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Do LLMs know internally when they follow or do not follow instructions?
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Motivation Methods

Instruction-following matters for building reliable
LLM agent.

A key to building safe and useful personal Al agents with
LLMs lies in their ability to follow instructions precisely.
Deployed models must strictly follow the instructions
and constraints from users to ensure that the outputs
are both safe and aligned with user intentions.

However, LLMs fail to follow even ‘simple’ and
'nonambiguous’ instructions.

GPT-4 achieves around an 80% success rate on IFEval
(Zhou et al., 2023), an instruction-following benchmark
dataset, while smaller models have success rates
around 30% to 40%. (Zhou et al., 2023; Qin et al., 2024;
Xia et al., 2024; Kim et al., 2024; Yan et al., 2024)

Results

1) We identify an instruction-following dimension using linear probes,

which generalizes to unseen tasks, but not to unseen instruction types.

We identify a specific dimension within the input embedding space of LLMs
that is closely linked to instruction-following using linear probes, by carefully
designing our setting to disentangle the effects of tasks and instructions in
input prompts.
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To gain a better understanding of instruction-following outcomes, we analyze the internal state of LLMs.

By applying linear probing, we identify a specific dimension within the input embedding space that is strongly associated with instruction-following. While
previous work has primarily used linear probing to explore representations related to truthfulness and reducing hallucinations (Azaria & Mitchell, 2023; Marks &
Tegmark, 2023; MacDiarmid et al., 2024), our study extends this method to investigate instruction-following.

Example of Al agent Linear probes: Instruction-following dimension

Representation Engineering

Task: Please generate a warm-up plan for 50 year old
female with a knee problem

Instructions: Do not include knee-required positions

WARM-UP PLAN WARM-UP PLAN
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RQ: Is there any difference between success and failure cases in instruction-following?

2) We apply representation engineering to convert failure cases to
success.

We demonstrate that this dimension generalizes to unseen tasks and that
modifying representations along this dimension effectively converts
instruction-following failures into successes without compromising response
quality.
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Figure 3: Transition metric for Representation Engineering on the last layer of four models
Success rate (SR) only on high quality responses in task execution (scoring above 7 by GPT-4,
scale from 0 to 9). The Success conversion ratio (SCR) indicates the proportion of originally failed
responses that became successful after modification, while Success preservation ratio (SPR) reflects
the proportion of originally successful responses that remained successful.

Discussion

To interpret the meaning of this dimension, we conduct
a sensitivity analysis based on perturbations to the
input prompt. Our findings reveal that this dimension is
linked to how prompts are rephrased.

Sensitivity analysis of three types of perturbations on instruction-following dimension
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Modification Modification

Through a sensitivity analysis, our findings reveal that this
dimension is linked to how prompts are rephrased,
underscoring that instruction-following in LLMs is influenced
by how prompts are encoded within the model’s input
embeddings. This explains why LLMs sometimes fail to follow
clear, simple instructions and why prompt engineering can
enhance instruction adherence, even when the content
remains largely unchanged.
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