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A key to building safe and useful personal AI 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.

Instruction-following matters for building reliable 
LLM agent.

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)

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.
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Figure 1: Overview of our paper. Left: Success and failure cases in a personalized AI fitness planner.
The task is to generate a warm-up plan while avoiding knee-required positions. The success case
follows the instruction, while the failure case violates it. Middle: Linear probing is applied to an-
alyze internal representations from success and failure cases, identifying the instruction-following
dimension. The probe is tested on unseen tasks (e.g., writing a CV) and instruction types (e.g.,
include/exclude keywords). Right: Representation engineering is used to shift failure cases into
success by adjusting the representations along the instruction-following dimension, improving ad-
herence without compromising task quality.

‘please write a resume’). By applying linear probing—a widely used method for interpreting model
representations (Alain & Bengio, 2016; Belinkov, 2022; Elazar et al., 2021)—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 truthful-
ness and reducing hallucinations (Azaria & Mitchell, 2023; Marks & Tegmark, 2023; MacDiarmid
et al., 2024), our study extends this method to investigate instruction-following. We demonstrate
that this dimension generalizes to unseen tasks, indicating that it captures a fundamental aspect of
instruction adherence in LLMs.

To validate the significance of the instruction-following dimension, we applied representation engi-
neering techniques to enforce instruction-following based on insights from our linear probes. Our
experiments show that adjustments along this specific dimension are more effective in enhancing
instruction-following success rates than random modifications, while maintaining the overall qual-
ity of the generated responses. These results indicate that the instruction-following dimension plays
a crucial role in shaping the model’s behavior, toward better adherence to instructions.

To further interpret the meaning of this dimension, we conduct a sensitivity analysis based on three
key perturbations to the input prompt: task familiarity, instruction difficulty, and phrasing. Our
findings reveal that this dimension is more related to the rephrasing of prompts rather than the
inherent difficulty of the task or instructions. This suggest that the way a prompt is encoded within
the model’s input representation space plays a significant role in whether the instruction is followed
correctly. This observation not only provides a deeper understanding of why LLMs sometimes fail to
adhere to straightforward instructions but also offers an explanation for the effectiveness of prompt
engineering, even when the content of the prompt remains largely unchanged.

Overall, this work sheds light on the underlying mechanisms of instruction-following in LLMs by
uncovering a critical dimension in the model’s representation space. These insights enhance our
understanding of LLM behavior and offer practical approaches to improving instruction adherence,
bringing us closer to developing more reliable and trustworthy AI agents.

1.1 CONTRIBUTIONS

• We identify a specific dimension within the input embeddings 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.

2

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

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.

Results
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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Model Original SR Random SR Inst-follow SR Original QR Random QR Inst-follow QR

LLaMA-2-chat-7B 0.57 ± 0.00 0.55 ± 0.00 0.59 ± 0.00 0.87 ± 0.09 0.85 ± 0.10 0.87 ± 0.08
LLaMA-2-chat-13B 0.61 ± 0.00 0.54 ± 0.12 0.65 ± 0.02 0.92 ± 0.00 0.91 ± 0.02 0.94 ± 0.00

Mistral-7B-inst-v0.3 0.58 ± 0.00 0.56 ± 0.02 0.64 ± 0.02 0.95 ± 0.02 0.86 ± 0.02 0.98 ± 0.06
Phi-3-mini-128k 0.71 ± 0.00 0.63 ± 0.04 0.74 ± 0.01 0.76 ± 0.01 0.76 ± 0.01 0.78 ± 0.00

Table 4: Representation Engineering results on the last layer across four models. Success rate
(SR) for instruction-following and quality ratio (QR) for task quality are compared across the orig-
inal outputs, outputs using the instruction-following dimension, and outputs using a random direc-
tions. RE along the instruction-following dimension improves SR while maintaining or enhancing
QR, unlike random adjustments which often reduce both SR and QR. Standard deviations are across
three runs with different random seeds.

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.

3 REPRESENTATION ENGINEERING

We identified a dimension within the input embedding space associated with instruction-following.
To evaluate whether this dimension significantly impacts the models’ behavior, we manipulated the
representations along this direction using representation engineering (Marks & Tegmark, 2023; Zou
et al., 2023). An increase in the models’ instruction-following success rate tied to manipulations
along the identified direction validates the role of the dimension in shaping the models’ generation
outcomes toward instruction adherence.

3.1 SETTINGS

Method For each input representation Roriginal, we applied a transformation in the identified di-
rection D using the formula Rupdated = Roriginal + ω→D, where ω is a scaling hyper-parameter.
We applied this transformation to all input representations, including both success and failure cases,
to evaluate whether RE could improve instruction following universally, without disrupting cases
where the model was already successful. This adjustment was applied to the representations in the
last layer of the model, as it was more robust to variations in ω. We focused on the representation
of the first token, which corresponds to the input embedding before any response generation, since
the goal of representation engineering (RE) is to adjust internal representations before the response
is generated to improve the model’s instruction adherence. The direction D is the weight of a linear
probes trained on all IFEval-simple dataset. 3

Metric We evaluated the success rate (SR) of instruction-following using predefined evaluation
functions from the IFEval (Zhou et al., 2023). Additionally, we assessed the quality of the responses

3We also experimented with training the linear probe on 70% of the IFEval-simple dataset and applying
RE to the remaining 30% test set. The results were similar but slightly worse than when the linear probe was
trained and RE was applied to the entire dataset. Since our primary focus is on analyzing the variance caused
by RE itself, rather than variance from train-test splits, we present the results using the full dataset here.

6

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.

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.
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Figure 4: Cosine similarity alignment for modified data in the ‘forbidden keyword’ instruction
type across two models (Llama-2-7b-chat (Left) and Llama-2-13b-chat (Right)). The figure shows
the cosine similarity between the instruction-following dimension and the difference vector (com-
puted as the difference between the original prompt’s representation and the average representation
of five modified prompts) across 20 sampled prompts. Modifications include changes in task fa-
miliarity, instruction difficulty, and phrasing. The results indicate that phrasing modifications align
more closely with the instruction-following dimension, suggesting that how prompts are phrased
plays a crucial role in determining instruction adherence.

related to representation engineering and editing techniques aimed at modifying model knowledge
and behavior (Zou et al., 2023; Rimsky et al., 2023; Li et al., 2024a; Park et al., 2023; Chen & Yang,
2023; Luo et al., 2024; Turner et al., 2023). Our work is distinct from these previous efforts, which
primarily focus on representations related to truthfulness and reducing hallucinations. In contrast,
our study centers on representations related to instruction-following, highlighting the importance of
understanding how models internally handle instructions.

6 DISCUSSION AND CONCLUSION

6.1 LLMS INTERNALLY RECOGNIZE WHETHER THEY WILL FOLLOW INSTRUCTIONS

Our findings suggest that LLMs may possess an inherent ability to predict whether they will suc-
cessfully follow instructions, even before the generation process begins. This capability is supported
by several key observations:

LLMs generalize well across tasks but struggle with different instruction types We find that
while LLMs can generalize across different tasks, they struggle with generalization across differ-
ent instruction types. This suggests that distinct instruction categories may have unique geometries
within the models’ internal representation space, making it more challenging for the model to gen-
eralize across them.

LLMs can predict instruction success from the first token We observe that the model’s inter-
nal representations are separable from the very first token, which corresponds to the embedding of
the input prompt. This indicates that the likelihood of instruction-following success can be deter-
mined early in the process, before the model generates any responses. This highlights the critical
role of how the input prompt is encoded and the importance of input representations in predicting
instruction-following outcomes.

Representation engineering increases instruction-following success We further validate the sig-
nificance of the identified instruction-following dimension by adjusting the model’s representations.
By moving failure cases into the success class along this dimension and comparing the results to ran-
dom adjustments, we observe a significant increase in the success rate while keeping the task quality.
This demonstrates that the identified dimension is both meaningful and can be used practically.

The instruction-following dimension is closely tied to prompt phrasing Our findings, in Figure
4, reveal that the instruction-following dimension is most closely associated with the phrasing of
prompts, rather than the inherent difficulty of the task or the specific details of the instructions. This
suggests that how instructions are phrased plays a crucial role in whether LLMs will follow them
and is consistent with our finding on the separability of representations from the early token.
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Discussion


