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Instruction-following matters for building reliable LLM agent.

Deployed models must strictly follow the instructions and constraints 
from users to ensure that the outputs are both safe and aligned with user 
intentions.
Since LLMs are prone to errors, uncertainty estimation ability in 
instruction-following is essential.

If the LLM misinterprets or deviates from these instructions but accurately 
recognizes and signals high uncertainty, it could prompt further review or 
intervention, thereby preventing the delivery of potentially harmful advice.

However, uncertainty estimation in instruction following tasks has 
received limited attention.

Instruction-following tasks focus on whether a model’s response adheres 
to a set of given instructions, rather than estimating the factual accuracy 
(Figure 1). Given these different source of uncertainty, it is unclear whether 
existing methods, which are typically designed for estimating factual 
uncertainty, can accurately capture uncertainty in instruction following.

Uncertainty estimation methods  
We employ three types;  
Self-evaluation of their own uncertainty 

- verbalized confidence(Lin et al., 2022),  
- p(true) (Kadavath et al., 2022),  

Logits-based method  
- perplexity,  
- sequence probability, 
- mean token entropy 
(Fomicheva et al., 2020), 

Linear probe (Liu et al., 2024)

Let’s evaluate uncertainty estimation in instruction-following 
tasks using existing datasets.

However, using existing dataset has limitations.

For example, uncertainty sourced from task execution quality is entangled 
with uncertainty stemming from instruction-following. Furthermore, there 
exists length bias, incorrect responses tend to be longer than correct ones 
across different LLMs in the IFEval dataset, thus models are only evaluated 
in length-biased settings, missing comparisons on controlled, length-neutral 
conditions

Thus, we suggest new benchmark datasets.

To disentangle the complexities that can obscure uncertainty estimation, we 
design two distinct versions of the dataset: Controlled and Realistic. The 
Controlled version neutralizes the influence of token length. Meanwhile, the 
Realistic version leverages actual LLM-generated responses that naturally 
incorporate real-world signals, including length signal.
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Case Task quality entanglement
Inst-following Task quality Verbalized confidence

Case 1 o H 7.53± 0.49
Case 2 o L 7.00± 0.63
Case 3 x H 7.42± 0.51
Case 4 x L 6.64± 0.33

Model Instruction-following eval
Correct Wrong Diff

Llama-2-chat-13B 7.48± 2.78 6.37± 3.40 1.11
Llama-2-chat-7B 7.10± 3.24 6.56± 3.15 0.54
Mistral-7B-Inst-v0.3 7.54± 2.95 6.77± 3.29 0.77
Phi-3-mini-128k-instruct 6.10± 3.61 5.12± 3.77 0.98

Table 2: Left Verbalized confidence from the LLaMA-2-chat-7B model on four cases of instruction-
following and task quality. GPT-4 evaluates task quality(0-9), where H and L represent high and
low task quality(threshold 8), respectively, and o and x indicate whether the responses successfully
follow the instructions. It shows that verbalized confidence is affected by task quality, revealing
the entanglement between uncertainty from task execution quality and instruction-following. Right
GPT-4 evaluates instruction-following scores for correct and incorrect responses across four LLMs.
The Diff represents the gap between correct and incorrect cases, showing different levels of difficulty
in distinguishing between correct and incorrect responses across models.

and Mars” is informative with high task quality but fails to follow the instruction. We observe that
task execution quality also influences the models’ uncertainty scores. For example, in Table 2, the
LLaMA-2-chat-7B model assigns an average verbalized confidence score of 7.0 to the first response
grouping (low task quality but correct instruction-following) and 7.4 to the second (high task quality
but incorrect instruction-following).

This shows that task quality can confound uncertainty estimation in instruction-following. When
task execution quality is not controlled, the uncertainty arising from task completion can over-
shadow the uncertainty associated with following instructions, leading to inaccurate evaluations
of the model’s true instruction-following uncertainty. A controlled setup, where task quality is
held constant, can help disentangle these two sources of uncertainty, allowing for a more focused
evaluation of models’ uncertainty estimation specific to instruction-following. Detailed prompt for
evaluating task execution quality can be found in Appendix A.3.

3) Differences in the severity of instruction-following mistakes across models create incon-
sistent difficulty levels, complicating model comparisons. Our primary objective is to assess
LLMs’ uncertainty estimation capabilities, independent of their instruction-following accuracy in
generating responses. However, when using the IFEval dataset, these two factors are entangled,
making it difficult to isolate uncertainty estimation from the model’s overall instruction-following
performance. For example, LLaMA-2-chat-13B, which generally has a higher instruction-following
accuracy, tends to make more obvious errors when it fails to follow instructions. On the other hand,
LLaMA-2-chat-7B not only makes these obvious mistakes but also exhibits more subtle instruction-
following errors, where responses partially follow the instructions but miss specific details. As a
result, uncertainty estimation becomes more challenging for LLaMA-2-chat-7B, where it has to
measure uncertainty in more nuanced instruction violations, compared to LLaMA-2-chat-13B.

To quantify the difference in task difficulty, we use GPT-4 to score the responses on a scale from 0
to 9 based on their adherence to instructions. Table 2 shows that the score gap between correct and
incorrect responses is smaller for LLaMA-2-chat-7B compared to LLaMA-2-chat-13B, highlighting
the more subtle nature of 7B’s errors. In contrast, 13B’s errors are more drastic, making them
easier to identify and be recognized as having high uncertainty. This variation in task difficulty
across models complicates direct comparisons of their uncertainty estimation abilities. To ensure
fair comparisons across models, it is necessary to evaluate models under controlled difficulty levels.

3 UNCERTAINTY ESTIMATION ABILITY IN INSTRUCTION-FOLLOWING ON
OUR BENCHMARK DATA

The challenges identified in the previous section—length bias, the entanglement of task execution
quality with instruction-following, and varying difficulty levels across models—underscore the need
for a controlled and robust framework for evaluating uncertainty estimation. To address these issues,
we develop a new benchmark dataset comprising two versions: Controlled and Realistic version.
These versions allow for the evaluation of uncertainty estimation under controlled conditions (Con-
trolled) and real-world scenarios (Realistic).
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(a) Length distribution on IFEval (b) Length differences by instruction types (c) Length in Controlled version

Figure 2: Existing instruction-following datasets only evaluate uncertainty estimation methods
in length-biased settings, missing comparisons on controlled, length-neutral conditions. The
distributions are normalized by the total number of responses in each class. (a) Token lengths dis-
tribution for LLaMA-2-chat-7B shows that incorrect responses tend to be longer than correct ones.
This length signal is prevalent in existing dataset like IFEval, where naturally generated responses
are used. (b) Token length differences broken down by instruction type and model, with positive
values showing that incorrect responses tend to be longer. However, this trend is not consistent
across all instructions or models, highlighting the need for controlled evaluation setups. (c) To-
ken length distribution in the Controlled version of our benchmark, where token length is balanced
across correct, incorrect, and subtly incorrect responses. This setup allows us to evaluate uncertainty
estimation in both length-biased and length-neutral settings.

1) Uncertainty estimation methods and models are only evaluated in length-biased settings
in existing instruction-following datasets, missing comparisons on controlled, length-neutral
conditions. We observe that token length significantly impacts uncertainty estimation in instruction-
following tasks in existing datasets, where responses are not controlled but are generated as part of
the evaluation. With datasets like IFEval, naturally generated incorrect responses tend to be longer
than correct ones across models. Figure 2a and Appendix Figure 10 present a histogram of token
lengths for both response types on four LLMs, while Appendix Table 11 in the provides detailed
statistics on response length, including the mean and standard deviation for correct and incorrect
responses. Consistently, our analysis show that incorrect responses tend to be longer than correct
ones across different LLMs in IFEval dataset.

If this pattern holds across instruction types, length could arguably be a reliable signal in evaluating
instruction-following uncertainty. However, we found that the relationship between response length
and correctness is not uniform (Figure 2b). In instruction types like ‘startend’ and ‘punctuation’,
incorrect responses were uniformly longer across all models. Conversely, in instruction types such
as ‘detectable-content’, ‘keywords’, and ‘language’, correct responses were often longer. These
varying patterns are not surprising, as response length is related to what the instruction requires. For
instance, an instruction like “please elaborate” would naturally result in a longer response, whereas
“make it concise” would lead to a shorter one.

These inconsistencies suggest that length is not a reliable or generalizable signal for uncertainty es-
timation across all instruction types and models. This highlights the need for a controlled evaluation
framework that includes a set of length-neutralized responses. By comparing LLMs and uncertainty
estimation methods in both length-biased and length-neutral settings, we can more accurately assess
their true performance, independent of confounding factors like token length.

2) Uncertainty sourced from task execution quality is entangled with uncertainty stemming
from instruction-following, complicating accurate evaluation. In the IFEval data, each prompt
consists of two parts: the task context (e.g., “Write a brief summary about the solar system”) and the
specific instruction (e.g., “Please do not mention any planet names”). When measuring uncertainty
with baseline methods, uncertainty can stem from both task execution quality (i.e., how well the
task itself is accomplished – clear, detailed, and informative) and instruction-following accuracy
(i.e., whether the instruction is followed). This creates an entanglement that complicates evaluation.
For example, consider the response “Objects in space around a star”, which is vague and unclear with
low task quality but adheres to the instruction of avoiding mentioning planet names. Alternatively,
“The solar system consists of a central star surrounded by various celestial bodies, including Earth
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Data We use IFEval dataset (Zhou et al., 2023), 
which is designed to evaluate the instruction-
following ability of LLMs on 25 verifiable 
instruction types. 

Models We evaluate four LLMs of varying sizes:  
LLaMA2-chat-7B (Touvron et al., 2023),  
LLaMA2-chat-13B (Touvron et al., 2023),  
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023),  
Phi-3-mini-128k-instruct (Abdin et al., 2024).

Contributions: We present the first systematic evaluation of 
uncertainty estimation methods in instruction-following tasks, 
addressing a gap in existing. 

Limitations: the narrow scope of instruction types and domains 
included in the benchmark, and a potential risk of leakage affecting 
the evaluation. 

Future work: expanding the benchmark to include a broader range 
of domains and evaluating more LLMs would further deepen 
understanding of uncertainty estimation in instruction-following. 
Additional analysis could also investigate why LLMs tend to fail to 
provide accurate uncertainty estimates in instruction-following, 
which could lead to the development of trustworthy AI agents.

Contribution and Future work

Verbalized method consistently outperforms logit-based 
methods like perplexity in the Controlled-Easy setting, where 
correct and incorrect responses are relatively easier to distinguish. 
Specifically, normalized p(true) (Kadavath et al., 2022) proves to be a 
reliable uncertainty method across both Controlled-Easy and 
Realistic settings.  

Smaller models often outperform larger ones in verbalized 
confidence, suggesting that factors beyond model size, such as 
tuning or architecture, may contribute to better uncertainty 
estimation in certain tasks.  

Probes relying on the internal states of LLMs outperform logit-
based and verbalized confidence, highlighting promising directions 
for future. 

All approaches, including internal representations, struggle in 
challenging tasks like Controlled-Hard, which involve subtle off-
target responses, to estimate uncertainty accurately, pointing to 
inherent limitations in LLMs’ ability to handle complex uncertainty. 

Our key findings


