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ABSTRACT

Despite the success of Instruction Tuning (IT) in training large language models
(LLMs) to perform arbitrary user-specified tasks, these models often still leverage
spurious or biased features learned from their training data, leading to undesired
behaviours when deploying them in new contexts. In this work, we introduce
Focus Instruction Tuning (FIT), which trains LLMs to condition their responses by
focusing on specific features whilst ignoring others, leading to different behaviours
based on what features are specified. Across several experimental settings, we
show that focus-tuned models can be adaptively steered by focusing on different
features at inference-time: for instance, robustness can be improved by focusing on
core task features and ignoring spurious features, and social bias can be mitigated
by ignoring demographic categories. Furthermore, FIT can steer behaviour in
new contexts, generalising under distribution shift and to new unseen features at
inference time, and thereby facilitating more robust, fair, and controllable LLM
applications in real-world environments.

1 INTRODUCTION

Instruction Tuning (IT) (Zhang et al., 2023), a specialised form of supervised fine-tuning (SFT),
has become an essential step in the process of developing effective instruction-following large
language models (LLMs) (Ouyang et al., 2022; Touvron et al., 2023; Chen et al., 2024). While
extensive pre-training to perform next-token prediction allows LLMs to extract common patterns and
knowledge from large text corpora, IT fine-tunes these models on input-output pairs complemented
by natural-language task instructions, teaching them to perform open-ended language-based tasks
given instructions (Huang et al., 2023).

However, despite the improvements observed in zero-shot generalisation from IT, recent studies
suggest that some of these gains may be superficial, stemming from the models’ ability to learn task
template formats or spurious input/output correlations rather than a more generalisable instruction-
following capability (Kung & Peng, 2023; Ghosh et al., 2024). As a result, LLMs may fail to
generalise to new contexts where the same templates or spurious correlations are not present (Kung &
Peng, 2023). Furthermore, fine-tuning can inadvertently lead to safety misalignment, where models
lose alignment with desired objectives and become more prone to generating harmful or undesirable
outputs (Qi et al., 2023). This motivates the need for methods that can adaptively steer models at
inference time, enabling users to control model behaviours based on evolving requirements or safety
considerations.

Accordingly, we propose Focus Instruction Tuning (FIT), an extension of traditional IT that fine-tunes
LLMs with respect to an instruction specifying which features to “focus on” or “ignore.” FIT trains
LLMs to condition responses based on these focus specifications and respond differently to the same
task input based on the specified features, allowing end users to dynamically steer model behaviour.
This capability provides precise, explainable control over features leveraged by models, and can be
used to enforce desired invariances. For instance, in Figure 1, we illustrate how FIT can be used
to steer a model to ignore gender stereotypes and focus on task-relevant information, enabling it to
correctly solve a question-answering task.
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questions and the man asked the behavioural questions. 
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Figure 1: Focus Instruction Tuning (FIT). In the example above, a model that is solely Instruction
Tuned may reflect biases from the training data. For instance, in a question from BBQ (Parrish
et al., 2022), when asked who posed a technical question at an engineering candidate’s interview
involving both a man and a woman, the model might incorrectly answer “the man” due to biases,
despite evidence to the contrary. In contrast, a FIT model can ignore the gender feature and focus on
the interview content, demonstrating steerability and adaptability at inference time.

In our experiments, we demonstrate that FIT enables precise control over model behaviour by steering
it to focus on task-relevant features while ignoring features specified as irrelevant or spurious (see
Section 4). This flexibility allows FIT to address challenges such as mitigating the influence of
demographic features in question-answering tasks, while also proving effective across diverse NLP
tasks like sentiment analysis and natural language inference. Furthermore, we show that FIT is robust
to distribution shifts over feature values and can generalise to new, unseen features, demonstrating its
adaptability to dynamic user requirements and varying task contexts.

In summary, our primary contributions are as follows:

1. We introduce Focus Instruction Tuning (FIT), a method that allows users to flexibly and
dynamically specify what features a model should or should not focus on when performing
a task at inference time. FIT enables practitioners to incorporate domain-specific knowledge
about core, spurious, or bias-relevant features in order to steer models according to the
desired feature specification.

2. We experiment with FIT across several key NLP tasks, including sentiment analysis, natural
language inference, and question-answering. We find that FIT is highly effective for steering
behaviour on all tasks with respect to a variety of lexical, distributional, semantic, and
demographic features.

3. We show that focus tuning generalizes both to new features not seen during training, and to
distribution shift over feature values.

2 BACKGROUND AND RELATED WORK

2.1 SPURIOUS FEATURE LEARNING

Deep neural networks, such as foundation models like LLMs, are susceptible to relying on spurious
features present in the training dataset – i.e., input features that are correlated with outputs in the
training distribution, but are not correlated in all test distributions (Ye et al., 2024). Relying on
spurious features leads models to fail to generalise under distribution shifts where such correlations
may no longer hold Wang et al. (2023a). Spurious features have been extensively studied in computer
vision, encompassing features such as background colour (Arjovsky et al., 2019; Xiao et al., 2021;
Venkataramani et al., 2024; Hemmat et al., 2024), texture (Geirhos et al., 2018; Baker et al., 2018), or
scene elements Hemmat et al. (2024), and are also prevalent in many widely used NLP benchmarks
(Sun et al., 2024; Borkan et al., 2019). For instance, the token SPIELBERG is spuriously correlated
with positive sentiment in datasets like SST-2 (Socher et al., 2013b), meaning that models trained on
SST-2 may learn to predict sentiment by leveraging these spurious features instead of more general
sentiment features (Wang & Culotta, 2020). This reliance on non-causal features undermines the
robustness of models in generalising to distribution shift. Traditional approaches for detecting and
mitigating spurious feature learning, particularly under distribution shifts, include prompt engineering
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(Sun et al., 2024), regularisation techniques (Arjovsky et al., 2019; Chew et al., 2024), counterfactual
inference (Wang & Culotta, 2020; 2021; Udomcharoenchaikit et al., 2022), or generating synthetic
interventional data Bansal & Grover (2023); Yuan et al. (2024); Wang et al. (2024).

Mechanistic Interpretability. Substantial work in mechanistic interpretability has also aimed to
discover models’ latent representation of, and reliance on, various features (Davies & Khakzar,
2024). For instance, causal probing trains supervised probing classifiers to predict and modify feature
representations encoded by foundation models Belinkov, 2022, and has been deployed to study how
LLMs leverage task-causal versus spurious features (Ravfogel et al., 2021; Lasri et al., 2022; Davies
et al., 2023; Canby et al., 2024). Other works have leveraged unsupervised mechanistic interpretability
methods, such as circuit discovery techniques (Wang et al., 2023b; Conmy et al., 2023) and sparse
auto-encoders (Subramanian et al., 2018; Yun et al., 2021), to improve generalisation by discovering
spurious features leveraged by models in performing a given task and ablating their use of these
features (Gandelsman et al., 2024; Marks et al., 2024). Finally, concept removal methods locate and
manipulate supervised feature representations corresponding to bias features encoded by foundation
models in order to remove these features (Ravfogel et al., 2020; 2022; 2023; Iskander et al., 2023;
Belrose et al., 2024; Kuzmin et al., 2024).

2.2 CONTROLLING LLMS

Instruction Tuning. Foundation language models, trained solely for next-word prediction, often
struggle to align with human instructions in downstream tasks (Huang et al., 2023). Instruction-tuning
(IT) addresses this by fine-tuning LLMs on instruction-response pairs (Zhang et al., 2023), aligning
outputs with human preferences (Ouyang et al., 2022).

Despite its success in zero-shot generalization, IT’s improvements may stem from task coverage in
training data (Gudibande et al., 2023), and self-bootstrapping risks degenerate training without a
strong base model (Zhang et al., 2023). Furthermore, IT may reinforce surface-level pattern learning
rather than true instruction-following ability (Kung & Peng, 2023). These limitations highlight
the need for advancements in supervised fine-tuning (SFT) beyond IT to enable more reliable and
controllable model behaviour.

Aligning LLMs. Alignment techniques like Reinforcement Learning with Human Feedback (RLHF)
(Bai et al., 2022) are powerful tools for aligning LLMs with annotated preference data and lead to
reduced prevalence of harmful behaviour (Ouyang et al., 2022; Bai et al., 2022; Touvron et al., 2023;
Korbak et al., 2023). However, RLHF-trained models still exhibit key alignment limitations such as
sycophancy (defaulting to agreement with users even when incorrect or harmful; Perez et al., 2023;
Sharma et al., 2024), and can still be adversarially prompted to generate harmful responses (Carlini
et al., 2024). Furthermore, even well-aligned models can rapidly fall out of alignment when they are
fine-tuned (Zhan et al., 2024; Yang et al., 2024; Lermen & Rogers-Smith, 2024), even on benign tasks
(Qi et al., 2023). Thus, effectively steering model behaviours across the range of potential safety
concerns that might emerge during LLM pre-training, fine-tuning, or deployment to novel contexts is
an important and challenging goal in AI safety, necessitating more flexible and generalisable steering
methods Anwar et al. (2024).

Latent Steering. Recent work has explored inference-time steering, enabling LLMs to bypass
retraining for safety by being guided during inference to exhibit desired behaviors while avoiding
undesirable ones. Latent steering methods achieve this through embedding-space interventions
(Turner et al., 2023; Zou et al., 2023; Bhattacharjee et al., 2024; Li et al., 2024; Han et al., 2024), but
they require white-box access to model representations and necessitate recomputing interventions
for each target behaviour. In contrast, our approach trains models to adjust their responses based on
explicit focus specifications, allowing users to flexibly steer model behaviour at inference time using
simple, natural-language instruction

3 METHODOLOGY

Preliminaries. We consider a pre-trained, decoder-only large language model (LLM) pθ that models
the probability of token sequences autoregressively over its vocabulary V . Given a sequence of tokens
s = [s1, . . . , sL] ∈ VL, the joint probability of s under the model is given as pθ(s) =

∏L
i=1 pθ(si |
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s<i), where pθ(s1 | ∅) = pθ(s1). In supervised fine-tuning, we minimise the negative log-likelihood
(NLL) of the output tokens y given the input tokens x using the autoregressive model.

In instruction tuning (IT) (Zhang et al., 2023), a form of SFT, an additional task instruction I
accompanies the input-output pair (x, y), forming a tuple (I, x, y). The objective becomes minimising
the NLL of y given both I and x over the distribution of input-output pairs, and instructions.

Context: I watched an old man talking to a much more youthful man the other day in 
 the park. The old man was trying to help the more youthful man to remember some

details about a party  but sadly it wasn't going very well...

Question: Who has trouble remembering things? (a) The more youthful man; (b) The 
old man; (c) Cannot answer.

 - :  Focus on answering question
from the context alone.

- : Ignore age.

- : Focus on
answering question from the context alone,

ignore age.

 -  : Focus on age.

- : Don't focus on answering
the question based on the context the

alone.

- : Focus on age,
don't answer the question based on the

context alone.

(a) The more youthful man.       (b) The old man.(  ) (  )

Instruction: You are a helpful assistant. Answer the question below.        

 

⚙

🎯

❓

🎯

Figure 2: Example of focus labels. Focus labels for a modi-
fied BBQ example. Here, age is a spurious feature.

Focus Instruction Tuning (FIT).
We introduce Focus Instruction Tun-
ing (FIT), a specialised form of in-
struction tuning that trains LLMs to
adjust their responses based on user-
specified features provided in natural
language. Let F denote the set of pos-
sible features (e.g., specific keywords,
sentiment, verb tense, demographic in-
formation, etc.) that the model can be
instructed to focus on or ignore when
generating responses. We consider a
set of natural language instructions to
focus or rule out specified features in
F which we term the focus instruction
set Ifocus. Explicitly, we define Ifocus
as

Ifocus = {∅, focus(Fi), ignore(Fj), focus(Fi) ∧ ignore(Fj) | Fi, Fj ∈ F}, (1)
where: ∅ denotes an empty focus instruction with no features to focus on or to ignore; focus(Fi)
is an instruction to focus on feature Fi; ignore(Fj) is an instruction to ignore feature Fj ; and
focus(Fi) ∧ ignore(Fj) is an instruction to focus on feature Fi whilst ignoring feature Fj . We
include the default prompt in order to aid the model in learning the underlying task as well as
the ability to refocus its attention on specified features during FIT. For specific examples of focus
instructions that we consider, see Appendix E.

Consider a sample (x, y) ∼ pdata drawn from an underlying data distribution, and a focus instruction
Ifocus drawn from a distribution pIfocus over the set of focus instructions Ifocus. Then the likelihood of
response y conditioned on input x, task instruction I (as in standard IT), and focus-instruction Ifocus
is modelled as pθ(y|I, Ifocus, x).

FIT Training. Consider a classification task with finite label space Y , where a single core feature
C ∈ F is fully predictive of label y ∈ Y given input x at both training time and under distribution
shift (Koh et al., 2021). We also consider spurious features S ∈ S ⊆ F from a subset of spurious
features S, where feature values s ∈ Val(S) for some spurious feature S ∈ S correlate with a label
ys ∈ Y , where this correlation may change under distribution shift (Ming et al., 2022). Finally, we
define F as the set of features that may be included in focus instructions during training, consisting
of the core feature and the set of spurious features F = {C} ∪ S .

For a sample (x, y) ∼ pdata, we specify the focus label yfocus = yfocus(Ifocus, s, y) ∈ Y that depends
on the ground truth label y, focus instruction Ifocus ∈ Ifocus and spurious feature value s ∈ Val(S)
present in x. Intuitively, we define focus label yfocus as yfocus = y when either no focus features are
specified (i.e., using the empty focus instruction), when the focus is on the underlying core feature C,
or when ignoring a spurious feature S; but when either the focus is on a spurious feature or the core
feature is ignored, yfocus is defined as yfocus = ys, where ys is the label spuriously correlated with the
particular spurious feature value s present in input x. This changing target yfocus trains the model to
learn to adjust its responses based on feature specifications implemented through focus instructions.
More formally, we define yfocus = y if Ifocus ∈ ICfocus, or yfocus = ysif Ifocus ∈ Isfocus, where we define
the task-casual and spurious instruction target sets as

Iyfocus = {∅, focus(C), focus(C) ∧ ignore(S), ignore(S) | S ∈ S}, (2)

Iys

focus = {focus(S), focus(S) ∧ ignore(Fj) | Fj ∈ F \ {S}}, (3)

respectively. See Figure 2 for a concrete example showing the focus label values for an example from
the MNLI dataset under different focus instructions.
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The objective of FIT training is to minimise the negative log-likelihood (NLL) of the response yfocus
conditioned on I, Ifocus, x. Formally, as a form of expected-risk minimisation (ERM) (Vapnik et al.,
1998), we define the FT loss objective as:

min
θ

E(x,y)∼pdata, Ifocus∼pIfocus
[− log pθ (yfocus | I, Ifocus, x)] . (4)

We define pIfocus(Ifocus) by placing a small probability mass on the empty focus instruction prompt ∅
in order to aid in learning the underlying task, and then uniformly distribute the remaining probability
mass over the remaining non-empty focus instructions. The objective in Equation (4) can be optimised
using stochastic gradient descent (SGD) with optimisers such as AdamW (Loshchilov & Hutter,
2019). Further details on FT optimisation are provided in Appendix C. Finally, we note that the main
difference between FIT and IT is the inclusion of the short focus instructions used to steer models.
Therefore, FIT has no negligible computational overhead compared to standard IT.

Evaluating FIT under spurious correlations. After introducing FIT above, we now turn to settings
where we can empirically train and evaluate it. A key aspect of our evaluation is the use of known
spurious correlations, which simulate real-world scenarios where models can be misled by features
that are spuriously predictive of the output label. By adjusting the co-occurrence rate between
spurious features and their associated labels, we can test FIT’s ability to dynamically steer a model’s
responses depending on the features on which it is focusing or ignoring.

We define the co-ocurrence rate, or predictivity (Hermann et al., 2024), between spurious feature
values and the label with which they are spuriously correlated by ρspurious. Specifically:
Definition 3.1. (Defining ρspurious) . Let S ∈ S ⊆ F denote a spurious feature. Suppose that a value
of S, say s ∈ Val(S), is spuriously correlated with label ys. Then, for ground truth dataset label Y ,
we define

ρspurious(s) = P(Y = ys|S = s). (5)

By varying ρspurious(s), we control the predictivity of spurious features, allowing us to observe the
model’s behaviour when focusing on or ignoring these features under distribution shift.

To examine how well models can utilise focus instructions for steerable behaviour in a controlled
environment, we construct synthetic datasets such that the spurious feature S is not predictive of the
ground-truth label Y (i.e., Y ⊥⊥ S) and the core feature C is not predictive of the spurious label YS

(i.e., YS ⊥⊥ C). We enforce these conditions by setting ρspurious = 1/N (for N label classes) and
ensuring a balanced label distribution during training. In Appendix I and Appendix K, we verify
that our synthetic SS and SMNLI training sets introduced in Appendix I.1 and Figure 4 respectively,
satisfy these independence assumptions.

Next, we evaluate FIT across several test sets with varying predictivity levels:

• Diid: Held-out test samples with the same ρspurious as in the training set.
• Dhigh: Test samples with a higher ρspurious than in the training set.
• Dlow: Test samples with a lower ρspurious than in the training set.
• Dflipped: Test samples where spurious feature values are flipped to co-occur with different

labels than in the training set, with the same high ρspurious as in Dhigh.

We further evaluate FIT under another form distribution shift, specifically on our SMNLI dataset (c.f.
Section 4.1).. Here, the specific values taken by spurious features do not overlap between the training
and test sets.

• Ds
· : Test datasets where the spurious feature values are distinct from those within the training

set. Here, we use the same predictivity levels as in the initial datasets presented above.

Note that, while we define FIT with respect to annotated spurious features, this requirement can be
alleviated by, e.g., combining FIT with automated spurious feature identification methods (Wang
et al., 2022; see Appendix B for further discussion).

4 EXPERIMENTS

We empirically validate the effectiveness of FIT across various LLMs and NLP datasets, including
classification and multi-choice QA tasks. Before presenting the main results, we introduce the
evaluation metric (focus accuracy), baselines, models, and training settings.
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<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

(a) Standard test sets,     . 
<latexit sha1_base64="o53IwwJZyrJhmzH3QOseRu5e9II=">AAACAnicbVC7SgNBFL3rM8ZX1NJmMAhWYVckWga1sIxgHpAsYXYySYbMY5mZFcKSzl+w1d5ObP0RW7/E2WQLTTxw4XDOvdzDiWLOjPX9L29ldW19Y7OwVdze2d3bLx0cNo1KNKENorjS7QgbypmkDcssp+1YUywiTlvR+CbzW49UG6bkg53ENBR4KNmAEWyd1OkKbEcE8/R22iuV/Yo/A1omQU7KkKPeK313+4okgkpLODamE/ixDVOsLSOcTovdxNAYkzEe0o6jEgtqwnQWeYpOndJHA6XdSItm6u+LFAtjJiJym1lEs+hl4r9eJBY+28FVmDIZJ5ZKMn88SDiyCmV9oD7TlFg+cQQTzVx2REZYY2Jda0VXSrBYwTJpnleCaqV6f1GuXef1FOAYTuAMAriEGtxBHRpAQMEzvMCr9+S9ee/ex3x1xctvjuAPvM8f8NeYCw==</latexit>D
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Mistral LLaMA Vicuna

<latexit sha1_base64="3r9vwnsRs1FvGciIDQhOlV4kWsg=">AAACDHicbVDLSsNAFJ3UV62vaJduBotQNyERqS4LguiuQl/QhjKZTtqhkwczN2II/QV/wa3u3Ylb/8GtX+K0zUJbD1w4nHNfHC8WXIFtfxmFtfWNza3idmlnd2//wDw8aqsokZS1aCQi2fWIYoKHrAUcBOvGkpHAE6zjTa5nfueBScWjsAlpzNyAjELuc0pASwOz3Af2CJ6f3dw1cVVvVWfTgVmxLXsOvEqcnFRQjsbA/O4PI5oELAQqiFI9x47BzYgETgWblvqJYjGhEzJiPU1DEjDlZvPnp/hUK0PsR1JXCHiu/p7ISKBUGni6MyAwVsveTPzX84Kly+BfuRkP4wRYSBeH/URgiPAsGTzkklEQqSaESq5/x3RMJKGg8yvpUJzlCFZJ+9xyalbt/qJSt/J4iugYnaAqctAlqqNb1EAtRFGKntELejWejDfj3fhYtBaMfKaM/sD4/AG9vJsE</latexit> F
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<latexit sha1_base64="OzCnmJnjipjFD1Qgh4YDLEbeNPo=">AAACInicbVDLSsNAFJ3UV62vqEs3wSK0m5KIVJcFQVxW7AvaECbTSTt08mDmRiwh3+BP+Atude9OXAmu/BInbQRtvTBw7jn3cO8cN+JMgml+aIWV1bX1jeJmaWt7Z3dP3z/oyDAWhLZJyEPRc7GknAW0DQw47UWCYt/ltOtOLjO9e0eFZGHQgmlEbR+PAuYxgkFRjl4dAL0H10tur1ppZeBjGKtmmjrJj+CFJJZpWnX0slkzZ2UsAysHZZRX09G/BkPl9WkAhGMp+5YZgZ1gAYxwmpYGsaQRJhM8on0FA+xTaSezL6XGiWKGhhcK9QIwZuxvR4J9Kae+qyazm+WilpH/aq6/sBm8CzthQRQDDch8sRdzA0Ijy8sYMkEJ8KkCmAimbjfIGAtMQKVaUqFYixEsg85pzarX6jdn5UYtj6eIjtAxqiALnaMGukZN1EYEPaAn9IxetEftVXvT3uejBS33HKI/pX1+A1LVpZg=</latexit> S
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<latexit sha1_base64="JfpaU6kuCSF/YjHU4L+zHVNTCPI=">AAACCnicbVDLSgNBEJyNrxhfGz16WQyCF8OuSPQYEMRjRPOAZAmzk95kyOyDmV5jWPIH/oJXvXsTr/6EV7/ESbIHTSxoKKq6qaa8WHCFtv1l5FZW19Y38puFre2d3T2zuN9QUSIZ1FkkItnyqALBQ6gjRwGtWAINPAFNb3g19ZsPIBWPwnscx+AGtB9ynzOKWuqaxQ7CI3p+eg2j07tBhJOuWbLL9gzWMnEyUiIZal3zu9OLWBJAiExQpdqOHaObUomcCZgUOomCmLIh7UNb05AGoNx09vrEOtZKz/IjqSdEa6b+vkhpoNQ48PRmQHGgFr2p+K/nBQvJ6F+6KQ/jBCFk82A/ERZG1rQXq8clMBRjTSiTXP9usQGVlKFur6BLcRYrWCaNs7JTKVduz0vVclZPnhySI3JCHHJBquSG1EidMDIiz+SFvBpPxpvxbnzMV3NGdnNA/sD4/AEdH5rA</latexit> F
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Mistral LLaMA Vicuna

<latexit sha1_base64="sPPBg3EwLn4/v6sbUmNJNATg81M=">AAACFXicbVA9SwNBEN2LXzF+RS21OAyCWIQ7kWgZ0MIygvmA3BH2NnPJkr0PdufEcFzjn/Av2GpvJ7bWtv4SN8kVmvhg4PHeDDPzvFhwhZb1ZRSWlldW14rrpY3Nre2d8u5eS0WJZNBkkYhkx6MKBA+hiRwFdGIJNPAEtL3R1cRv34NUPArvcByDG9BByH3OKGqpVz50AopDRkV6nfVSB+EBU1/wOIZ+lvXKFatqTWEuEjsnFZKj0St/O/2IJQGEyARVqmtbMboplciZgKzkJApiykZ0AF1NQxqActPpF5l5rJW+6UdSV4jmVP09kdJAqXHg6c7JzWrem4j/el4wtxn9SzflYZwghGy22E+EiZE5icjscwkMxVgTyiTXt5tsSCVlqIMs6VDs+QgWSeusateqtdvzSv00j6dIDsgROSE2uSB1ckMapEkYeSTP5IW8Gk/Gm/FufMxaC0Y+s0/+wPj8AfJAoCI=</latexit>Dflipped
<latexit sha1_base64="A//dBor4LAXPD4Cyf0h06t9oEdU=">AAACEXicbVDLSsNAFJ3UV62vqBvBTbAI4qIkItVlQRcuK9gHNCFMJpN26OTBzI1YQvwJf8Gt7t2JW7/ArV/ipM1CWw9cOJxzL/fe4yWcSTDNL62ytLyyulZdr21sbm3v6Lt7XRmngtAOiXks+h6WlLOIdoABp/1EUBx6nPa88VXh9+6pkCyO7mCSUCfEw4gFjGBQkqsf2CGGEcE8u87dzAb6ABljfp67et1smFMYi8QqSR2VaLv6t+3HJA1pBIRjKQeWmYCTYQGMcJrX7FTSBJMxHtKBohEOqXSy6Qe5cawU3whioSoCY6r+nshwKOUk9FRnca+c9wrxX88L5zZDcOlkLEpSoBGZLQ5SbkBsFPEYPhOUAJ8ogolg6naDjLDABFSINRWKNR/BIumeNaxmo3l7Xm+dlvFU0SE6QifIQheohW5QG3UQQY/oGb2gV+1Je9PetY9Za0UrZ/bRH2ifP4vxnkw=</latexit>Diid

<latexit sha1_base64="5+GZOFLn7IatjHyowQqA9VI+BDE=">AAACEnicbVDLSsNAFJ3UV62vqCtxEyyCuCiJSHVZ0IXLCvYBTQiT6aQZOnkwcyOWEPwJf8Gt7t2JW3/ArV/ipM1CWw9cOJxzL/fe4yWcSTDNL62ytLyyulZdr21sbm3v6Lt7XRmngtAOiXks+h6WlLOIdoABp/1EUBx6nPa88VXh9+6pkCyO7mCSUCfEo4j5jGBQkqsf2CGGgGCeXeduZgN9gCxgoyDPXb1uNswpjEVilaSOSrRd/dsexiQNaQSEYykHlpmAk2EBjHCa1+xU0gSTMR7RgaIRDql0sukLuXGslKHhx0JVBMZU/T2R4VDKSeipzuJgOe8V4r+eF85tBv/SyViUpEAjMlvsp9yA2CjyMYZMUAJ8oggmgqnbDRJggQmoFGsqFGs+gkXSPWtYzUbz9rzeOi3jqaJDdIROkIUuUAvdoDbqIIIe0TN6Qa/ak/amvWsfs9aKVs7soz/QPn8AYnuewA==</latexit>Dhigh
<latexit sha1_base64="P9DHFsND3Dssv1nZ8nxhKMHCHbc=">AAACEXicbVDLSsNAFJ34rPUVdSO4CRZBXJREpLos6MJlBfuANoTJdNIOnUnCzI1aQvwJf8Gt7t2JW7/ArV/ipM1CWw9cOJxzL/fe48ecKbDtL2NhcWl5ZbW0Vl7f2NzaNnd2WypKJKFNEvFIdnysKGchbQIDTjuxpFj4nLb90WXut++oVCwKb2EcU1fgQcgCRjBoyTP3ewLDkGCeXmVe2gP6ACmP7rPMMyt21Z7AmidOQSqoQMMzv3v9iCSChkA4Vqrr2DG4KZbACKdZuZcoGmMywgPa1TTEgio3nXyQWUda6VtBJHWFYE3U3xMpFkqNha8783vVrJeL/3q+mNkMwYWbsjBOgIZkujhIuAWRlcdj9ZmkBPhYE0wk07dbZIglJqBDLOtQnNkI5knrtOrUqrWbs0r9pIinhA7QITpGDjpHdXSNGqiJCHpEz+gFvRpPxpvxbnxMWxeMYmYP/YHx+QO4ZZ5o</latexit>Dlow

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%
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Figure 3: SMNLI focus accuracies (↑). Focus accuracy (Afocus) of baselines and FIT models on the
SMNLI standard test sets D.

In Appendix I.1, we verify that FIT performs well on the toy SS dataset, a synthetic sentiment analysis
dataset derived from SST-5 (Socher et al., 2013b). We show in Section 4.1 that FIT generalises
to more complex features and handles feature-value distribution shifts in the SMNLI dataset, a
sub-sampled version of MNLI (Williams et al., 2018). Finally, in Section 5.1, we demonstrate FIT’s
real-world impact by mitigating bias in the BBQ dataset (Parrish et al., 2022) and generalising to new
features at inference time.

While FIT primarily enables adaptive model steering at inference, we include a debiasing comparison
in Appendix H for completeness. Although bias mitigation is a natural application of FIT, its primary
objective is broader model control and adaptability. This comparison highlights FIT’s competitive
performance with dedicated debiasing techniques while uniquely enabling test-time steerability.

Metrics. We define the focus accuracy for a focus instruction Ifocus ∈ Ifocus as the proportion of
samples where the model’s prediction aligns with the focus label, yfocus. Specifically, for each sample
(x, y) ∈ D, the model produces a prediction ŷ ∼ pθ(· | I, Ifocus, x) based on a fixed focus instruction
Ifocus ∈ Ifocus. The focus label, yfocus = yfocus(Ifocus, s, y), corresponds to the target output given
the focus instruction for the input x with ground truth label y, a spurious feature value s present in
x. Focus accuracy for focus instruction Ifocus, denoted Afocus(Ifocus), is computed as the fraction of
correct predictions with respect to the focus label:

Afocus(Ifocus) =
1

|D|
∑

(x,y)∈D

1(ŷ = yfocus), (6)

where 1(ŷ = yfocus) is the indicator function that equals 1 if the model’s prediction ŷ matches the
focus label yfocus, and 0 otherwise.

We report focus accuracy for each model on all dataset splits, using the prompt types and focus instruc-
tions detailed in Appendix E. Generations are evaluated through simple pattern matching due to the
use of constrained beam decoding (Anderson et al., 2017). Further details are provided in Appendix D.
Models and training settings. We evaluate FIT using three popular LLMs that span a range of model
sizes: Llama-3.1-8B-Instruct (Dubey et al., 2024), Mistral-7B-Instruct-v0.3
(Jiang et al., 2023), and Vicuna-13B-v1.5 (Chiang et al., 2023). The models are fine-tuned using
parameter-efficient SFT with LoRA (Hu et al., 2021), leveraging Hugging Face’s SFTTrainer
(Wolf et al., 2020) with default hyperparameters. Early stopping is applied based on validation loss,
as defined in Equation (4). For generation, we use constrained beam decoding (Anderson et al., 2017)
and use fully verbalised (natural language) labels during both training and testing, except for the
multi-choice BBQ dataset. For further training details, refer to Appendix C.
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Baselines. We compare against the following baselines in the main section of the paper: a few-shot
baseline (Manikandan et al., 2023) and a SFT baseline. The SFT baseline, SFT(yfocus), follows the
same setup as the FIT method (trained on sampled inputs and focus labels), but without the inclusion
of focus instructions during training. This ensures a fair comparison between FIT and the baseline,
as both methods are trained on the same examples and labels (i.e., focus labels yfocus), with the only
difference being the inclusion of focus instructions in FIT. This setup allows us to isolate and evaluate
the specific impact of incorporating focus instructions in FIT. The few-shot baseline involves using 5
in-context examples uniformly sampled at random from the training set for each test example, where
we use the same focus instruction for each in-context sample as for the test sample. In Appendix F,
we include two additional baselines: zero-shot and vanilla SFT for a more complete comparison with
FIT. Further details of baselines and their results in comparison to FIT can be found in Appendix F.

4.1 FIT PERFORMS WELL WITH MORE COMPLEX FEATURES ON THE SMNLI DATASET AND
GENERALISES UNDER DISTRIBUTION SHIFT

Next, we evaluate our method on a more complex dataset with subtler features. Specifically, we
construct an NLI dataset by sub-sampling from MNLI (Williams et al., 2018), where we induce
a spurious correlation between text genres and labels by sub-sampling accordingly. We refer to
this dataset as SMNLI, where the feature set is defined as F = {NLI relationship, genre}. The
co-occurrence rate of genres and their spuriously associated label is governed by ρspurious, which
varies across the test sets discussed in Section 3. We again ensure that ρspurious is the same for all
feature values within each dataset split. In particular, we set ρspurious to be 1/3, 1/3, 0.9, 0.1 and 0.9
on Dtrain, Diid, Dhigh, Dlow and Dflipped respectively.

Moreover, for SMNLI, we hold out specific genres at test time to evaluate our model’s ability to
generalise under distribution shift when feature values change. We do this by sub-sampling a held-out
portion of the MNLI dataset. During training, we use three selected genres (government, fiction, and
travel) to evaluate our models. At test time, we additionally add three held-out genres (facetoface,
nineeleven, and verbatim). We again ensure that ρspurious is constant within each dataset split for all
feature values, and use the same set of corresponding ρspurious as within the SMNLI test sets described
above. Further details of the SMNLI dataset can be found in Appendix K.

Results. Figure 4 (a) depicts the focus accuracy results of the three models on the SMNLI test
splits. We observe that for the more complex feature of genre, FIT achieves very high focus accuracy,
significantly improving over the baselines. This demonstrates that FIT effectively trains the model to
handle more complex features, allowing it to dynamically focus on or disregard these features when
making predictions.

Figure 4 (b) shows the focus accuracy of models on the feature-shifted test sets. When focusing
on the core feature or ignoring the spurious feature, the model maintains strong performance in
terms of focus accuracy, even on unseen genre values (over 80% focus accuracy for FIT models on
the third row of Figure 4) (b). Note that, while we observe low focus accuracy when focusing on
spurious features, this is expected, as the spurious labels associated with these new genres were not
encountered during training. Thus when focusing on these features the model does not know what
label to predict. This result highlights that the focus-tuned models have indeed learned spurious
associations during training and correctly reproduces them when instructed to focus on these spurious
features, even for new spurious feature values. When instructed to focus on the core feature or when
instructed to ignore the spurious feature, the model still shows strong generalisation in the presence
of distribution shift.

Key takeaways. FIT achieves high focus accuracy on more complex features and maintains
strong performance under distribution shift in terms of feature values. This demonstrates
FIT’s ability to generalise to new contexts and reliably handle changing feature values.

Bias Benchmark for QA (BBQ) dataset. Finally, we experiment with BBQ Parrish et al.
(2022), a widely-utilised multiple-choice question-answering benchmark annotated with social
biases that are relevant to any given answer, such as stereotypes that would imply a given an-
swer to an otherwise ambiguous question (see Figure 1). We consider the following feature set
F = {question context, gender identity, race/ethnicity, ...}, which contains one core feature (ques-
tion context which should be used to answer a posed question) and 9 bias features. Of the 9 bias
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Figure 4: SMNLI focus accuracies (↑). Focus accuracy (Afocus) of baselines and FIT models on the
SMNLI test sets under feature value shift Ds.

features, we focus-tune models with respect to 6, and test on these 6 features plus the remaining 3
bias features in order to test how well FIT generalises to features that are not seen during focus tuning.
Here, we consider the spurious features to be the presence of a particular social group (e.g., men or
women) in the question context, and spurious answers to be those that would be indicated by relying
on social stereotypes rather than the specific question context (e.g., see Figure 1). The stereotyped
response used to determine spurious answers for these bias features are provided as part of the BBQ
dataset.

Results. Figure 5 shows the focus accuracy results of the three models on the BBQ dataset, visualising
performance on features seen during training and unseen, held-out features. The models demonstrate
high and comparable focus accuracy across both seen and unseen bias features, indicating that FIT
generalises well to unseen features, including nuanced reasoning about group stereotypes. This
highlights the usefulness of FIT in mitigating social biases in LLM responses. Specifically, FIT can
effectively learn, reason about, and rule out biases when formulating responses, making it a practical
tool for bias mitigation.

Key takeaways. FIT can effectively teach models to adjust their responses based on knowledge
of social biases. This ability generalises to biases not seen during FIT training, indicating
FIT’s utility for bias mitigation.

5 ABLATION

Generalisation to different test-time prompt formats. Instruction-tuned models often memorize
instruction formats, struggling with paraphrased prompts at test time (Ghosh et al., 2024). In
Appendix G (Figure 9), we evaluate this on the SMNLI dataset by comparing model performance
when using the same focus instructions for training and testing versus paraphrased instructions at
test time. We generate 10 paraphrased focus instructions per type (Equation (1)) using ChatGPT
(OpenAI, 2022). Results show minimal variation in focus accuracy across dataset splits and features,
suggesting FIT enables models to generalise focus behaviour beyond specific instruction phrasing.

5.1 FIT STEERS BEHAVIOUR IN THE PRESENCE OF SOCIAL BIAS DATA AND GENERALISES TO
UNSEEN FEATURES

Instruction Following After FIT. Prior studies suggest SFT can impair LLMs’ instruction-following
abilities (Fu et al., 2024; Dou et al., 2024). To assess whether FIT affects instruction adherence, we
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Figure 5: BBQ focus accuracies (↑). Focus accuracy (Afocus) of baselines and FIT on the BBQ
dataset.

compare pre-trained and FIT models trained on SMNLI (Section 4.1). Using 500 samples from the
Alpaca-GPT instruction-tuning dataset (Peng et al., 2023), we use GPT-4o (Achiam et al., 2023) to
rate responses on a 1–5 scale, where 5 indicates perfect alignment.

LLaMA Mistral Vicuna
Pre-Trained Avg. Rating 3.51 3.65 3.46
FIT Avg. Rating 3.45 3.65 3.50

p-value 0.57>0.05 0.81>0.05 0.41>0.05

Table 1: Instruction-Following Results. For each model (columns), we report the pre-trained and
FIT average GPT-40 ratings, and the two-sided Wilcoxon Signed-Rank p-value testing the difference
between the distributions of ratings.

We conduct a two-sided Wilcoxon Signed-Rank Test (Wilcoxon, 1992) on paired ratings to test for
significant differences, with the null hypothesis assuming no change in median ratings. As shown
in Table 1, results (p > 0.05) indicate no statistically significant differences, confirming that FIT
preserves instruction adherence while enhancing test-time steerability.

6 CONCLUSION

In this work, we introduce Focus Instruction Tuning (FIT), a method designed to steer the behaviour
of LLMs by focusing on or ignoring specific features when formulating responses. Across a range of
tasks and settings, we demonstrate that FIT provides dynamic and precise control over LLM behaviour
at inference time, enabling users to adapt model responses even in the context of distribution shifts
over feature values or when generalising to unseen features. Furthermore, our approach can address
challenges such as mitigating the influence of known stereotypes that might otherwise impact
responses, showcasing one of its many applications. Thus, FIT represents a step toward enabling
more robust, steerable, fair, and controllable LLMs.
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A IMPACT STATEMENT

The ability to dynamically steer model behaviour by focusing on or ignoring features, as enabled
by FIT, holds significant potential for reducing algorithmic discrimination and mitigating harms.
Practitioners can leverage FIT to identify and correct biases by measuring discrepancies in behaviour
when a model focuses on or ignores specific features. Additionally, FIT enhances explainability by
attributing model predictions to input features, enabling more transparent and productive human-AI
collaboration. This supports ethical and responsible decision-making by assessing whether predictions
are justified. FIT also enhances robustness by prioritising stable core features expected to generalise
across domains while ignoring spurious, domain-specific biases, making it a valuable tool for fairness,
explainability, and robustness. However, risks include potential misuse by bad actors to bias models,
though this is not unique to FIT and could already be achieved through biased fine-tuning.

B LIMITATIONS AND FUTURE WORK

Requirement for annotated spurious features. While FIT relies on prior identification of spurious
features and their focus labels, this requirement does not limit its practical applicability. Instead, it
reflects standard industry and research practices for constructing transparent and reliable models.
Below, we clarify how FIT remains adaptive and versatile even when feature annotation is partial or
evolving:

• Alignment with Established Practices: FIT’s reliance on pre-identified spurious features
aligns with widely adopted industry and research norms (OpenAI, 2024; Microsoft, 2020).
Identifying potential spurious features and confounders in datasets is a foundational step
in achieving robust machine learning systems. This process ensures that both training and
validation phases are informed by an understanding of data correlations, minimising the risk
of deploying models with unknown biases.

• Regulatory and Ethical Expectations: Regulatory frameworks and ethical guidelines in-
creasingly require the explicit identification and mitigation of problematic features (of the
European Parliament, 2016) Corresponding initiatives aim to define and enforce measurable
categories of “violating behaviour” in AI models. By providing a mechanism to steer model
behaviour based on these identified features, FIT effectively complements efforts to promote
fair and transparent predictions (Guldimann et al., 2024; Zeng et al., 2024).

• Post-Deployment Mitigation: Despite careful pre-deployment analysis, spurious features or
correlations may only become apparent once a model is in active use. FIT accommodates
this by allowing developers to incorporate newly identified spurious features via updated
focus instructions, enabling rapid iterative refinement without retraining from scratch. This
adaptability ensures continuous improvement, even in highly dynamic environments.

• FIT’s Versatility Without Exhaustive Pre-Identification: Crucially, FIT does not require
an exhaustive list of spurious features to be effective. For instance, a user can provide
focus instructions such as “focus on casual” without enumerating every possible irrelevant
attribute in the dataset. This flexibility expands FIT’s applicability to scenarios where feature
annotation is incomplete or ongoing.

• Compatibility with Automated Spurious Feature Identification: FIT also works seamlessly
with automated methods for detecting spurious features (Wang & Culotta, 2020; Wang et al.,
2022; Zhou et al., 2023; Zheng et al., 2024). Whether spurious features are labelled manually
or derived from algorithmic detection, they can be harnessed by FIT’s focus instructions at
inference time. This compatibility enables a comprehensive approach to managing known
issues and responding to newly uncovered features as they arise.

In summary, annotating spurious features beforehand is not a strict limitation. FIT can be flexibly
applied, allowing model behaviour to evolve in tandem with new feature discoveries or changing
requirements, making it a broadly applicable technique for steering model outputs based on both
prior knowledge and ongoing insights.

Scope of Experiments and Extensions to Open-Ended Tasks. Our experiments primarily focus on
classification and multiple-choice QA datasets due to the cost and challenges associated with curating
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high-quality datasets for open-ended NLG tasks. However, this reflects a pragmatic prioritisation
of introducing a novel methodology over exhaustive data collection, rather than a limitation of FIT
itself. Extending FIT to open-ended tasks, such as summarisation or translation, remains an exciting
direction for future research, as does exploring its ability to generalise across diverse task categories
using setups similar to FLAN (Longpre et al., 2023).

Overlapping Features and Ambiguities. Additionally, our evaluation on the HANS dataset Ap-
pendix L revealed challenges when addressing overlapping or less-distinctive features. While FIT
demonstrated strong performance in generalising and steering models based on identified features,
overlapping heuristics can introduce ambiguity, highlighting the need for further refinements in
handling such cases. Despite these limitations, FIT represents a promising foundation for enabling
more robust, fair, and controllable LLMs across a range of tasks.

C FT TRAINING AND OPTIMISATION SETTINGS

FT Optimisation. Algorithm 1 gives precise details on how we implement FIT in practice when
performing ERM of a model on a given training set. In particular, it shows how we approach
optimising the FIT training objective given in Equation (4).

Algorithm 1 Algorithm for Focus Instruction Tuning (FIT) Training Procedure to Optimise Equa-
tion (4).

1: Input: DatasetD = {(xi, yi)}Ni=1, The feature set contains F , instruction I , model parameters θ,
batch size B, number of epochs E, step size η, and mapping function yfocus = yfocus(Ifocus, y, s).

2: Initialise: Model parameters θ, optimiser
3: for epoch = 1 to E do
4: for mini-batch {(xb, yb)}Bb=1 from D do
5: for each (xb, yb) in the mini-batch do
6: Identify spurious feature value sb in xb.
7: Sample focus instruction Ibfocus ∼ pIfocus ,
8: Compute ybfocus = yfocus(I

b
focus, s

b, yb)
9: end for

10: Compute average loss given through empirical estimator of the loss defined in Equation (4)
over the batch:

ℓ(θ) =
1

B

B∑
b=1

− log pθ(y
b
focus|I, Ibfocus, x

b)

11: Update model parameters θ using optimiser:

θ ← θ − η∇θℓ(θ)

12: end for
13: end for
14: Output: Optimised model parameters θ

FT training settings. We use the SFTTrainer class from HuggingFace (Wolf et al., 2020) and use
all of the default training settings for performing SFT of LLMs. Furthermore, we define p(Ifocus)
by placing a small probability (in our experiments, 0.05) on the empty focus instruction ∅. We then
uniformly distribute the remaining probability mass over the non-empty focus instructions.

We implement early stopping on a held-out validation set based on the cross-entropy loss over focus
labels yfocus corresponding to randomly sampled focus instructions - this matches the context in which
the models will be evaluated. We obtain this set by splitting our training set in a 90/10% ratio for
training and validation splits respectively. We use a patience of 4 validation evaluation steps, which
occur after a fixed number of steps.

We use LoRA (Hu et al., 2021) for parameter-efficient fine-tuning. We target the query and value
projection matrices within each LLM and use LoRA r = 16 and α = 32 across models.

Choice of ρspurious during training. In our synthetic experiments, we set up a controlled environment
by imposing two independence conditions: Y ⊥⊥ S and YS ⊥⊥ C. These ensure that (i) the ground-
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truth label cannot be predicted using the spurious feature S, and (ii) the spurious label cannot be
predicted using the core feature C. By removing direct correlations between these features and labels,
the model is leans to focus on the specified feature, without being influenced by the other feature,
avoiding any potential shortcuts that could be exploited if these conditions did not hold.

• Independence Y ⊥⊥ S: This condition prevents the model from leveraging spurious feature
S to predict ground-truth label Y . With no predictive signal from S to Y , the model
must rely exclusively on the core feature C for accurate label predictions. This design
choice safeguards the model from overfitting to spurious correlations, thereby maintaining
robust performance under distribution shifts. Moreover, removing any inherent relationship
between S and Y ensures that for focus instruction intending for the model to utilise the
core feature C only during inference, the model cannot exploit a potential shortcut using S;
it must utilise the core feature alone for prediction in this scenario enabling prediction only
through the specified feature indicated through the focus instruction passed to the model.

• Independence YS ⊥⊥ C: This condition serves a complementary role in preventing the
model from exploiting the core feature C when predicting spurious labels YS . By ensuring
C carries no information about YS , the model cannot use the true task feature C as a shortcut
for spurious-label predictions; it must again learn to only use the specified feature within the
passed focus instructions alone for making predictions.

While these conditions represent an ideal setting, they are not strictly necessary for FIT to work in
practice. Indeed, real-world data rarely satisfies such perfect independence, and we illustrate the
robustness of the method in more realistic scenarios through our BBQ experiments in Section 5.1
where correlations between Y and S or between C and YS may exist as no subsampling or dataset
manipulations have been made. By examining both the controlled environment and more naturalistic
datasets, we demonstrate that our approach can handle scenarios with varying degrees of spurious
correlations.

To achieve this independence in our synthetic SS and SMNLI datasets, we set ρspurious = 1/N , where
N is the number of class labels. Additionally, we enforce a balanced label distribution in the training
set to eliminate any indirect biases that could correlate S with Y . As shown in Appendix I and
Appendix K, these conditions are sufficient to guarantee Y ⊥⊥ S in the training data, enabling the
model to effectively learn steerable behaviour from focus instructions.

D EVALUATION METRICS

Generation settings. We generate responses from our FT model using constrained beam-decoding
(Anderson et al., 2017) with 8 beams. This ensures that the answer labels for each classification task
that we investigate appear in the model’s output. We limit the maximum number of newly generated
tokens to be 5 to stop any unnecessary text given after the model’s initial classification prediction.

Computing the focus accuracy metric. We report the focus accuracy Afocus of generations when
evaluating FT models. As we are guaranteed to include the task labels within the model’s response
through constrained decoding, we simply check to see if the focus label, yfocus, is within the model’s
response or not in order to determine if the model’s response is correct.

E FIT FOCUS INSTRUCTIONS AND PROMPT TEMPLATES

Prompt templates. Here we provide the prompt templates that we use for FIT. Note, that we drop the
feature considerations section and focus instruction from the prompt to form the instruction prompt ∅
with no focus instruction.
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SS Focus instruction prompt templates Ifocus

<INSTRUCTION>
You are a language model performing sentiment analysis on a binary dataset, making predictions from
the labels [negative, positive]. Make your prediction based on the relevant features described below,
focusing on the specified features and ignoring those deemed irrelevant. For the input below, output
either negative or positive ONLY for your prediction of the input’s label.
<END OF INSTRUCTION>

<FEATURE CONSIDERATIONS>
{focus instruction - Ifocus}
<END FEATURE CONSIDERATIONS>

### Input: {input}
### Output:

NLI focus instruction prompt template Ifocus

<INSTRUCTION>
You are a language model performing natural language inference (NLI) on a dataset with
three labels [entailment, neutral, contradiction]. For the inputs consisting of premise and
hypothesis below, make your prediction based on the relevant features described, focusing on
the specified features and ignoring those deemed irrelevant. Output either entailment, neutral,
or contradiction ONLY for your prediction of the input’s label.
<END OF INSTRUCTION>

<FEATURE CONSIDERATIONS>
{focus instruction - Ifocus}
<END FEATURE CONSIDERATIONS>

### Premise: {premise}
### Hypothesis: {hypothesis}
### Output:

BBQ focus instruction prompt template Ifocus

<INSTRUCTION>
You are a language model answering a QUESTION based on a provided CONTEXT,
choosing to ANSWER with one of three options: 1, 2, or 3. Each option corresponds to an
answer from the provided ANSWER OPTIONS. You must output EXACTLY one of these
numbers (1, 2, or 3) representing the answer you select.
<END OF INSTRUCTION>

<FEATURE CONSIDERATIONS>
{focus instruction - Ifocus}
<END FEATURE CONSIDERATIONS>

### CONTEXT: {context}
### QUESTION: {question}
### ANSWER OPTIONS:
(1) {ans0}
(2) {ans1}
(3) {ans2}
### ANSWER:

Focus instructions. We consider the following focus instruction formats for the different focus
instructions introduced in Equation (1) which are used for FIT training and evaluation:
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Focus instructions Ifocus

For features Fi, Fj ∈ F :

Focus instructions focus(Fi):
• Direct your attention solely to Fi.
• Concentrate all your reasoning on Fi.
• Make Fi the central factor in your decision.
• Base your judgment exclusively on Fi.
• Pay attention only to Fi when making your prediction.
• Use Fi as the key input for your evaluation.
• Focus entirely on Fi and ignore other aspects.
• Rely exclusively on Fi to reach your conclusion.
• Consider only Fi and disregard all else.
• Let Fi be the primary basis for your decision.

Ignore instructions ignore(Fi):
• Completely rule out Fi from your reasoning.
• Disregard any influence of Fi in your prediction.
• Treat Fi as irrelevant to your decision-making process.
• Exclude Fi entirely from your evaluation.
• Do not let Fi play any role in your assessment.
• Intervene to prevent Fi from affecting your prediction.
• Ensure that Fi has no bearing on your final decision.
• Block Fi from contributing to your reasoning.
• Negate the impact of Fi in your prediction.
• Ruling out Fi is crucial—do not let it affect your decision.

Focus and Ignore instructions focus(Fi) ∧ ignore(Fj)
• Focus specifically on Fi. Disregard Fj in your decision-making process.
• Base your prediction solely on Fi. Exclude Fj .
• Direct all your attention to Fi. Block out Fj from your prediction.
• Consider only Fi in your reasoning. Rule out Fj in your decision-making.
• Prioritize Fi. Completely ignore Fj in your prediction.
• Do not consider Fj in your decision-making process. Focus exclusively on Fi.
• Ignore any influence of Fj . Concentrate on Fi in your prediction.
• Disregard Fj entirely. Base your analysis solely on Fi.
• Rule out Fj in your prediction. Shift your focus to Fi.
• Do not pay attention to Fj in your decision-making process. Rely only on Fi.

F ADDITIONAL BASELINES RESULTS

In addition to the baselines that we present in the main paper, Few-shot and SFT(yfocus), we include
two additional baselines to further supplement these results. We give the complete list of baselines
that we consider below:

Zero-shot baseline. Finally, we include a zero-shot inference baseline using the original pre-trained
models without additional fine-tuning on our spurious datasets. No in-context examples are used at
inference time, and the model is not trained at all beyond it’s pre-training. The model is tested on the
full set of focus instructions prompts detailed in Equation (1).

Few-shot baseline. This second baseline compares FIT training to few-shot inference using the
original pre-trained models without additional fine-tuning on our spurious datasets. Specifically, we
use 5 in-context examples across all datasets. For the in-context examples, we concatenate multiple
examples one after the other, including the instructional prompt only for the first in-context example
and the final test example. Each in-context example contains the same focus instruction as the test
example for which they serve as context. The model is tested on the full set of focus instructions
prompts detailed in Equation (1).
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SFT(yfocus) baseline. We implement an SFT baseline that follows the same training procedure as
FIT, except during training, we exclude any focus instructions from the input prompts while still
training on the focus labels. This provides a fair comparison with FIT, as the models are trained on
the same input text and label pairs. The rest of the training setup, including hyperparameters and
early stopping, remains identical to the FIT training setup. The model is tested on the full set of focus
instructions prompts detailed in Equation (1).

SFT(y) baseline. We implement a vanilla SFT baseline that simply trains a model using SFT on
inputs and their ground truth labels (as opposed to focus labels in the SFT(yfocus) baseline). During
training, only standard IT prompts are used, with no additional focus instructions included. The
rest of the training setup, including hyperparameters and early stopping, remains identical to the
FIT training setup. The model is tested on the full set of focus instructions prompts detailed in
Equation (1).

We give the full set of results for all datasets and models across the complete set of baselines listed
above in Figure 6, Figure 7, and Figure 8.
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<latexit sha1_base64="sPPBg3EwLn4/v6sbUmNJNATg81M=">AAACFXicbVA9SwNBEN2LXzF+RS21OAyCWIQ7kWgZ0MIygvmA3BH2NnPJkr0PdufEcFzjn/Av2GpvJ7bWtv4SN8kVmvhg4PHeDDPzvFhwhZb1ZRSWlldW14rrpY3Nre2d8u5eS0WJZNBkkYhkx6MKBA+hiRwFdGIJNPAEtL3R1cRv34NUPArvcByDG9BByH3OKGqpVz50AopDRkV6nfVSB+EBU1/wOIZ+lvXKFatqTWEuEjsnFZKj0St/O/2IJQGEyARVqmtbMboplciZgKzkJApiykZ0AF1NQxqActPpF5l5rJW+6UdSV4jmVP09kdJAqXHg6c7JzWrem4j/el4wtxn9SzflYZwghGy22E+EiZE5icjscwkMxVgTyiTXt5tsSCVlqIMs6VDs+QgWSeusateqtdvzSv00j6dIDsgROSE2uSB1ckMapEkYeSTP5IW8Gk/Gm/FufMxaC0Y+s0/+wPj8AfJAoCI=</latexit>

Dflipped
<latexit sha1_base64="A//dBor4LAXPD4Cyf0h06t9oEdU=">AAACEXicbVDLSsNAFJ3UV62vqBvBTbAI4qIkItVlQRcuK9gHNCFMJpN26OTBzI1YQvwJf8Gt7t2JW7/ArV/ipM1CWw9cOJxzL/fe4yWcSTDNL62ytLyyulZdr21sbm3v6Lt7XRmngtAOiXks+h6WlLOIdoABp/1EUBx6nPa88VXh9+6pkCyO7mCSUCfEw4gFjGBQkqsf2CGGEcE8u87dzAb6ABljfp67et1smFMYi8QqSR2VaLv6t+3HJA1pBIRjKQeWmYCTYQGMcJrX7FTSBJMxHtKBohEOqXSy6Qe5cawU3whioSoCY6r+nshwKOUk9FRnca+c9wrxX88L5zZDcOlkLEpSoBGZLQ5SbkBsFPEYPhOUAJ8ogolg6naDjLDABFSINRWKNR/BIumeNaxmo3l7Xm+dlvFU0SE6QifIQheohW5QG3UQQY/oGb2gV+1Je9PetY9Za0UrZ/bRH2ifP4vxnkw=</latexit>

Diid
<latexit sha1_base64="5+GZOFLn7IatjHyowQqA9VI+BDE=">AAACEnicbVDLSsNAFJ3UV62vqCtxEyyCuCiJSHVZ0IXLCvYBTQiT6aQZOnkwcyOWEPwJf8Gt7t2JW3/ArV/ipM1CWw9cOJxzL/fe4yWcSTDNL62ytLyyulZdr21sbm3v6Lt7XRmngtAOiXks+h6WlLOIdoABp/1EUBx6nPa88VXh9+6pkCyO7mCSUCfEo4j5jGBQkqsf2CGGgGCeXeduZgN9gCxgoyDPXb1uNswpjEVilaSOSrRd/dsexiQNaQSEYykHlpmAk2EBjHCa1+xU0gSTMR7RgaIRDql0sukLuXGslKHhx0JVBMZU/T2R4VDKSeipzuJgOe8V4r+eF85tBv/SyViUpEAjMlvsp9yA2CjyMYZMUAJ8oggmgqnbDRJggQmoFGsqFGs+gkXSPWtYzUbz9rzeOi3jqaJDdIROkIUuUAvdoDbqIIIe0TN6Qa/ak/amvWsfs9aKVs7soz/QPn8AYnuewA==</latexit>

Dhigh
<latexit sha1_base64="P9DHFsND3Dssv1nZ8nxhKMHCHbc=">AAACEXicbVDLSsNAFJ34rPUVdSO4CRZBXJREpLos6MJlBfuANoTJdNIOnUnCzI1aQvwJf8Gt7t2JW7/ArV/ipM1CWw9cOJxzL/fe48ecKbDtL2NhcWl5ZbW0Vl7f2NzaNnd2WypKJKFNEvFIdnysKGchbQIDTjuxpFj4nLb90WXut++oVCwKb2EcU1fgQcgCRjBoyTP3ewLDkGCeXmVe2gP6ACmP7rPMMyt21Z7AmidOQSqoQMMzv3v9iCSChkA4Vqrr2DG4KZbACKdZuZcoGmMywgPa1TTEgio3nXyQWUda6VtBJHWFYE3U3xMpFkqNha8783vVrJeL/3q+mNkMwYWbsjBOgIZkujhIuAWRlcdj9ZmkBPhYE0wk07dbZIglJqBDLOtQnNkI5knrtOrUqrWbs0r9pIinhA7QITpGDjpHdXSNGqiJCHpEz+gFvRpPxpvxbnxMWxeMYmYP/YHx+QO4ZZ5o</latexit>

Dlow

<latexit sha1_base64="3r9vwnsRs1FvGciIDQhOlV4kWsg=">AAACDHicbVDLSsNAFJ3UV62vaJduBotQNyERqS4LguiuQl/QhjKZTtqhkwczN2II/QV/wa3u3Ylb/8GtX+K0zUJbD1w4nHNfHC8WXIFtfxmFtfWNza3idmlnd2//wDw8aqsokZS1aCQi2fWIYoKHrAUcBOvGkpHAE6zjTa5nfueBScWjsAlpzNyAjELuc0pASwOz3Af2CJ6f3dw1cVVvVWfTgVmxLXsOvEqcnFRQjsbA/O4PI5oELAQqiFI9x47BzYgETgWblvqJYjGhEzJiPU1DEjDlZvPnp/hUK0PsR1JXCHiu/p7ISKBUGni6MyAwVsveTPzX84Kly+BfuRkP4wRYSBeH/URgiPAsGTzkklEQqSaESq5/x3RMJKGg8yvpUJzlCFZJ+9xyalbt/qJSt/J4iugYnaAqctAlqqNb1EAtRFGKntELejWejDfj3fhYtBaMfKaM/sD4/AG9vJsE</latexit> F
IT

(o
u
rs
)

<latexit sha1_base64="OzCnmJnjipjFD1Qgh4YDLEbeNPo=">AAACInicbVDLSsNAFJ3UV62vqEs3wSK0m5KIVJcFQVxW7AvaECbTSTt08mDmRiwh3+BP+Atude9OXAmu/BInbQRtvTBw7jn3cO8cN+JMgml+aIWV1bX1jeJmaWt7Z3dP3z/oyDAWhLZJyEPRc7GknAW0DQw47UWCYt/ltOtOLjO9e0eFZGHQgmlEbR+PAuYxgkFRjl4dAL0H10tur1ppZeBjGKtmmjrJj+CFJJZpWnX0slkzZ2UsAysHZZRX09G/BkPl9WkAhGMp+5YZgZ1gAYxwmpYGsaQRJhM8on0FA+xTaSezL6XGiWKGhhcK9QIwZuxvR4J9Kae+qyazm+WilpH/aq6/sBm8CzthQRQDDch8sRdzA0Ijy8sYMkEJ8KkCmAimbjfIGAtMQKVaUqFYixEsg85pzarX6jdn5UYtj6eIjtAxqiALnaMGukZN1EYEPaAn9IxetEftVXvT3uejBS33HKI/pX1+A1LVpZg=</latexit> S
F
T
(y

fo
c
u
s
)

<latexit sha1_base64="Iq1hQxWZCNDXR2abKFZ3F4o0e6M=">AAACEXicbVDLSsNAFJ34rPUVdSO4CRahbkoiUl0WBHFZsS9oQplMJ+3QyYOZGzGE+BP+glvduxO3foFbv8RJm4W2Hhg495x7uXeOG3EmwTS/tKXlldW19dJGeXNre2dX39vvyDAWhLZJyEPRc7GknAW0DQw47UWCYt/ltOtOrnK/e0+FZGHQgiSijo9HAfMYwaCkgX5oA30A10vvrltZ1fYxjFWRZKcDvWLWzCmMRWIVpIIKNAf6tz0MSezTAAjHUvYtMwInxQIY4TQr27GkESYTPKJ9RQPsU+mk0x9kxolShoYXCvUCMKbq74kU+1Imvqs68xPlvJeL/3quP7cZvEsnZUEUAw3IbLEXcwNCI4/HGDJBCfBEEUwEU7cbZIwFJqBCLKtQrPkIFknnrGbVa/Xb80rDLOIpoSN0jKrIQheogW5QE7URQY/oGb2gV+1Je9PetY9Z65JWzBygP9A+fwBkF52Y</latexit> S
F
T
(y

)

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%
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Figure 6: Full Baseline vs FIT Focus accuracy (↑) on SS. Figure giving focus accuracies (Afocus) of
the additional baselines compared to the focus accuracy of FIT on the SS dataset.

G SMNLI ABLATION OF TRAINING AND TEST TIME FOCUS INSTRUCTION
REPHRASING DIFFERENCES

We analyse the impact of using the same versus different sets of focus instructions at training and test
time when applying FIT models. Specifically, we generate alternative test set focus instructions by
paraphrasing the training focus instructions, as shown in Appendix E, using ChatGPT.

As depicted in Figure 9, the results of this ablation reveal negligible differences between using the
same or different focus instruction phrasings during training and testing. This indicates that FIT
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Figure 7: Full Baseline vs FIT Focus accuracy (↑) on SMNLI. Figure giving focus accuracies
(Afocus) of the additional baselines compared to the focus accuracy of FIT on the SMNLI dataset.

effectively trains the model to focus on or ignore features, regardless of how the instructions are
phrased.

H COMPARISON OF FIT AGAINST A SPECIFIC DEBIASING TECHNIQUE

FIT is a general framework designed to enable users to steer a model’s behavior based on specified
features. This approach provides enhanced control over model outputs during inference, adding a
critical layer of explainability and controllability to model predictions.

While understanding and mitigating biases or spurious correlations is a valuable and natural applica-
tion of FIT, it is not the sole objective. The broader goal of steerability includes addressing challenges
in managing and aligning model behaviour across diverse contexts. For instance, maintaining con-
trollability is crucial in addressing safety alignment fragility, which can emerge after fine-tuning
(Bhattacharjee et al., 2024). In such cases, the ability to adapt model responses to align with user
specifications ensures safe and reliable deployment.

Experiment. To explore FIT’s broader applicability, we compare its performance as a debiasing
method against a well-known debiasing technique: the Product of Experts (PoE) method (Mahabadi
et al., 2020). PoE involves training a bias model fB , which is trained exclusively on bias features.
This bias model mediates the training of the final model f by combining their predictions through
an elementwise product: σ(f(x))⊙ σ(fB(xB)), where x ∈ D, for dataset D, and xB represents the
biased feature of x.

We adapted this approach to our setting by training a bias model on the stereotypical labels within
the BBQ dataset. These labels correspond to group-stereotypical associations. For autoregressive
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Figure 8: Full Baseline vs FIT Focus accuracy (↑) on BBQ. Figure giving focus accuracies (Afocus)
of the additional baselines compared to the focus accuracy of FIT on the BBQ dataset.
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Figure 9: Focus accuracy (↑) for different training and test focus instruction sets. Figure
comparing focus accuracies (Afocus) of sampling from the same (top) and different (bottom) sets of
focus instructions at training and test time of models on the SMNLI dataset.

models, we further modified the PoE method by extracting and normalising the logits of the first
newly generated token position over the set of single tokens representing the answer options.

Results. The results of the debiasing experiment comparing FIT to the PoE method is shown in
Figure 10. FIT performs equally as well as the PoE method as shown by the comparing the default
prompt accuracy (∅) for the PoE models against the focus(C) results for the FIT models; both metrics
correspond to causal accuracy for these prompt types. Indicating that FIT performs just as well as a
dedicated debiasing technique.
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Figure 10: Focus Accuracy (↑) of FIT against PoE Debiasing Technique. Figure showing the
focus accuracies (Afocus) of FIT (bottom row) and the dedicated debaiasing technique, PoE (top row),
on the BBQ dataset.

However, the PoE method requires training two separate models and does not provide steerability at
test time as shown by the low focus accuracy on focus(S). Indeed the model defaults to the ground
truth label across all prompt types and does not change behaviour despite different different focus
specifications. This highlights the flexibility of FIT, which not only debiases effectively but also
enables additional controllability during inference.

I SPURIOUS SENTIMENT (SS) DATASET

We take a pre-existing dataset, in this case SST-5 (Socher et al., 2013a), and modify it in order to
induce a known spurious feature and create a spurious binary sentiment analysis dataset.

Data-generating process (DGP). We frame our DGP using a graphical model to describe the
synthetic dataset that we create. We follow a similar model to that described in (Arjovsky et al.,
2019), specifically the model used for generating their coloured MNIST dataset. We use the following
variables within our graphical model:

• C - true underlying sentiment, the core feature within this task, sampled from the original
dataset.

• S̃ - proposed spurious feature sample, here this is the presence of the keywords Bayesian
or Pineapple. We represent this as a binary vector S ∈ {0, 1}2, where the first and second
components of this vector denote the presence of either the keyword Pineapple or Bayesian
respectively. We restrict to consider only one keyword appearing in a given text at a time so
that Val(S) = {(1, 0), (0, 1)}.

• S - final spurious feature that is naturally inserted using a LLM into the final SS dataset
example X . S is a randomly flipped version of the proposed spurious feature S.

• X̃ - is a sampled example from the original dataset that we are modifying to inject known
spurious correlations.

• X - original example X̃ but augmented to include the spurious feature.

• Y - final label for element X .
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Figure 11: SS DGP. Graphical model showing the data generating process for modifying examples
from the SST-5 dataset to introduce a new spurious keyword feature S.

The graphical model describing the DGP of the SS dataset is given in Figure 11. This admits a
functional representation in the form:

C = fC(UC); (7)

X̃ = f(C,UX̃); (8)

S̃ = fS̃(C,US̃); (9)

S = fS(S̃, US); (10)

X = fX(X̃, S, UX); (11)
Y = fY (C,UY ). (12)

where U(·) are variables introducing sources of randomness into the generating process. More
explicitly, we consider the following set of equations, where D denotes the underlying dataset that
we are manipulating:

C ∼ Ber(ρC), where ρC = ρC(D); (13)

X̃ ∼ pD(·|C) , (14)

S̃ = (1C=0,1C=1) ; (15)
US ∼ Ber(ρspurious); (16)

S = USS̃ + (1− US)(1− S̃); (17)
Uincld. ∼ Ber(ρincld.); (18)

X = LLM(X̃, S); (19)
Y = C, (20)

The variable ρC gives the distribution of sentiment labels in the original binarised SST-5 dataset.
Moreover, pD(x̃|C) denotes the conditional dataset distribution of the different input texts give C
(here we assume that we are just uniformly sampling text with the given sentiment C) and 1(·) denotes
the indicator function.

Finally, we prove that ρspurious gives the coocurrence rate/predictivity between the label Y and the
spurious feature S, and is well-defined notation in the sense that it corresponds to Theorem 3.1 so
that ρspurious(s) = P(Y = ys|S = s), where ys is the label that spurious feature value s is spuriously
correlated with.

Proposition I.1. From the SCEs described above, assuming that we have a balanced label distribution,
that is ρC = 1/2, we have that

P(Y = ys | S = s) = ρspurious . (21)

for all spurious feature values s.
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Proof. First note that we have by Equation (13) and the assumption that ρC = 1/2, that P(Y = 1) =
P(Y = 0) = 1/2. Moreover, using the partition theorem, we have that

P(S = s) = P(S = s | S̃ = s)P(S̃ = s) + P(S = s | S̃ ̸= s)P(S̃ ̸= s) (22)

= ρspurious ·
1

2
+ (1− ρspurious) ·

1

2
(23)

=
1

2
. (24)

Finally note that P(S = s | Y = ys) = ρspurious as Y = ys forces C = ys, and therefore that S̃ = s
by construction.

Putting this all together and utilising Bayes’ rule gives

P(Y = ys | S = s) =
P(S = s | Y = ys)P(Y = ys)

P(S = s)
(25)

=
P(S = s | Y = ys)P(Y = ys)

P(S = s | S̃ = s)P(S̃ = s) + P(S = s | S̃ ̸= s)P(S̃ ̸= s)
(26)

=
ρspurious · 12

1
2

(27)

= ρspurious. (28)

which gives the result.

Within our experiments in Appendix I.1, we always force the label distribution to be balanced, that is
ρC = 1/2, and assume that within each dataset split, ρspurious is the same rate for all spurious feature
values. Independence conditions during training for FIT. As specified in Appendix C, we would
like to have that Y ⊥⊥ S and YS ⊥⊥ C during training so that models trained via FIT can effectively
learn to leverage focus instructions to make predictions based on specified features. Here, YS is the
spurious label spuriously correlated to spurious feature value S. The results below give sufficient
conditions for these independence conditions to be specified with respect to the DGP described in
Figure 11.

Proposition I.2. Assuming the SCEs given above and the corresponding DGP described in Figure 11,
if we have a uniform label distribution p(Y = y), that is ρC = 1/2, and have that ρspurious = 1/2 in
the SS training set, then we have that Y ⊥⊥ S.

Proof. From Theorem I.1, we have that P(Y = ys|S = s) = 1/2 when ρspurious = 1/2 for any
spurious feature value s ∈ Val(S). A balanced label distribution implies that P(Y = y) = 1/2,
for y ∈ Val(Y ). Therefore we have that P(Y = y|S = s) = P(Y = y) for all y ∈ Val(Y ) and
s ∈ Val(S), which gives that Y ⊥⊥ S.

Proposition I.3. Assuming the SCEs given above and the corresponding DGP described in Figure 11,
if we have a uniform label distribution p(Y = y), that is ρC = 1/2, and have that ρspurious = 1/2 in
the SS training set, then we have that YS ⊥⊥ C.

Proof. First note that YS is a deterministic function of S, that is YS = f(S) for some function
f : Val(S)→ {0, 1}. Therefore, it is sufficient to show that C ⊥⊥ S. Starting from P(S = s | C = c)
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Figure 12: SS SCM. SCM showing showing the spurious correlation present between the keyword
feature S and the label Y of examples within the SS dataset, induced through the described data
augmentation process.

and marginalising over S̃, we have that

P(S = s | C = c) =
∑
s̃

P(S = s | C = c, S̃ = s̃)P(S̃ = s̃ | C = c) (29)

=
∑
s̃

P(S = s | S̃ = s̃)P(S̃ = s̃ | C = c) (30)

= P(S = s | S̃ = s)︸ ︷︷ ︸
=ρspurious

P(S̃ = s | C = c)︸ ︷︷ ︸
= 1

2

(31)

+ P(S = s | S̃ ̸= s)︸ ︷︷ ︸
=1−ρspurious

P(S̃ ̸= s | C = c)︸ ︷︷ ︸
1
2

(32)

=
1

2
. (33)

Due to having a balanced label distribution with ρC = 1/2, we have that P(Y = y) = 1/2 for all
y ∈ Val(Y ). Therefore, we have that P(Y = Ys | C = c) = P(Y = Ys) for all ys ∈ Val(YS) and
c ∈ Val(C). This gives that S ⊥⊥ C under the assumptions in the proposition, and therefore due to
the deterministic relationship between S and YS , that YS ⊥⊥ C.

SCM from this DGP. Through the above data generation process, we introduce a new spurious
feature within the dataset S, the presence of the keywords Bayesian and Pineapple. Recalling
that S = (1, 0) and S = (0, 1) correspond to insertion of the keywords Pineapple and Bayesian
respectively, we introduce the following spurious correlations between feature values of S and label
Y :

1. The presence of the word Pineapple in the text X is spuriously correlated the label 0
(negative sentiment).

2. The presence of the word Bayesian in the text X is spuriously correlated with the label 1
(positive sentiment).

The sentiment feature still remains core within the augmented SS dataset, fully predicting the label Y
for each dataset example.

The above DGP, through the introduction of spurious feature S, induces a SCM that describes the
spurious correlation between spurious feature S and the label Y . The SCM, shown in Figure 12,
follows the style-content decomposition described in (Kaddour et al., 2022), where U is some hidden
confounding variable.

Data generation methodology. We use Llama-3.1-70B-Instruct to generate modifications
X of original dataset examples X̃ to create new text which include the new keywords feature. The
prompt we use for generation when modifying examples to include spurious features is give as:
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Dflipped
<latexit sha1_base64="A//dBor4LAXPD4Cyf0h06t9oEdU=">AAACEXicbVDLSsNAFJ3UV62vqBvBTbAI4qIkItVlQRcuK9gHNCFMJpN26OTBzI1YQvwJf8Gt7t2JW7/ArV/ipM1CWw9cOJxzL/fe4yWcSTDNL62ytLyyulZdr21sbm3v6Lt7XRmngtAOiXks+h6WlLOIdoABp/1EUBx6nPa88VXh9+6pkCyO7mCSUCfEw4gFjGBQkqsf2CGGEcE8u87dzAb6ABljfp67et1smFMYi8QqSR2VaLv6t+3HJA1pBIRjKQeWmYCTYQGMcJrX7FTSBJMxHtKBohEOqXSy6Qe5cawU3whioSoCY6r+nshwKOUk9FRnca+c9wrxX88L5zZDcOlkLEpSoBGZLQ5SbkBsFPEYPhOUAJ8ogolg6naDjLDABFSINRWKNR/BIumeNaxmo3l7Xm+dlvFU0SE6QifIQheohW5QG3UQQY/oGb2gV+1Je9PetY9Za0UrZ/bRH2ifP4vxnkw=</latexit>

Diid
<latexit sha1_base64="5+GZOFLn7IatjHyowQqA9VI+BDE=">AAACEnicbVDLSsNAFJ3UV62vqCtxEyyCuCiJSHVZ0IXLCvYBTQiT6aQZOnkwcyOWEPwJf8Gt7t2JW3/ArV/ipM1CWw9cOJxzL/fe4yWcSTDNL62ytLyyulZdr21sbm3v6Lt7XRmngtAOiXks+h6WlLOIdoABp/1EUBx6nPa88VXh9+6pkCyO7mCSUCfEo4j5jGBQkqsf2CGGgGCeXeduZgN9gCxgoyDPXb1uNswpjEVilaSOSrRd/dsexiQNaQSEYykHlpmAk2EBjHCa1+xU0gSTMR7RgaIRDql0sukLuXGslKHhx0JVBMZU/T2R4VDKSeipzuJgOe8V4r+eF85tBv/SyViUpEAjMlvsp9yA2CjyMYZMUAJ8oggmgqnbDRJggQmoFGsqFGs+gkXSPWtYzUbz9rzeOi3jqaJDdIROkIUuUAvdoDbqIIIe0TN6Qa/ak/amvWsfs9aKVs7soz/QPn8AYnuewA==</latexit>

Dhigh
<latexit sha1_base64="P9DHFsND3Dssv1nZ8nxhKMHCHbc=">AAACEXicbVDLSsNAFJ34rPUVdSO4CRZBXJREpLos6MJlBfuANoTJdNIOnUnCzI1aQvwJf8Gt7t2JW7/ArV/ipM1CWw9cOJxzL/fe48ecKbDtL2NhcWl5ZbW0Vl7f2NzaNnd2WypKJKFNEvFIdnysKGchbQIDTjuxpFj4nLb90WXut++oVCwKb2EcU1fgQcgCRjBoyTP3ewLDkGCeXmVe2gP6ACmP7rPMMyt21Z7AmidOQSqoQMMzv3v9iCSChkA4Vqrr2DG4KZbACKdZuZcoGmMywgPa1TTEgio3nXyQWUda6VtBJHWFYE3U3xMpFkqNha8783vVrJeL/3q+mNkMwYWbsjBOgIZkujhIuAWRlcdj9ZmkBPhYE0wk07dbZIglJqBDLOtQnNkI5knrtOrUqrWbs0r9pIinhA7QITpGDjpHdXSNGqiJCHpEz+gFvRpPxpvxbnxMWxeMYmYP/YHx+QO4ZZ5o</latexit>

Dlow

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

<latexit sha1_base64="8oiRKnLkOQUF8aDVh6/DfrisinA=">AAAB+XicbVDLSsNAFL2pr1pfVZduBkvBVUhEqsuCG5dV7APaUCbTSTt0ZhJmJkIJ/QO3uncnbv0at36J0zQLbT1w4XDOvZzLCRPOtPG8L6e0sbm1vVPereztHxweVY9POjpOFaFtEvNY9UKsKWeStg0znPYSRbEIOe2G09uF332iSrNYPppZQgOBx5JFjGBjpYdBfVitea6XA60TvyA1KNAaVr8Ho5ikgkpDONa673uJCTKsDCOcziuDVNMEkyke076lEguqgyz/dI7qVhmhKFZ2pEG5+vsiw0LrmQjtpsBmole9hfivF4qVZBPdBBmTSWqoJMvgKOXIxGhRAxoxRYnhM0swUcz+jsgEK0yMLatiS/FXK1gnnUvXb7iN+6ta0y3qKcMZnMMF+HANTbiDFrSBQATP8AKvTua8Oe/Ox3K15BQ3p/AHzucPT4KTrA==</latexit>

%

Figure 13: SS focus accuracies (↑). Focus accuracy (Afocus) of baselines and FIT on the SS dataset.

Data augmentation prompt

You are a language model designed to modify a piece of text to include an additional feature in a simple,
natural way while keeping your output as similar as possible to the original text.

Features
• pineapple: Include the word ‘pineapple’.
• Bayesian: Include the word ‘Bayesian’.

Instructions
• Ensure the output is grammatically correct.
• Keep the output as similar as possible to the original text.
• Make the minimal number of modifications and add the fewest new tokens possible to satisfy

the chosen feature.
• Do not change the sentiment of the original text.
• Do not significantly alter the length of the output.
• Incorporate the feature naturally within the original text so that it blends seamlessly with the

text’s context.
• Do not only append additional clauses at the end of the text to include the feature.
• Inclusions should be case sensitive, e.g., include ‘Bayesian’ BUT NOT ‘bayesian’.

Output
• Only return the modified text, with no additional explanations or reasoning.
• Should strictly follow the feature description and the set of instructions.
• Only include the one feature given; the other features SHOULD NOT be included even

accidentally.

I.1 RESULTS OF FIT ON THE SS DATASET

We first evaluate FIT on a synthetic binary sentiment analysis dataset. Starting with SST-5
(Socher et al., 2013a), a 5-class sentiment analysis dataset, we use Llama-3.1-70B-Instruct
(Dubey et al., 2024) to inject the spurious keywords Pineapple and Bayesian into all dataset
examples in a natural way.1 In this process, we preserve the original sentiment of the dataset
examples and combine categories of positive and negative labels into single classes, and ex-

1The LLM makes minimal edits to inputs, often inserting keywords or adding a few words for context. See
Appendix I for further details.
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<latexit sha1_base64="oC+9BDWhUY6m8Y+jy973M0wpMnI=">AAAB+HicbVBNS8NAFHypX7V+VT16WSyCp5KIVL0VvHhswdZCG8pm+9Iu3WzC7kaoob/Aq969iVf/jVd/ids2B20deDDMvMc8JkgE18Z1v5zC2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyi0jyW92aSoB/RoeQhZ9RYqdnplytu1Z2DrBIvJxXI0eiXv3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzR+dkjOrDEgYKzvSkLn6+yKjkdaTKLCbETUjvezNxH+9IFpKNuG1n3GZpAYlWwSHqSAmJrMWyIArZEZMLKFMcfs7YSOqKDO2q5ItxVuuYJW0L6perVprXlbqN3k9RTiBUzgHD66gDnfQgBYwQHiGF3h1npw35935WKwWnPzmGP7A+fwB7L6ThA==</latexit>

X
<latexit sha1_base64="u3oeHQEaBHOA62Q4SI+wsZgRbtU=">AAAB+HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKRL0FvHhMwDwkWcLspDcZMjO7zMwKMeQLvOrdm3j1b7z6JU6SPWhiQUNR1U01FSacaeN5X05ubX1jcyu/XdjZ3ds/KB4eNXWcKooNGvNYtUOikTOJDcMMx3aikIiQYysc3c781iMqzWJ5b8YJBoIMJIsYJcZK9YdeseSVvTncVeJnpAQZar3id7cf01SgNJQTrTu+l5hgQpRhlOO00E01JoSOyAA7lkoiUAeT+aNT98wqfTeKlR1p3Ln6+2JChNZjEdpNQcxQL3sz8V8vFEvJJroOJkwmqUFJF8FRyl0Tu7MW3D5TSA0fW0KoYvZ3lw6JItTYrgq2FH+5glXSvCj7lXKlflmq3mT15OEETuEcfLiCKtxBDRpAAeEZXuDVeXLenHfnY7Gac7KbY/gD5/MH7lKThQ==</latexit>

Y

<latexit sha1_base64="IB+g1T3K0BNl+cqR/Wy22r6qZvU=">AAAB+HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKRL0FvHhM0DwgWcLspDcZMjO7zMwKMeQLvOrdm3j1b7z6JU6SPWhiQUNR1U01FSacaeN5X05ubX1jcyu/XdjZ3ds/KB4eNXWcKooNGvNYtUOikTOJDcMMx3aikIiQYysc3c781iMqzWL5YMYJBoIMJIsYJcZK9fteseSVvTncVeJnpAQZar3id7cf01SgNJQTrTu+l5hgQpRhlOO00E01JoSOyAA7lkoiUAeT+aNT98wqfTeKlR1p3Ln6+2JChNZjEdpNQcxQL3sz8V8vFEvJJroOJkwmqUFJF8FRyl0Tu7MW3D5TSA0fW0KoYvZ3lw6JItTYrgq2FH+5glXSvCj7lXKlflmq3mT15OEETuEcfLiCKtxBDRpAAeEZXuDVeXLenHfnY7Gac7KbY/gD5/MH5NqTfw==</latexit>

S
<latexit sha1_base64="vEpWVwzwWuwBsY3765fHUJiiFr0=">AAAB+HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRL0FcvGYgHlAsoTZSW8yZGZ3mZkVYsgXeNW7N/Hq33j1S5wke9DEgoaiqptqKkgE18Z1v5zcxubW9k5+t7C3f3B4VDw+aek4VQybLBax6gRUo+ARNg03AjuJQioDge1gXJv77UdUmsfRg5kk6Es6jHjIGTVWatT6xZJbdhcg68TLSAky1PvF794gZqnEyDBBte56bmL8KVWGM4GzQi/VmFA2pkPsWhpRidqfLh6dkQurDEgYKzuRIQv198WUSq0nMrCbkpqRXvXm4r9eIFeSTXjrT3mUpAYjtgwOU0FMTOYtkAFXyIyYWEKZ4vZ3wkZUUWZsVwVbirdawTppXZW9SrnSuC5V77J68nAG53AJHtxAFe6hDk1ggPAML/DqPDlvzrvzsVzNOdnNKfyB8/kDy5qTbw==</latexit>

C

<latexit sha1_base64="G7PpbYfCCx4xXQfeSpvupyFUAZE=">AAAB+HicbVBNS8NAFHypX7V+VT16WSyCp5KIVL0VvHhswdRCG8pm+9Iu3WzC7kaopb/Aq969iVf/jVd/ids2B20deDDMvMc8JkwF18Z1v5zC2vrG5lZxu7Szu7d/UD48aukkUwx9lohEtUOqUXCJvuFGYDtVSONQ4EM4up35D4+oNE/kvRmnGMR0IHnEGTVWavq9csWtunOQVeLlpAI5Gr3yd7efsCxGaZigWnc8NzXBhCrDmcBpqZtpTCkb0QF2LJU0Rh1M5o9OyZlV+iRKlB1pyFz9fTGhsdbjOLSbMTVDvezNxH+9MF5KNtF1MOEyzQxKtgiOMkFMQmYtkD5XyIwYW0KZ4vZ3woZUUWZsVyVbirdcwSppXVS9WrXWvKzUb/J6inACp3AOHlxBHe6gAT4wQHiGF3h1npw35935WKwWnPzmGP7A+fwB6AKTgQ==</latexit>

U <latexit sha1_base64="IB+g1T3K0BNl+cqR/Wy22r6qZvU=">AAAB+HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKRL0FvHhM0DwgWcLspDcZMjO7zMwKMeQLvOrdm3j1b7z6JU6SPWhiQUNR1U01FSacaeN5X05ubX1jcyu/XdjZ3ds/KB4eNXWcKooNGvNYtUOikTOJDcMMx3aikIiQYysc3c781iMqzWL5YMYJBoIMJIsYJcZK9fteseSVvTncVeJnpAQZar3id7cf01SgNJQTrTu+l5hgQpRhlOO00E01JoSOyAA7lkoiUAeT+aNT98wqfTeKlR1p3Ln6+2JChNZjEdpNQcxQL3sz8V8vFEvJJroOJkwmqUFJF8FRyl0Tu7MW3D5TSA0fW0KoYvZ3lw6JItTYrgq2FH+5glXSvCj7lXKlflmq3mT15OEETuEcfLiCKtxBDRpAAeEZXuDVeXLenHfnY7Gac7KbY/gD5/MH5NqTfw==</latexit>

S

<latexit sha1_base64="oC+9BDWhUY6m8Y+jy973M0wpMnI=">AAAB+HicbVBNS8NAFHypX7V+VT16WSyCp5KIVL0VvHhswdZCG8pm+9Iu3WzC7kaoob/Aq969iVf/jVd/ids2B20deDDMvMc8JkgE18Z1v5zC2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyi0jyW92aSoB/RoeQhZ9RYqdnplytu1Z2DrBIvJxXI0eiXv3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzR+dkjOrDEgYKzvSkLn6+yKjkdaTKLCbETUjvezNxH+9IFpKNuG1n3GZpAYlWwSHqSAmJrMWyIArZEZMLKFMcfs7YSOqKDO2q5ItxVuuYJW0L6perVprXlbqN3k9RTiBUzgHD66gDnfQgBYwQHiGF3h1npw35935WKwWnPzmGP7A+fwB7L6ThA==</latexit>

X
<latexit sha1_base64="u3oeHQEaBHOA62Q4SI+wsZgRbtU=">AAAB+HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKRL0FvHhMwDwkWcLspDcZMjO7zMwKMeQLvOrdm3j1b7z6JU6SPWhiQUNR1U01FSacaeN5X05ubX1jcyu/XdjZ3ds/KB4eNXWcKooNGvNYtUOikTOJDcMMx3aikIiQYysc3c781iMqzWJ5b8YJBoIMJIsYJcZK9YdeseSVvTncVeJnpAQZar3id7cf01SgNJQTrTu+l5hgQpRhlOO00E01JoSOyAA7lkoiUAeT+aNT98wqfTeKlR1p3Ln6+2JChNZjEdpNQcxQL3sz8V8vFEvJJroOJkwmqUFJF8FRyl0Tu7MW3D5TSA0fW0KoYvZ3lw6JItTYrgq2FH+5glXSvCj7lXKlflmq3mT15OEETuEcfLiCKtxBDRpAAeEZXuDVeXLenHfnY7Gac7KbY/gD5/MH7lKThQ==</latexit>
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Figure 14: SMNLI DGP. Graphical model showing the data generating process for modifying
examples from the MNLI dataset to introduce a new spurious keyword feature S.

clude examples with neutral labels from our augmented dataset. The feature set is given as
F = {sentiment, presence of keywords (Bayesian, Pineapple)}. We inject these features so that
the presence of “Pineapple” and “Bayesian” are spuriously correlated with negative and positive
sentiment, respectively. The degree of co-occurrence is governed by ρspurious, which varies according
to the test sets described in Section 3. We ensure that ρspurious is the same for all feature values within
each dataset split. In particular, we set ρspurious to be 0.5, 0.5, 0.9, 0.25 and 0.9 on Dtrain, Diid, Dhigh,
Dlow, and Dflipped respectively. Further details of the SS dataset can be found in Appendix I.

Results. Figure 13 (a) shows the focus accuracy results of the three LLMs on the SS dataset using
few-shot prompting, after SFT(yfocus) and after FIT. We see that across all focus instructions and all
models, FIT shows significant improvement over the baselines, achieving very high focus accuracy
across all focus instruction types and across all test sets with varying predictivity levels.

Key takeaways. High focus accuracy on SS indicates that FIT successfully steers model
responses based on the feature on which it is instructed to focus or to not focus on.

J SPURIOUS NLI DATASET (SMNLI)

We generate a tertiary NLI dataset, SMNLI, with a known spurious feature. We do this considering
the MNLI dataset Williams et al. (2018). This is a NLI dataset with three labels: entailment (0),
neutral (1) and contradiction (2), where data is sampled from 5 underlying categories or genres
(telephone, government, travel, fiction or slate). We aim to induce spurious correlations between the
underlying genres and labels.

Data-generating process (DGP). We consider a graphical model to describe the DGP of examples
within the SMNLI dataset. We use the following variables within our DGP:

• C - NLI relationship between a premise and hypothesis pair, the core feature within this
task, sampled from the original dataset.

• S - spurious feature, here this is the genre of the premise and hypothesis. This is a categorical
variable.

• X - example from the MNLI dataset.

• Y - final label for element X .

The graphical model described by the DGP for producing the SMNLI dataset is given in Figure 14.
Once again, this graphical model can be represented functionally as:

S = fS(US); (34)
C = fC(S,UC); (35)
X = fX(C,E,UX); (36)
Y = fY (C,UY ). (37)
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More specifically, given the orignal dataset D that we are sub-sampling from, the functions that we
use within the DGP for the SMNLI dataset are given by:

S ∼ Cat(S), (38)
UC ∼ Ber(ρspurious); (39)

C =

{
yS if UC = 1;

∼ Unf(Val(Y ) \ {yS}) if UC = 0;
; (40)

X ∼ pD(·|C, S) (41)
Y = C. (42)

Here, Cat(S) is a uniform categorical distribution over spurious feature values (here the underlying
genre of the premise-hypothesis pairs). Furthermore, we define yS to be the NLI label that a
particular value of S is spuriously correlated with by design. Moreover, pD(x|C, S) is the conditional
distribution over the dataset examples (premise-hypothesis pairs) that have NLI relationship C and
genre S.

We restrict the genres within the model to S ∈ {slate, government, fiction, travel}, a subset of the
genres of the training set. When creating a distribution shifted test set, we restrict the genres to
S ∈ {facetoface, nineeleven, verbatim}. The specific spurious correlations between a genre s and
a label ys are chosen to be: yslate = 0; ygovernment = 2; yfiction = 1; ytravel = 0; yfacetoface = 2;
ynineeleven = 0; yverbatim = 1.

In this way we generate spurious correlations within the dataset through sub-sampling to induce
spurious correlations between S and Y .

We show that the notion of ρspurious in Equation (39) aligns with the notation in Theorem 3.1.
Proposition J.1. From the SCEs described above, we have that

P(Y = ys | S = s) = ρspurious . (43)

for all spurious feature values s.

Proof. This is clear considering Equation (40), where ρspurious influences the chance that we sample
ys, i.e. the label spuriously correlated with feature value s.

SCM for SMNLI. The DGP again induces a SCM that induces spurious correlations between
spurious features S and the label Y . The SCM has the same structure as in the SS dataset, and is
given in Figure 17 where once again, U again is some hidden confounding variable.
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Figure 15: SMNLI SCM. SCM showing showing the spurious correlation present between the
keyword feature S and the label Y of examples within the SMNLI dataset, induced through the
described sub-sampling process of the MNLI dataset.

Independence conditions during training for FIT. As specified in Appendix C, we would like to
have that Y ⊥⊥ S and YS ⊥⊥ C during training so that models trained via FIT can effectively learn to
leverage focus instructions to make predictions based on specified features, where, again, YS is the
label spuriously associated to spurious feature value S. The results below give sufficient conditions
for this to occur with respect to the DGP described in Figure 14.
Proposition J.2. Assuming the SCEs given above and the corresponding DGP described in Figure 14,
if we have a uniform label distribution p(Y = y), and have that ρspurious = 1/3 in the SMNLI training
set, then we have that Y ⊥⊥ S.
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Proof. From Theorem J.1, we have that P(Y = ys | S = s) = 1/3 when ρspurious = 1/3 for any
spurious feature value s ∈ Val(S). Moreover, we have that from Equation (40)

P(Y = y | S = s) = P(C = y | S = s) (44)
= P(UC = 1)︸ ︷︷ ︸

= 2
3

P(C = Y |S = s)︸ ︷︷ ︸
= 1

2

(45)

=
1

3
, (46)

for each y ∈ Val(Y ) \ {ys}.
Using this alongside the assumed balanced label distribution, P(Y = y) = 1/3 for y ∈ Val(Y ),
implies that we have P(Y = y|S = s) = P(Y = y) for all y ∈ Val(Y ) and s ∈ Val(S), which gives
that Y ⊥⊥ S.

Proposition J.3. Assuming the SCEs given above and the corresponding DGP described in Figure 14,
if we have a uniform label distribution p(Y = y), and have that ρspurious = 1/3 in the SMNLI training
set, then we have that YS ⊥⊥ C.

Proof. Note that YS is a deterministic function of S, so that YS = f(S) for some function f :
V al(S)→ Val(Y). Therefore, it suffices to show that S ⊥⊥ C.

First, using that ρspurious = 1/3, we have from Equation (40) that

P(C = c | S = s) =

{
1/3 if c = f(s),

2/3 · 1/2 else.
(47)

=
1

3
, (48)

for all c ∈ Val(C) and y ∈ Val(Y).

Now we consider the marginal distribution of C. Let |Val(S)| = k be the number of spurious feature
values. Using the previous result, we have that:

P(C = c) =
∑
s

P(C = c | S = s)︸ ︷︷ ︸
=1/3

P(S = s)︸ ︷︷ ︸
1/k

(49)

=
∑
s

1

3k
(50)

=
1

3
. (51)

Therefore, we have that P(C = c | S = s) = P(C = c), for all c ∈ Val(C) and s ∈ V al(S), which
then implies that S ⊥⊥ C. Therefore, using that the spurious label YS is a deterministic function of S,
we have that YS ⊥⊥ C under the assumptions within the proposition.

K SPURIOUS HANS DATASET (SHANS)

We generate a binary NLI dataset, SHANS, with a known spurious feature. We do this considering
the HANS dataset McCoy (2019). This is an NLI data set with two labels: entailment (0) and
contradiction (1). This is an adversarial dataset designed to assess different NLI models’ reliance on
spurious heuristics rather than on the underlying relationship between the premise and the hypothesis
when making predictions. Specifically, the author’s consider three major categories of heuristics:
lexical overlap heuristic (assuming that a premise entails from words within the hypothesis) , sub-
sequence heuristic( assuming that the premise entails all any of its contiguous sub-sequences of
words) and constituent heuristic (assuming that a premise entails a hypothesis that is any constituent
within it’s syntactic parse tree).

Data-generating process (DGP). We consider a graphical model to describe the DGP of examples
within the SHANS dataset. We use the following variables within our DGP:
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C

Figure 16: SHANS DGP. Graphical model showing the data generating process for modifying
examples from the SHANS dataset to introduce a new spurious features Slex., Ssub. and Sconst. which
are encoded within the categorical spurious feature S which represents one of these three heuristics.

• C - NLI relationship between a premise and hypothesis pair, the core feature within this
task, sampled from the original dataset.

• Slex. - spurious feature, here the presence of a hypothesis entirely made from words from
the premise. This is a binary categorical variable (present/ not present).

• Ssub. - spurious feature, here the presence of a hypothesis that is a contiguous subsequence
of the premise. This is a binary category feature (present/ not present).

• Sconst. - spurious feature, here the presence of hypothesis that is a constituent/subtree of the
premise. Here we have a binary variable (present/ not present).

• X - example from the HANS dataset.

• Y - final label for element X .

The graphical model described by the DGP for producing the S-HANS dataset is given in Figure 16.
Once again, this graphical model can be represented functionally as

S = fS(US); (52)
C = fC(S,UC); (53)
X = fX(C,E,UX); (54)
Y = fY (C,UY ), (55)

where here we define S to be a categorical feature over the set of the presence of each of the three
heuristics introduced above which we denote, through overloaded notation, by S = {slex., ssub., sconst.}.
More specifically, given the original dataset D that we are sub-sampling from, the functions that we
use within the DGP for the S-HANS dataset are given by:

S ∼ Cat(S), (56)
UC ∼ Ber(ρspurious); (57)

C ∼
{
yS if UC = 1;

∼ U(Val(Y ) \ {yS}) if UC = 0;
; (58)

X ∼ pD(·|C, S) (59)
Y = C. (60)

Here, Cat(S) is a uniform categorical distribution over S which effectively selects the precence
of exactly one of the three spurious feature heuristics. We define yS to be the NLI label that a
particular value of S is spuriously correlated with by design. Moreover, pD(x|C, S) is the conditional
distribution over the dataset examples (premise-hypothesis pairs) that have NLI relationship C and
the presence of spurious heuristics S.

We consider the presence of each feature to be separate binary spurious features. The specific
spurious correlations between heuristics and labels Y are chosen to be: ySlex.=1 = 0; ySsub.=1 = 0;
ySconst.=1 = 1.

In this way we generate spurious correlations within the dataset through sub-sampling to induce
spurious correlations between the heuristics and Y .
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Sconst.

Figure 17: SHANS SCM. SCM showing the spurious correlations present between the binary
precence of heurstics features Slex., Ssub. and Sconst. and the label Y of examples within the S-HANS
dataset, induced through the described sub-sampling process of the S-HANS dataset.

Transferred results from SMNLI. As we use the same DGP as for the SMNLI dataset described in
Appendix K, all of the results that we have proven for SMNLI, translate to the SHANS dataset. In
particular, we have that ρspurious aligns with the notation in Theorem 3.1, and that we have Y ⊥⊥ S
and YS ⊥⊥ C under the assumptions of balanced label distributions and ρspurious = 1/2 within the
training set used for FIT training.

SCM for SHANS. The DGP again induces a SCM. In particular, considering S as consiting of three
binary spurious features slex., ssub. and sconst.. The SCM has a similar structure to as in the SS and
S-MNLI datasets, and is given in Figure 17 where once again, U again is some hidden confounding
variable.

L FIT ON SHANS

Here we give the results of performing SFT and FIT on the SHANS datasets.

Spurious HANS (SHANS) dataset. We generate binary NLI dataset sub-sampled from HANS
(McCoy, 2019), a dataset designed to challenge NLI models by exposing common heuristics they
rely on, such as lexical overlap (whether the hypothesis shares many words with the premise), sub-
sequence (whether the hypothesis is a contiguous sub-sequence of the premise), and constituent
(whether the hypothesis is a grammatical sub-structure of the premise). The presence of these
heuristics are spuriously correlated with labels through sub-sampling of the presence of each of the
heuristics from the original dataset. The degree of co-occurrence is governed by ρspurious, which varies
according to the test sets described in Section 3. We ensure that ρspurious is the same for all feature
values within each dataset split. In particular, we set ρspurious to be 0.5, 0.5, 0.9, 0.25 and 0.9 on Dtrain,
Diid, Dhigh, Dlow and Dflipped respectively.

Results. Figure 18 shows the focus accuracy results of performing SFT and FIT on the SHANS
dataset for the Llama-3.1-8B-Instructmodel. As expected, the trained features show high
focus accuracy. However, for non-trained features, we observe lower focus accuracy. This could be
attributed to the overlapping nature of the heuristics in SHANS, which are often graded versions of
each other with different levels of specificity. For instance, the sub-sequence heuristic can overlap
with both lexical overlap and constituent heuristics (e.g., the example with Premise:“Before the actor
slept, the senator ran” and Hypothesis: “The actor slept.” satisfies all three heuristics). This overlap
likely confuses the model during generalisation, as it struggles to distinguish between heuristics not
seen during training and those that are similar. These results suggest a potential limitation of FIT
when dealing with features that are not sufficiently distinct or have significant overlap.
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Figure 18: SHANS focus accuracies (↑). Focus accuracy (Afocus) of
Llama-3.1-8B-Instructafter FIT on the SHANS dataset. Here, C refers to the core
feature (logical relationship between premise and hypothesis) and S the spurious feature (heuristic
used)
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