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- . . _ . @
Instruction Tuning (IT) used to align pre-trained ﬁ:) You are a helpful assistant ]
models and encourage instruction-following. Has key e Contoxt. N\
. . A woman and a man are interviewing an
limitations: engineering candidate for a software company.

The woman asked the algorithm questions and
the man asked the behavioural questions.

Question:

o May misalign the model with respect to pre-training Whawas not able to ask technical interview

questions?
o /

behaviour e.g. safety specifications (Qi et al. 2023)
Instruction Tuning (IT)

@ The woman d

Necessitates test time adaption of
models to realign behavior.
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O Experiments

» Model steering: adapt behaviour of pre-trained models at

inference time.

. . . L2998 __ L9 1
> Focus on representation-level interventions: | +—— Fondforward neura nework um
Lo e __i__® layers
epe . ! Self-attenti
o Can be difficult to work with. :  S— : '
o Notthe most natural way of interacting with models. COERER . ES
. . . Steering Vector Example: Example of the addition of a
o Not dynamic —interventions must be computed for each steering vector to the internal activations of a LLM.

Image: (Subramani et al. 2022)

target behaviour.
o They do not integrate adaptability as an intrinsic feature of the

model.
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Can we design a method that:
M Allows adaptive, test-time steering of LLMs.
& Is easy to implement and integrates adaptability intrinsically.

M Does not require computing new interventions for each new target
behaviour.

M Works through natural language.

Focus Instruction Tuning (FIT)




FIT framework to address this
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Q ) A Q N
i . . FIT - Focus
\[‘) You are a helpful assistant ) Instruction Tunlng (IT)
Focus on Interview Content ]
/ Context: \ The woman d
A woman and a man are interviewing an = The man =
engineering candidate for a software company. VAN &)/
The woman asked the algorithm questions and N ™
the man asked the behavioural questions. FIT - Ignore FIT - Ignore and Focus
Question: Ignore Gender ] p Ignore Gender, Focus on Interview Content ]
Who was not able to ask technical interview
K questions? / The man - The man =
&)\ &/ /
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Methodology: Focus Instructions

Experiments

» Firstintroduce focus instructions - natural language prompts indicate which features to

focus on orignore.

Liocus = {@, fOCUS(Fi), ignore(Fj)
, focus(F;) Aignore(F;) | F;, F; € F}

-

Exclude I .

N

= Direct your attention solely to F; .
* Exclude Fj from your evaluation.

= Base your prediction solely on Fj .

~
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Methodology: Focus Labels and Accuracy

[‘ Instruction: You are a helpful assistant. Answer the question below. (I) ]

/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; (¢) Cannot answer. Y

~

- focus(C): Focus on answering question
from the context alone.

Tioeus - ignore(S): Ignore age.
- focus(C) A ignore(.S): Focus on
answering question from the context alone,
ignore age.

\ / - focus(S): Focus on age. \

- ignore(C): Don't focus on answering
the question based on the context the
alone.

- focus(S) A ignore(C): Focus on age,
don't answer the question based on the

context alone.

[yfocus] [ (a) The more youthful man. (¥ )?[

(b) The old man. ( Ys ) ﬂ

Experiments

focus(C) :
ignore(S) :

focus(5) :

Afocus(Ifocus) = ﬁ Z 1(@ = yfocus)7

(z,y)€D
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Results: BBQ Dataset
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Parris et al. 2022).

(

BBQ

> Test sets contain see and unseen

features during training.

== Seen == Unseen

8

[ Key Takeaway: FIT enables models to adjust responses to mitigate social biases, including unseen ones. ]
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(> FIT transfers to NLG setting on modified BBQ setup.\ (> FIT robust to and scales with model size. )

(a) Seen (b) Unseen
Mistral Llama Vicuna 95 /
2 [}
» P ———
fes(S) A fes(S) A fes(S) A 2
ign(C) 1S ign(C)f {es(C)  ign(c), fes(C) A 85
280
%% ‘L%/l B Yo% T
1es(S) 1S fes(s) 71es(C)  fes(s) ™ 7 /fes(C) 70‘
% (S) 2 A ign(s) \ Aign(s) &
lg;‘\(éj \g;|(S) lg;‘(S) 1.58 3B 78 1.5B 3B 78
0 T focs(S)  —4— focus(C) A ignore(s)
~Seen ~Unseen fous(C) - ignore(S)  —4— focus(S) A ignore(C)
Figure 6. BBQ-NLG FIT Focus Accuracies (). Mean focus Figure 8. Model Size Ablation. Mean focus accuracy (+1 standard
deviation) across for Qwen-2.5-Instruct models at 1.5B, 3B,
accuracy (Afocus) of FIT models on the BBQ-NLG dataset. The ) Ziocus for Q . ’
. dard deviati FIT del d7 and 7B parameters on the BBQ dataset: (a) test sets with social
mulmum stan ar e_Vlanon across across models and Lfocus bias features seen during training; (b) test sets with unseen social
K is . fcs = focus, ign = ignore. K bias features. j

AN

(% FIT does not degrade instruction following and (" > FIT robust to focus instruction rephrasings. )

zero-shot performance. 2 2

fes(S)n
ign(C)

fes(S)n fes(S)n
156 ign(c) 1es(0) ign(c) fes(C)

Ttocus
Model Llama Mistral Vicuna Some y bt b %o bl
Pre-Trained Avg. Rating (1) 3.51 3.65 346 o) ™ kN e
FIT Avg. Rating (1) 3.45 3.65 3.50 ign(s)
o
p-value 0.5750.05 0.815005 0.4150.05 festS)n fes(S) fes(9)
n© 1656 ign(c) 165(0) ign(c) fes(©)
Table 1. Instruction Following After FIT. For| " uzl,‘r“e‘r:_‘“ b ( L i
(columns), we report the pre-trained and FIT| Model [jlama Mlstral fes(©) /es(C) fes(c)
. . - . Pre-Trained  FIT  Pre-Trained  FIT e e ~anis) ™ Rign(s)
ratings, and the two-sided Wilcoxon Signed-Ra e N = N = g
- S N ion ion o
the difference between the distributions of rating ~ Accuracy (1) 30.4 29.6 29.4 29.0

Perplexity (1) 6.29 279 152 522 (= Ps == Do = Diow == Dagee]

Table 2. Zero-Shot MMLU After FIT. We report pre-trained (PT) Figure 7. Different Training and Test Ziucus Focus Accuracy (7).
| . SMNLI focus accuracies (Arocus) When test focus instructions Trocus
and supervised fine-tuned (FIT) average accuracy and perplexity

" prompts are drawn from the training focus instruction set (top) (see 9
K for Llama and Mistral models. / \ Figure 9) versus a paraphrased focus instruction set (bottom). fcs j




Conclusions
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» Focus Instruction Tuning (FIT) enables natural test-time steering of
language models without retraining.

» Effective & robust, FIT supports precise steering across tasks, model
sizes, and under the particular phrasing of focus instructions.

» Generalisable & fair, FIT maintains performance under distribution
shift, generalises to unseen features and reduces stereotypical
biases.

Thanks for listening!

[ Poster: Tue 15 Jul 11 a.m. PDT — 1:30 p.m. PDT ]
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