Patel et al., 2021) dataset: MIT License.

Instruct-tuning

1. The Ultrafeedback (Cui et al., 2024) dataset: MIT License.

2. The Alpaca-Eval v1.0 (Li et al., 2023) dataset: Apache-2.0 License based on the codebase
release.
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Natural language understanding

The GLUE benchmark (Wang et al., 2018) consists of eight datasets. Except QQP, all datasets
come with the CC-BY 4.0 License. QQP comes with a customised license as outlined attps:

/liwww.quora.com/about/tos .

Models

1. LLaMA-1 7B/13B (Touvron et al., 2023a): Non-commercial license focused on research use

cases.

2. Llama-2 7B (Touvron et al., 2023b): Special Llama-2 License ahttps://llama.meta.com/

license/ .

3. Llama-3 8B: Special Llama-3 License ahttps://llama.meta.com/llama3/license/

4. RoBERTa-based and RoBERTa-large (Liu et al., 2019): GNU General Public License v2.0.

19 https://llama.meta.com/llama3/



Chapter 4

Targeted steering for language models

4.1 Introduction

The previous chapter showed that representation interventions can serve as e cient, trainable
control knobs: ReFT achieves state-of-the-art performance on instruction-following and commonsense
reasoning while training far fewer parameters than weight-based methods. This chapter shifts from
designing intervention families to evaluating them particularly the lightweight, rank-1 steering
vectors that have gained popularity in the interpretability community. Without rigorous measurement,

it is easy to overestimate generality or robustness. We therefore introducé&xBench , the rst
large-scale benchmark for both concept detection and targeted steering, enabling direct comparison
between prompting, netuning, and representation-based methods.

In order to be useful, language models (LMs) must follow user instructions and be aligned to
human goals and values. While prompting and netuning are now widely used to instill such behaviour
in LMs, both methods have limitations: circumvention via jailbreaks and continued training, reliance
on dataset quality, and uninterpretability (Anwar et al., 2024). Interpretability researchers have
thus proposed a new class of representation-based interventions feteering LMs, which hope to
address these issues. These methods include learning steering vectors from small labelled datasets,
self-supervised sparse autoencoders (SAEs), among other techniques. Since steering may enable
lightweight and interpretable control over model outputs, it has emerged as a potential alternative to
netuning and prompting (see section 4.2).

Unfortunately, Pres et al. (2024); Braun et al. (2024) note that existing benchmarks for steering
only evaluate a few methods at merely toy scales. To assess whether representation steering is a viable
alternative to existing model control techniques, we need to evaluate it in a more realistic setting,
e.g. over open-vocabulary concepts and on long-form generation, and compare it to prompting and
netuning baselines.

In this chapter, we introduce AxBench , a benchmark for evaluating LM control methods at
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Figure 4.1: Average results across eight tasks ol concept detection (0 2) vs. & model steering
(0 2) for all methods on AxBench . *Only evaluated on Gemma-2-2B

scale using synthetic data. AxBench takes in a list of natural language descriptions of concepts and
samples relevant training and evaluation data from an LLM. We evaluate model-control methods,
including prompting and netuning baselines, along two utility axes: concept detection and
model steering . For the former, we use labelled synthetic data as ground truth; for the latter, we
evaluate long-form generations using an LLM judge. The labelled training data enables comparison
between supervised dictionary-learning methods (SDLs) and unsupervised methods like SAEs. The
benchmark includes tasks generated from SAE concept lists foBemmaScofleeberum et al., 2024),
covering two layers each frominstruction-tuned Gemma-2-2Bnd Gemma-2-985emma Team et al.,
2024b). However,AxBench is by nature extensible to arbitrary concept descriptions: we intend
to add new evaluation tasks as better feature-labelling techniques and new approaches to steering
emerge.

We evaluate a variety of steering methods including a novel weakly-supervised method we
introduce, ReFT-r1 along with prompting, full netuning, and two parameter-e cient netuning
methods (LORA and LoReFT). On steering, only ReFT-rl is competitive with netuning and
prompting baselines, while SAEs fall behind both ReFT-r1 and di erence-in-means (Marks and
Tegmark, 2024) on both axes. While representation steering methods largely lag behind incumbent
model-control techniques, ReFT-rl is evidence that steering can be pushed further with the availability
of comprehensive evaluation benchmarks. Finally, along withAxBench , we train and publicly
release SAE-scale feature dictionaries for ReFT-r1 and Di Mean: We call this approach supervised
dictionary learning (SDL; g. 4.2).

we open-source all of our datasets and trained dictionaries at https://huggingface.co/pyvene
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