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Abstract

LLM evaluation benchmarks have traditionally separated the testing of knowl-
edge/reasoning capabilities from instruction following. In this work, we study the
interaction between knowledge and instruction following, and observe that LLMs
struggle to follow simple answer modifying instructions, and are also distracted by
instructions that should have no bearing on the original knowledge task answer. We
leverage existing multiple-choice answer based knowledge benchmarks and apply
a set of simple instructions which include manipulating text (eg.: change case),
numeric quantities (eg.: increase value, change formatting), operate on lists (eg.:
sort answer candidates) and distractor instructions (eg.: change case of numeric
answers). We evaluate models at varying parameter sizes (1B-405B) from different
model families and find that, surprisingly, all models report a significant drop in
performance on such simple task compositions. While large-sized and frontier
models report performance drops of 40-50%, in small and medium sized models
the drop is severe (sometimes exceeding 80%). Our results highlight a limitation
in the traditional separation of knowledge/reasoning and instruction following,
and suggest that joint-study of these capabilities are important. We release our
benchmark dataset, evaluation framework code, and results for future work.

1 Introduction

The need for highly accurate and controllable LLM-powered systems that follow precise instructions
have led to the development of datasets and methods to improve reliability and consistency in the
output for LLMs. Such methods include few-shot prompting [|Gao et al., 2020, [Kojima et al., 2022b],
reasoning with explanations [Wei et al., 2022, |[Huang and Chang| |2022]], checking for consistency/self-
consistency [Wang et al.|, [2022], use of intermediate evaluators or LLMs operating as judges [Zheng
et al., 2023]], and more. However, despite such rapid progress and ‘benchmark saturation’ LLMs
can often struggle on very simple tasks. For instance, as shown in Figure[I] given a multiple-choice
question with option labels and their text, if we instruct the models to print the text associated with
the correct answer instead of the answer label, we observe a significant drop (~ 20% on average) in
knowledge-task performance.

From a user’s perspective, this task is no harder than selecting (generating) the answer label. Yet, this
pattern is consistent even for frontier models like GPT-4o (Appendix Figure[5) and such patterns of
interaction where keys or values are referred to LLM instructions are fairly common in real-world
LLM usage — for instance, in manipulating lists (eg: “replace the third bulleted item with ‘X ),
operating on semi-structured objects (eg: extracting the value of a JSON field and use in a subsequent
operation), etc. While this example of a drop in performance when printing the answer-text instead
of the answer-label could, be due to the training process resulting in models being over-fit to certain
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Figure 1: Average exact match performance across all tasks for the print_correct_answer (PCA) and
print_correct_answer_label (PCA Label) instructions.

input/output task formats, or due to issues associated with label binding [Xue et al.l 2024], there are
other patterns of failure as well, — for instance, including additional distractor instructions that have
no effect on the answering task, results in a further 5-30% drop (Section f.2.3).

In this paper, we study this interaction of knowledge and instruction following; real-world use of
LLM:s typically involves both aspects, and ‘nested’ instructions where there is conditional branching
of instructions based on intermediate steps is a common usage pattern of LLMs. However, evaluating
these reliably can be hard and can require the use of complex LLM-judges 2024]). Thus,
to keep evaluation easy and verifiable, our tasks are based on multiple-choice answers instead of
long-form text generation task, We adapt commonly used knowledge and reasoning benchmarks

including MMLUPro [Wang et al.,[2024]], MathQA [Amini et al|[2019]], Winogrande [Sakaguchi et al.|
[2021]], BoolQ 2019], PIQA Bisk et al.| [2020] and augment them with two broad classes

of instructions: (i) Instructions that are conditional on the answer to the question (ii) Instructions that
are applied uniformly regardless of the answer or task. Our instructions are simple and include those
that manipulate the text (eg.: change case), numeric quantities (eg: increase value, change formatting),
operate on lists (eg: sort answer candidates). Our choice of using multiple-choice answers-based tasks
with simple answer-modifying instructions, also allows us to automate error analysis for commonly
occurring error-types and classify errors based on their origin - knowledge/reasoning errors vs
instruction-following errors. Our results show that we can automatically classify approximately 80%
of errors.

Contributions: In summary, we make the following contributions: (i) We present an evaluation
framework that supports LLM-free scoring to study knowledge-conditioned instruction-following,
(ii) Our novel experimental design enables automated error analysis (to the extent that LLMs dont
have catastrophic generation failures), (iii) We create an evaluation benchmark using 5 popular
datasets, consisting of 13 instruction types across 5 different categories. It can be easily extended
to additional tasks and instructions, (iv) We use this benchmark to evaluate 19 models at varying
parameter sizes (1B-405B) from different model families and find that, all models studied report a
significant drop in performance on simple single-instruction task composition. While large-sized and
frontier models report performance drops of 40-50%, in small and medium sized models the drop
is severe (sometimes exceeding 80%). We also observe that, even within a model family, a larger
parameter model may perform comparably to its smaller sibling on standard knowledge/reasonin
tasks, but smaller ones drop more significantly on in our evaluation tasks. We release codeﬂ and datﬁ
to support evaluation, enable task extensions and future work.

"https://github. com/IBM/KCIF
“https://ibm.biz/KCIFData
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2 Related Work

Evaluating the capabilities of large language models (LLMs) has been a significant area of research,
with studies focusing on various aspects of LLM performance. Researchers have developed multiple
benchmarks to assess factual knowledge |Petroni et al.|[2019], Roberts et al.|[2020], Lin et al.[[2022],
logical reasoning abilities Wei et al.| [2022], Zhou et al.[[2023a], |Saparov et al.|[2023]], general
problem-solving capabilities [Kojima et al.|[2022a]] and more.

Recently there have also been studies on instruction-following - for instance, FoFo Xia et al.| [[2024]]
evaluates models on format-following tasks and studies the ability of LLMs to generate outputs in
existing real-world formats. In a similar vein, IFEval Zhou et al.|[2023b]] assesses LLMs’ ability
to follow arbitrary task-specific instructions (e.g.) based on response length, casing, etc, focusing
primarily on whether the instructions are followed rather than the correctness of the output for the task.
InFoBench|Qin et al.|[2024] advances this research by introducing a metric known as the ‘Decomposed
Requirements Following Ratio’ (DRFR) which is based on each aspect of an instruction that needs
to be met. Along with 500 diverse instructions and 2, 250 decomposed questions, InFoBench offers
performance evaluation using OpenAI’s GPT4, across multiple constraint categories and highlights
key areas where advanced LLMs can improve in complex instruction-following tasks. LLMBar [Zeng
et al.|[2024] is another contribution to this area, as it provides a meta-evaluation benchmark specifically
designed to test an LLM evaluator’s ability to discern instruction-following outputs. The benchmark
consists of 419 manually curated pairs of outputs, where one output adheres to instructions and the
other, while potentially more engaging or deceptive, does not. ComplexBench [Wen et al., 2024|]
and FollowBench [Jiang et al.| [2024]] aim to assess the ability of LLMs to follow arbitrary task
specific instructions, while Meowpass [He et al.,[2024]] presents a benchmark to evaluate complex
instruction following by dynamically composing multiple IFEval style instructions, and consists of
1500 diverse prompt and instruction pairs. Another study introduces ManyIFEval [Harada et al.,
2025]], a benchmark assessing LLMs’ ability to follow multiple instructions, revealing a “curse of
instructions” where accuracy declines as instruction count increases. [Li et al.|[2024] propose a
method to evaluate instruction following ability via verbalizer manipulation. Specifically, they modify
the classification task labels with different verbalizers which may or may not be semantically relevant
to the task. They observe that all models fail to follow instructions when they instruct the model to
flip the labels (unnatural setting).

Our work complements these efforts by developing a benchmark that allows for easy verification of
both task performance and instruction-following capabilities simultaneously. We augment existing
knowledge benchmarks by creating instructions that are conditional on answering the QA-based
knowledge task correctly. We also include instructions that are applied on the candidate space of
answers provided in these knowledge tasks. Our approach of applying instructions on knowledge tasks
provides an easy way of measuring performance as well as automating error analysis. Further, it also
allows us to study the interactions between knowledge and instruction following, and to investigate
whether instructions serve as distractors for the original knowledge task when the instructions should
result in no change to the original answer of the knowledge task.

3 Dataset Creation

3.1 Knowledge and Reasoning Tasks

Our framework supports including any knowledge task with a fixed answer space - we select the
following commonly used benchmarks: MMLUPro [Wang et al.l[2024]], MathQA [Amini et al., 2019],
BoolQ [Clark et al., 2019]], PIQA [Bisk et al., 2020]], and Winogrande [Sakaguchi et al.| 2021] as the
basis for our knowledge-grounded instruction-following benchmark. These datasets involve either
binary classification or multiple-choice-questions (MCQs) spanning different reasoning and problem-
solving skills. We select 1500 samples randomly from each dataset and apply answer-modifying
instructions as described in the next section.

3.2 Instruction Categories

Unlike datasets that require open-ended generation for answering, our selected tasks have a structured
answer-space. This allows us to craft instructions using these answer-spaces in a way that can be



Instruction Group Name Definition # Instances

Full Lite
Print the text corresponding to the correction candidate
alternate_case_correct_answer 3 P 3 2 . 7867 950
answer of knowledge task in alternate case
String Manipulati - Print the text corresponding to the correct candidate answer
fing Manipuiation capitalize_correct_answer ponding 7867 950
of the knowledge task in upper case.
Reverse the text correspondin the correct candi nswer
reverse_correct_answer_alternate_case © e the text corresponding to the co andidate ai ¢ 9573 1383

of the knowledge task and print it in alternate case.
reverse_correct_answer Print the text corresponding to the correct answer in reverse 7868 951
Apply a specified decimal formatting the correct answer if it

numformat_numeric_answer H A N . . . 11336 1600
Format Correct Answer a is numeric quantity, otherwise print the correct answer as is.
rint_correct_answer in_words If the correct answer is a numeric quantity, display the numeric 9874 1320
print_ - - - quantity in words, otherwise print the correct answer as is. -
. . Append a pre-specified string to the text associated with the correct
print_correct_answer_append_string PP pre-sp g 7867 950

candidate answer.

If the candidate answer values are numeric quantities
increment_incorrect_numeric_answers_by_one increment them by one and show them as a list. 7117 825
Other value types are not modified.

Sort the candidate answers that are incorrect in ascending

Operations on List
(Conditional on Correct

Answer) sort_only_incorrect_answers order 7867 950
Sort the incorrect candidates in ascending order and
use_incorrect_options_to_create_string take the last character of the text associated with each incorrect 7868 951

option to create a string

Sort all candidate answers in ascending order and use the last
sort_options_to_create_string character of the text associated with each incorrect candidate 7867 950
to create a string.
If the correct answer is a numeric quantity, increment it by one,
otherwise print the correct answer as is.

Operations on List (OOL)

Numeric Manipulation increment_correct_numeric_answer_by_one 9757 1352

Table 1: Categories of instructions and the number of instances of each in the Full and Lite subsets.

verified easily. We summarize our instruction categories in Table[I] The task prompts (instructions)
for each of the 13 instruction types with an example are available in the Appendix (Section [B.4).

Instruction Creation: To create each instruction, the authors iteratively refined them until all the
authors had complete agreement in the output when they followed them manually. Examples of
aspects of iterative improvement include - explicitly making clear what is not to be included in the
output, how the output is to be presented, etc. We include additional details of the instruction-writing
process in the Appendix (B.2).

Answering baseline-instructions: Given the multiple-choice answer knowledge benchmarks, we
consider two baseline instructions — (1) printing the correct answer optiorﬂ from the candidate space
(print_correct_answer_label), and (2) printing only the text associated with the correct answer
option (print_correct_answer_text).

Instructions with no-effect: Certain instructions may be inapplicable for some knowledge
tasks. For example, in the MathQA dataset, some instances have none of these as the cor-
rect answer and are not numeric. Here, instructions such as num format_numeric_answer
or increment_correct_numeric_answer_by_one will not affect the existing answer of the
knowledge-task. We refer to these instructions as “distractor” instances and expect that in these
instances, models should perform as well as they do on the original answering task. We include
details and statistics of such instructions in the Appendix (Section[B.7] Tables[7)and [9).

3.3 Metrics and Automated Error Classification

We report the model performance as a form of exact match (EM) where we perform basic string
parsing (removing beginning and ending whitespaces, quotations, etc.) and compare the model
prediction to the expected output for the applied instruction. See Appendix Section for more
details.

For each instruction in the ‘String Manipulation’, ‘Format Correct Answer’, and ‘Numeric Manipula-
tion’ instruction categories, we create a set of error classes that are based on the incorrect answers to
the original knowledge task and the subsequent application of the instruction on that incorrect answer.
We create ‘instruction-following’ error sets (IFError) and ‘knowledge-error sets’ (KnowledgeError)
as follows:

IFError: We inspected some representative model outputs and created a set of errors that LLMs
could plausibly make for each instruction. This set includes errors such as: (i) answering with an
answer label (option) when requiring/using the text, (ii) answering with any candidate answer text
without applying the instruction, (iii) a combination of these, (iv) instruction specific errors based

3We use ‘label’ and ‘option’ interchangeably to denote the candidates in a multiple-choice QA task.



Small (< 7B parameters) Medium (7 — 30 B parameters) Large (> 30B parameters) Frontier

Llama-3.2-1B-Instruct |(1B) Mistral-7B-Instruct-v0.3 | (7B) Qwen2.5-32B-Instruct | (32B) Llama-3.1-405B-Instruct | (405B)
Qwen2.5-1.5B-Instruct |(1.5B) Qwen?2.5-7B-Instruct  (7B) Llama-3.1-70B-Instruct (70B) GPT-40-mini-2024-07-18
Llama-3.2-3B-Instruct | (3B) Phi-3-small-8k-instruct |(7B) Qwen2.5-72B-Instruct | (72B) GPT-40-2024-08-06

Qwen2.5-3B-Instruct  (3.0B) Llama-3.1-8B-Instruct | (8B)

Phi-3.5-mini-instruct | - (3.8B) Gemma-2-9b-it | (9B)
Phi-3-medium-4k-instruct | (14B)
Qwen?2.5-14B-Instruct | (14B)
Gemma-2-27b-it | (27B)

Table 2: List of Models evaluated on our benchmark.

on these — for example, for the instruction alternate_case_correct_answer such error cases could
include alternate casing starting with a lowercase character (the instruction text explicitly requires
that it start with upper case).

KnowledgeError: For every instruction instance, this set includes: (i) Answering with the incorrect
candidate answer — regardless of whether it is its label or text, (ii) Applying the instruction correctly
(when applicable) on the incorrect candidate answer.

Note that these error sets are not mutually exclusive — a model response to the alternate casing
instruction that starts with lowercase and is applied on the incorrect answer candidate is an ‘IFError’
as well as a ‘KnowledgeError’. Further, these error sets are meant to be high-precision to aid
analysis and cannot reasonably expected to anticipate and cover everything LLMs might respond
with. Hence, there will be model errors that we cannot classifyﬂ and we intend to continue to expand
the benchmark’s error detection capabilities. We would also like to highlight that if models make a
lot of errors that are not classified, it is likely that those are more severe instruction-following errors.

3.4 Benchmark Dataset

We create two versions of our benchmark dataset - ‘Full’ and ‘Lite’ (for lower inference costs).

Full Benchmark: We select a subset of 1500 samples randomly from each dataset and apply each
applicable instruction on the same. For MMLUPro, we consider a subset of 150 samples per subject
and apply each applicable instruction.

Lite Benchmark: We select a subset of 150 samples randomly from the full version created above for
each dataset and apply each applicable instruction on the same. For MMLUPro, we consider a subset
of 25 samples per subject and apply each applicable instruction. Statistics for the above two versions
are available in presented in Table[I] Detailed statistics for each dataset and the instruction types are
provided in the appendix section[B.7} Additionally, each benchmark includes a set of instances when
instructions have no effect (called the no-effect or distractor subset).

3.4.1 Benchmark ranking

An effective instruction-following model should not only be capable of following a variety of
instructions across different knowledge-tasks but should also be unaffected by instructions when they
are inapplicable i.e, they should be robust to ‘distractors’. Therefore, we define an overall benchmark
score for a model as its arithmetic mean of the following:

Exact-Match Score (1:z7): We compute the micro-average of the exact-match scores using all
instances of every instruction type in the benchmark.

Instruction Category Score (IC Score): To ensure models perform well across instruction categories,
we also compute the micro-average exact-match scores for every instance per instruction category
and then compute the arithmetic mean.

Knowledge Task Subset Score: (KTS Score): To ensure model capabilities generalize across
different knowledge tasks, we compute the micro-average exact-match scores for every instance per
knowledge-task, and then compute the arithmetic mean.

*Errors are matched using the same output-processing used for ground-truth scoring.
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Exact Match Score on ‘Instructions with no-effect’ (,u;E )¢ Lastly, we compute the micro-average
of all instruction instances in the benchmark that have no effect on the original knowledge-task
answers (i.e.) ‘distractors’.

4 Evaluation

We present an evaluation on our benchmark using a variety of models and study the following
research questions: (i) Do models display a difference in performance on the two simple answering
baseline-instruction tasks? (ii) Do models display a variation in performance across our different
instruction categories? (iii) Are models robust to, or get distracted by instructions that do not apply to
the task? (iv) Does the size of a model impact its instruction-following capability?

4.1 Models and Inference

We evaluate a range of open instruction-tuned models and parameter sizes using our benchmark. For
ease of presentation, we categorize them based on their parameter count as shown in Table 2] Our
inference code uses vLLM |Kwon et al.|[2023|] for running the evaluations. We use greedy decoding
for generations and bf16 as floating point precision. We generate a maximum of 1024 tokens per
instance. We use A100 80GB GPUs for running inference. We use an instance hosted by a cloud
provider for Llama-3.1-405B-Instruct, while we use OpenAl APIs for GPT4-o and GPT4-0-mini
models.

In all our experiments, we perform zero-shot Chain-of-Thought (CoT) Wei et al.[[2024] reasoning.
Models see the same prompt based on prompt guides for the original knowledge tasks using the
Im-evaluation-harness framework |Gao et al.| [2024] and OpenAl evalsE] We instruct the model to
generate reasoning first and then the answer (See examples in Appendix Section [B.4). We write
custom post-processing scripts to extract the model’s answer as described previously.

Model | PCAlabel PCA | String Numeric Format OOL Conditional OOL | Avg. Drop

Qwen2.5-1.5B-Instruct 0.36 -0.20 -0.35 -0.34 -0.32 -0.29 -0.35 -0.33/-90.5%
Qwen?2.5-3B-Instruct 0.44 -0.12 -0.39 -0.42 -0.2 -0.3 -0.24 -0.31/-69.7%
Qwen?2.5-7B-Instruct 0.55 0.11 -0.41 -0.11 -0.33 -0.32 -0.38 -0.31/-56.5%
Qwen2.5-14B-Instruct 0.75 -0.20 -0.60 -0.21 -0.57 -0.30 -0.29 -0.39/-52.8%
Qwen2.5-32B-Instruct 0.79 -0.01 -0.47 -0.17 -0.40 -0.27 -0.26 -0.31/-39.9%
Qwen2.5-72B-Instruct 0.81 -0.04 -0.50 -0.25 -0.31 -0.27 -0.18 -0.30/-37.3%
Llama-3.2-1B-Instruct 0.10 -0.01 -0.08 -0.08 -0.09 -0.07 -0.10 -0.08 / -87.6%
Llama-3.2-3B-Instruct 0.47 -0.18 -0.37 -0.37 -0.36 -0.37 -0.45 -0.38/-81.5%
Llama-3.1-8B-Instruct 0.59 -0.09 -0.47 -0.31 -0.37 -0.42 -0.45 -0.40/-67.7%
Llama-3.1-70B-Instruct 0.79 -0.06 -0.42 -0.39 -0.41 -0.41 -0.43 -0.41/-52.5%
Phi-3.5-mini-instruct 0.48 -0.14 -0.43 -0.33 -0.35 -0.37 -0.34 -0.36/-75.5%
Phi-3-small-8k-instruct 0.58 -0.05 -0.47 -0.43 -0.34 -0.42 -0.52 -0.44 /-74.8%
Phi-3-medium-4k-instruct 0.72 -0.07 -0.53 -0.50 -0.46 -0.37 -0.40 -0.45/-63.2%
Gemma-2-9b-it 0.62 -0.05 -0.50 -0.37 -0.29 -0.30 -0.30 -0.35/-56.5%
Gemma-2-27b-it 0.69 -0.08 -0.44 -0.37 -0.30 -0.23 -0.22 -0.31/-453%
GPT4-0-mini 0.74 -0.14 -0.39 -0.36 -0.35 -0.31 -0.30 -0.34/-45.8%
GPT4-0 0.81 -0.04 -0.32 -0.32 -0.37 -0.28 -0.18 -0.29/-36.2%
Llama-3.1-405B-Instruct 0.83 -0.07 -0.39 -0.41 -0.41 -0.39 -0.45 -0.34/-41.0%

Table 3: As compared to printing the correct answer label (PCA Label) which serves as the baseline
for the vanilla knowledge task, printing the correct answer (PCA) results in a significant drop in exact
match performance. Applying additional instructions on the answer space of the questions result in
an even more severe drop (on every category). Drop in performance reported as compared to PCA
Label. Frontier model results reported on Lite Benchmark data.

4.2 Results

We begin this section by first presenting our results on the answering baseline-instructions and then
proceed to our results on instruction-following for the different categories. We then look at the impact
of distractors and knowledge-task characteristics on model performance.

https://github.com/openai/simple-evals
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Figure 3: Impact of distractor instructions on exact match performance across tasks and instructions,
compared to its corresponding print_correct_answer performance. A drop indicates the model
getting distracted by an inapplicable instruction. Results reported on Lite Benchmark.

4.2.1 Printing the correct answer

As mentioned earlier in Section (Figure , we observe a significant drop (~ 20% on average) in
knowledge-task performance when instructing the model to respond with the text associated with the
answer instead of its label. Some common issues we observed include models outright ignoring the
instruction and continuing to generate labels, or generating only Chain-of-Thought reasoning without
a final answer, etc, reflected by the knowledge and instruction following errors in Figure@

4.2.2 Answer-conditioned instruction performance

Table [3] reports the performance of all models on the print correct answer label (PCA Label) task
which serves as the reference score for the knowledge/reasoning task.

Effect of Size Models: Starting with the Qwen 2.5 family of models it can be seen that in medium
and large sized models (>14B parameter models) have comparable performance on the baseline
answering task (PCA label). The drop for the large models (> 32B parameters) on the PCA task is
relatively small as well. However, the drop in scores when combined with instructions result is much
larger, and a trend is observed that larger models still do better than their smaller siblings. This holds



Qwen2.5-1.5B Qwen2.5-7B Qwen2.5-32B
B Qwen2.5-3B BN Qwen2.5-14B B Qwen2.5-72B

String Manipulation

Llama-3.2-1B . Llama-3.2-3B Llama-3.1-8B . Llama-3.1-70B

String Manipulation 1.0

Exact Match KnowledgeError IFError nclassified
Exact Match KnowledgeError IFError Unclassified ct Mate oo imeric Manipulation und ©

Numeric Manipulation 10

Exact Match KnowledgeError IFError Unclassified
Exact Match KnowledgeError = anewlETO" Unclassified ormat Correct Answer

Exact Match KnowledgeError IFError Unclassified Exact Match KnowledgeError IFError Unclassified

(a) Llama Family of Models (b) Qwen Family of Models

Figure 4: Classification of errors for the Llama and Qwen family of models.

true in all model families (Llama, Gemma and Phi) - even if there is a negligible difference in the
PCA label performance of a model, the drop is less severe for a larger sibling from the same family.
This result demonstrates that even if models perform comparably on the PCA label task, the large
model size can benefit tasks which require knowledge and instruction composition.

Performance of Frontier Models: From Table 3] we find that frontier models also suffer from
significant drops in performance. Notably, GPT4-0 and Llama 3.1-405B Instruct have comparable
performance on the knowledge task (as seen on PCA Label) but Llama’s performance deteriorates by
a larger degree when combined with instructions.

4.2.3 Effect of distractor instructions

Our dataset also includes instructions that apply only when certain properties of a knowledge-task
answer are fulfilled. For instance, instructions for incrementing the correct answer by one if numeric,
formatting numeric values, and printing any numeric answers in words, do not apply on tasks with
textual answers. They serve as distractors, and we expect model performance to be unaffected since
these instructions are not applicable and do not alter the original knowledge-task answer. From Figure
EL we observe that there is a 5-20% drop in small, medium, large, and frontier scale models.

In the appendix Figures[6] [7] [8] we report details of how different model families (Llama, Qwen, Phi)
are affected by distractors, at different scales. In summary, we find that all models are distracted by
instructions that require reversing and casing textﬂ reporting a drop of 55-75%. Even frontier models
(Appendix Figure[9) show a drop of 35%. However, for the other distractor instructions, we find
that Llama models are relatively robust, showing a drop of 5 — 10%, while the Phi and Qwen family
of models are more susceptible, where we observe drops of 20-30%. Frontier models surprisingly
also show a drop of 10-15%. While model failures in the presence of distractors have been studied
before [Shi et al.} [2023] [Feng et al.} 2024], to the best of our knowledge this is the first work to study
them in an instruction-following setting.

4.2.4 Automated Error Classification

Figure 4{shows the error analysis for two different model families - Llama and Qwen2.5E| We report
the average exact match score as well as the errors.

Errors and Model size: As can be seen in both Llama and Qwen2.5 model families, as the model
size increases, the exact match accuracy increases and the errors reduce. The unclassified errors
pertain to model outputs that are harder to classify and indicate a more severe model failure. As, the
scale increases, such failures tend to reduce.

Spartially applicable (can only reverse non-single digit numeric answers) or completely inapplicable
"We include error analysis plots for other model families in the appendix.



Models fmn IC KTS ’ Average

Score Score HEM Score
GPT-40-2024-08-06 0.5065 0.5174 0.5874 0.6889 0.575
Llama-3.1-405B 0.4617 0.4888 0.5351 0.6387 0.5311
Qwen2.5-72B 0.4348 0.5035 0.493 0.5768 0.502
Qwen2.5-32B 0.409 0.4751 0.4755 0.5873 0.4867
Llama-3.1-70B 0.3708 0.4138 0.4319 0.5645 0.4453
GPT-40-mini 0.394 0.4029 0.4689 0.4609 0.4317
Gemma-2-27B 0.3497 0.3972 0.4194 0.4505 0.4042
Qwen2.5-14B 0.2764 0.3523 0.3272 0.4084 0.3411
Phi-3-medium 0.2518 0.2869 0.3054 0.4238 0.317
Gemma-2-9B 0.2381 0.2828 0.292 0.4428 0.3139
Qwen2.5-7B 0.1944 0.2513 0.2275 0.3411 0.2536
Llama-3.1-8B 0.174 0.2203 0.2048 0.3513 0.2376
Phi-3-small 0.1555 0.1809 0.1921 0.3027 0.2078
Mistral-7B 0.0577 0.0808 0.0768 0.205 0.1051

Table 4: Performance of the Medium, Large and Frontier Models on our Lite Benchmark - ranked in
order of performance using the average score (higher is better).

Instruction Categories and Errors: We note from Figure ] the Llama and Qwen2.5 models have
different strengths. For instance, in String Manipulation class of instructions, at very small scale
the Llama 3.2-1B model and the Qwen2.5-1B model have similar exact match scores. However, in
the case of the Llama model nearly 48% of all instances have errors that are unclassified (indicating
severe failure) while that is not the case for the Qwen2.5 equivalent. Further, Qwen2.5-1B has a
larger class of instruction-following errors as compared to knowledge errors; this suggests that the
drop in performance for Qwen2.5-1B reported in Table[3]is indeed due to instruction-following errors
made by the model.

In addition, we observe that the Qwen2.5 family of models in almost always better than the Llama
family of models when it comes to numeric manipulation instructions while the Llama family of
models has a slightly higher performance on string manipulation tasks (Appendix Figures 39 and
M0). A similar trend is observed on the unclassified set where Llama’s instruction-following failures
appear to be more severe. The Phi family of models (Appendix Figure [34)) appears to perform worse
than both the Qwen and Llama family of models. Frontier models (Appendix Figure [38) demonstrate
lower knowledge errors as expected, but still make many instruction following errors. We include a
qualitative example of each error category in Appendix Section [B.6]

4.3 Benchmark

We report the exact match scores of the medium, large and frontier models on the Lite Benchmark in
Table 4] Unsurprisingly, the GPT40 model performs the best on our benchmark data while large and
medium-scale models like Llama-3.1 405B, Qwen2.5 72B, and, Qwen2.5 32B based models appear
to be better than other openly available models including Llama-3.1-70B-instruct and the Gemma
family of models. We also include the results on the full benchmark in Appendix Table[5] We note
that the ranking of models is largely consistent and that small models are much weaker than larger
models.

5 Discussion & Conclusion

In this work, we took a novel approach to studying instruction-following by grounding instructions
on existing knowledge tasks. Our approach has the advantage of being easily extendable for new
instruction types and domains, while also enabling LLM-free evaluations with some degree of
automated error analysis. We demonstrated that not only do models fail to follow simple instructions
(e.g.) printing the answer text instead of the label, but their performance drops further when
compound but simple, instructions are included. Even when instructions that should have no effect
on the knowledge-tasks are used, models at all scales report a drop in performance, though the extent
of deterioration varies. As models are increasingly being viewed as agents and assistants, it is crucial
that models have better guarantees of following user instructions. As our work demonstrates, there is
a lot of scope for improvement and we hope the community finds our framework helpful in improving
the current state-of-the-art.
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A Appendix

We begin by including details of the knowledge tasks used. We then describe our data creation process
and how we automatically classify errors in section[3.3] We list all instructions with example input,
ground truth, and expected instruction output in We report results on the Full Benchmark in
Table[5] The detailed statistics of Full and Lite Benchmark are presented in[B.7} Section[D.T]presents
the comparison between model’s performance on print correct answer and print correct answer
labels tasks on the Lite Benchmark. Section[D.3]presents performance of different models for each
instruction category in comparison with its corresponding performance on print_correct_answer
(PCA).

B Additional details - Dataset creation

B.1 Design Principles

We develop our instructions keeping the following design principles in mind: (i) We would like
instructions to be unambiguous and be presented in a way that can be communicated clearly - if

12


https://openreview.net/forum?id=_VjQlMeSB_J
https://openreview.net/forum?id=_VjQlMeSB_J
https://aclanthology.org/2024.acl-long.237/
https://openreview.net/forum?id=WZH7099tgfM

IC KTS ’ Average

Models KEM Score Score HEm Score

Qwen2.5-72B 0.4488  0.5077  0.4708  0.6218 0.5123
Qwen2.5-32B 0.419 04736 04519  0.6351 0.4949
Llama-3.1-70B  0.3697 03735  0.3925  0.6109 0.4366
Gemma-2-27B 03622 03783  0.3984  0.5177 0.4142
Qwen2.5-14B 0.2819  0.3521 0.305 0.4443 0.3458
Phi-3-medium 02589  0.2632 02799  0.4897 0.3229
Gemma-2-9B 0.2417  0.2701  0.2688 0.484 0.3162

Qwen2.5-7B 0.1921  0.2393 0.2 0.4061 0.2594
Llama-3.1-8B 0.1646  0.1917  0.1773  0.3907 0.2311
Phi-3-small 0.1472  0.1474  0.1686  0.3376 0.2002
Qwen2.5-3B 0.1277  0.1341  0.1386  0.3021 0.1756
Llama-3.2-3B 0.0946  0.0874  0.1021  0.2395 0.1309
Phi-3.5-mini 0.0966  0.1179  0.1014  0.2044 0.1301
Mistral-7B 0.0484 0.059 0.057 0.2451 0.1024

Qwen2.5-1.5B 0.0382  0.0346  0.0435  0.1461 0.0656
Llama-3.2-1B 0.0153 0.012 0.0176  0.0897 0.0337

Table 5: Performance of the Small, Medium, and Large Models on our Full Benchmark - models
ranked in order of performance using the average score (higher is better).

humans cannot follow the instructions and agree on the same output, LLMs should and likely would
not be able to. (ii) We would like them to be easy to follow and not require complex reasoning abilities
to follow so that models at all scales have a fair chance of success, (iii) The instructions need to have
deterministic outputs that use the original answers of the knowledge-task or the candidate space of
answers, or both, so that they can be evaluated easily with instruction specific scorers. (iv) We would
like our benchmark to be based on a diverse mix of knowledge tasks, and be easily extensible to new
ones.

B.2 Instruction Creation

To create each instruction, the authors iteratively refined them until all the authors had complete
agreement in the output when they followed them manually. Examples of aspects of iterative
improvement include - explicitly making clear what is not to be included in the output, how the
output is to be presented, etc. We then asked 2 computer science researchers to follow and generate
the output for 75 instructions across all our instruction types and datasets. We found that both
the researchers were able to follow our instructions successfully and generated the same response
for 93.33% of the instances. The first annotator generated the correct response for 98.67% of the
instances, while the second annotator for 94.67% of the instances. Upon analyzing their responses,
we found the only instruction-following error was rounding off the decimal number when truncating
to two decimal places. We also found very few human errors in the annotator’s response, specifically
for instructions like reverse_correct_answer_alternate_case on datasets with long output text
such as PIQA.

B.3 Knowledge and Reasoning Tasks

We select the following knowledge tasks that are commonly used in LLM evaluations as the basis
for our instruction-following benchmark. These datasets involve either binary classification or
multiple-choice-questions (MCQs) spanning different reasoning and problem-solving skills.

(i) MMLUPro [Wang et al.,[2024]: MMLUPro extends the MMLU dataset to make it more chal-
lenging by a) increasing the number of options from four to ten and b) increasing problem difficulty
by focusing on more reasoning oriented problems. We consider all 14 subjects in the MMLUPro
benchmark. We cap the maximum number of samples for each subject to be 150 samples.

(i) MathQA [Amini et al.,[2019]]: MathQA dataset consists of math word problems presented as
Multiple-Choice-Questions (MCQs). Given a math question and four options, the model has to select
the correct answer.

We also select a few common-sense and reasoning datasets:

(iii) BoolQ [Clark et al.,|2019]: BoolQ is a boolean question-answering dataset. Given a passage and
a boolean question around the passage, the model has to select either True or False.
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(iv) PIQA [Bisk et al.l[2020]]: Physical Interaction: Question Answering (PIQA) involves answering
questions that involve commonsense reasoning around physical objects. Given a question and two

options, the model has to select the most plausible option.

(v) Winogrande [Sakaguchi et al., 2021]]: Winogrande involves a fill-in-the-blank task with binary
options, the model has to select the correct option for a given sentence. The task involves reasoning
for pronoun resolution.

We select a subset of 1500 samples randomly from each of the above datasets.

B.4 Prompts

We now list the prompts for each instruction and dataset combination defined in our benchmark.

Dataset: Winogrande

Instruction: print_correct_answer_append_string

Given a sentence with a blank and 2 options namely A’ and ’B’, print the text associated with
the option label that answers the question correctly. Do not print the option label. Without
including any additional characters, also append the following text string at the end of the
output:’ ENDOFRESPONSE’. Do not add any special characters including quotations, spaces,
new lines etc in the response. Think step by step and in the end, finish your response with
"Response:$RESPONSE’ where SRESPONSE (without quotes) is the final output expected.
Sentence: It is an article of faith that the paper is more important than the exam , even though
the _ weighs less heavily on the grade.

Options:

A. paper

B. exam

Ground Truth: A

Instruction Output: Response:paperENDOFRESPONSE

Dataset: Winogrande

Instruction: alternate_case_correct_answer

Given a sentence with a blank and 2 options namely A’ and ’B’, answer the question by
printing the text associated with the correct option label in alternate case. The first character
should be in uppercase and the following characters should alternate between lowercase and
uppercase. Do not print the option label. Think step by step and in the end, finish your
response with "Response:$RESPONSE’ where SRESPONSE (without quotes) is the final
output expected.

Sentence: The wooden doors at my friends work are worse than the wooden desks at my
work, because the _ material is stronger.

Options:

A. doors

B. desks

Ground Truth: B

Instruction Output: Response:DeSkS
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Dataset: MathQA

Instruction: numformat_numeric_answer

Given a mathematical question and 5 options namely ’a’, ’b’, ’c’, ’d’, and, ’e’, as candidate
answers, print the text associated with the option label that answers the question correctly. If
the answer is numeric print it in two decimal places as long as it contains no other string or
units of measurement. Do not print the option label. Think step by step and in the end, finish
your response with ’Response:$RESPONSE’ where $RESPONSE (without quotes) is the
final output expected.

Question: a man walking at the rate of 5 km / hr crosses a bridge in 15 minutes . the length
of the bridge ( in meters ) is :

Options:

a. 600

b. 750

c. 1000

d. 1250

e. none of these

Ground Truth: d

Instruction Output: Response:1250.00

Dataset: MathQA

Instruction: sort_options_to_create_string

Given a mathematical question and 5 options namely ’a’, ’b’, ’c’, ’d’, and, ’e’, as candidate
answers, sort the list of options using their values, in alphabetical order. Use only the text
associated with the option labels and not the option labels while sorting. Then, create a string
by concatenating the last character of the text associated with each option value. If the last
character is a special character (such as period, comma, quotation, etc) use the previous
character. Print only the final string and not the sorted list. Think step by step and in the end,
finish your response with "Response:$RESPONSE’ where SRESPONSE (without quotes) is
the final output expected.

Question: marts income is 50 percent more than tims income and tims income is 40 percent
less than juans income . what percentage of juans income is marts income

Options:

a. 124 %

b. 120 %

c. 96 %

d. 90 %

e. 64 %

Ground Truth: d

Instruction Output: Response:40604

Dataset: PIQA

Instruction: reverse_correct_answer

Given a question and two answer candidates A’ and 'B’, answer the question by printing
the text associated with the correct option label, in reverse. Do not print the option label.
Think step by step and in the end, finish your response with "Response:$SRESPONSE’ where
$RESPONSE (without quotes) is the final output expected.

Question: Butcher Shop

Options:

A. will decimate fish from the ocean into digestible pieces

B. will decimate a full cow into digestible pieces

Ground Truth: B

Instruction Output: Response:seceip elbitsegid otni woc lluf a etamiced 1liw
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Dataset: PIQA
Instruction: print_correct_answer

Given a question and two answer candidates A’ and ’B’, answer the question by selecting
the value associated with the option label corresponding to the correct answer. Do not
print the option label. Think step by step and in the end, finish your response with 'Re-
sponse:$RESPONSE’ where SRESPONSE (without quotes) is the final output expected.
Question: how to avoid paint spill when adding paint to your brush

Options:

A. Put a rubber band on your paint can to get rid of that excess glue on your paint brush, this
will prevent spilling paint on the paint stir stick where the lid is.

B. Put a rubber band on your paint can to get rid of that excess glue on your paint brush, this
will prevent spilling paint on the edge where the lid is.

Ground Truth: B

Instruction Output: Response:Put a rubber band on your paint can to get rid of that excess
glue on your paint brush, this will prevent spilling paint on the edge where the lid is.

Dataset: Winogrande

Instruction: use_incorrect_options_to_create_string

Given a sentence with a blank and 2 options namely A’ and "B’, create a string by concatenat-
ing the last character of every option value, excluding the option value corresponding to the
correct answer. Use only the text associated with the option labels and not the option labels
while sorting. If the last character is a special character (such as period, comma, quotation,
etc) use the previous character. Think step by step and in the end, finish your response with
"Response:$RESPONSE’ where SRESPONSE (without quotes) is the final output expected.
Sentence: Fiction books were interesting and easy to read for Logan but not Brett because _
enjoyed real tales.

Options:

A. Logan

B. Brett

Ground Truth: B

Instruction Output: Response:n

Dataset: PIQA

Instruction: reverse_correct_answer_alternate_case

Given a question and two answer candidates A’ and *B’, reverse the text associated with
the answer label that correctly answers the question. Print this reversed text in alternate case
starting with upper case. Do not print the option label. Think step by step and in the end,
finish your response with "Response:$RESPONSE’ where SRESPONSE (without quotes) is
the final output expected.

Question: What else should I add to a peanut butter sandwich?

Options:

A. Take some pasta sauce and put it onto the other piece of bread with a knife.

B. Take some jelly and put it onto the other piece of bread with a knife.

Ground Truth: B

Instruction Output: Response:.EfInK A Htlw dAeRb fO EcEiP ReHtO EhT OtNo tI TuP
DnA YlLeJ EmOs eKaT
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Dataset: Winogrande

Instruction: use_options_to_create_string

Given a sentence with a blank and 2 options namely A’ and "B’, create a string by concatenat-
ing the last character of every option value (not option label). If the last character is a special
character (such as period, comma, quotation, etc) use the previous character. Think step by
step and in the end, finish your response with *Response:$RESPONSE’ where SRESPONSE
(without quotes) is the final output expected.

Sentence: Megan focused less on proper posture than Lindsey because _ wanted to become a
model.

Options:

A. Megan

B. Lindsey

Ground Truth: B

Instruction Output: Response:ny

Dataset: MathQA
Instruction: print_correct_answer_label

Given a mathematical question and 5 options namely ’a’, ’b’, ’c’, ’d’, and, ’e’, as candidate
answers, answer the question by selecting the option label corresponding to the correct answer.
Do not include the text associated with the option label in the answer. Think step by step and
in the end, finish your response with *Response:$RESPONSE’ where SRESPONSE (without
quotes) is the final output expected.

Question: a reduction of 20 % in the price of salt enables a lady to obtain 2 kgs more for rs .
100, find the original price per kg ?

Options:

a. 12.6

b. 12.1

c. 12,5

d. 12.4

e. 12.7

Ground Truth: ¢

Instruction Output: Response:c

Dataset: PIQA

Instruction: increment_correct_numeric_answer_by_one

Given a question and two answer candidates A’ and ’B’, print the text associated with
the option label that answers the question correctly. Note that if the correct answer is a
numeric quanity, including dollar values and percentages but contains no other string or
units of measurement, print the value after increasing its value by 1. Dollar values should be
prefixed with *$’. Do not print the option label. Think step by step and in the end, finish your
response with "Response: SRESPONSE’ where SRESPONSE (without quotes) is the final
output expected.

Question: how to winterize windows

Options:

A. put weather stripping around them to stop air from escaping and air from coming in

B. put weather stripping around them to stop air from escaping and air from coming into the
dishwasher

Ground Truth: A

Instruction OQutput: Response:put weather stripping around them to stop air from escaping
and air from coming in
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Dataset: MathQA

Instruction: sort_only_incorrect_answers

Given a mathematical question and 5 options namely ’a’, ’b’, ’c’, ’d’, and, ’e’, as candidate
answers, excluding the option that answers the question correctly, print a sorted list (ascending
order) of the incorrect options. Do not print the option labels. Use the text associated with
the option labels and not the option labels while sorting and printing. Think step by step and
in the end, finish your response with *Response:$RESPONSE’ where SRESPONSE (without
quotes) is the final output expected.

Question: the sector of a circle has radius of 21 cm and central angle 108 o . find its perimeter
9

Options:

a. 81.6 cm

b. 85.9 cm

c. 90 cm

d. 92 cm

e. 95 cm

Ground Truth: a

Instruction Output: Response:[’85.9 cm’, *90 cm’, ’92 cm’, "95 cm’]

Dataset: PIQA

Instruction: print_correct_answer_in_words

Given a question and two answer candidates A’ and *B’, print the text associated with the
option label that answers the question correctly. However, if the correct answer is a numeric
value with no additional text (including percentages, currency, units of measurement etc),
print the numeric answer in words. For example, if the answer is 32’ print ’thirty-two’
without quotes. Do not print the option label. Think step by step and in the end, finish your
response with "Response:$RESPONSE’ where SRESPONSE (without quotes) is the final
output expected.

Question: How do I make the pattern for the baby leather shoes?

Options:

A. Create a template on a piece of paper by placing your babies shoe on the paper and drawing
around it.

B. Create a template on a piece of paper by placing your babies foot on the paper and drawing
around it.

Ground Truth: A

Instruction Output: Response:Create a template on a piece of paper by placing your babies
shoe on the paper and drawing around it.
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Dataset: BoolQ

Instruction: increment_incorrect_numeric_answers_by_one

Given a passage and a boolean question, and the possible answer candidates ’A’ or ’B’, print
the list of incorrect answers (not the answer label). Increase each value by 1 while printing if
it is a numeric quanity including dollar values, percentages but contains no other string or
units of measurement. Do not print the option labels. Think step by step and in the end, finish
your response with ’Response:$RESPONSE’ where $RESPONSE (without quotes) is the
final output expected.

Passage: A Star Is Born is an upcoming American musical romantic drama film produced
and directed by Bradley Cooper, in his directorial debut. Cooper also wrote the screenplay
with Will Fetters and Eric Roth. A remake of the 1937 film of the same name, it stars Cooper,
Lady Gaga, Andrew Dice Clay, Dave Chappelle, and Sam Elliott, and follows a hard-drinking
country musician (Cooper) who discovers and falls in love with a young singer (Gaga). It
marks the third remake of the original 1937 film (which featured Janet Gaynor and Fredric
March), which was adapted into a 1954 musical (starring Judy Garland and James Mason)
and then remade as a 1976 rock musical with Barbra Streisand and Kris Kristofferson.
Question: is bradley cooper a star is born a remake

Options:

A. True

B. False

Ground Truth: A

Instruction Output: Response:[’False’]

Dataset: PIQA

Instruction: capitalize_correct_answer

Given a question and two answer candidates A’ and 'B’, answer the question by printing
the text associated with the correct option label in uppercase. Do not print the option label.
Think step by step and in the end, finish your response with "Response:$SRESPONSE’ where
$RESPONSE (without quotes) is the final output expected.

Question: wool

Options:

A. can be used to line cookie tins

B. can be used to line pants

Ground Truth: B

Instruction Output: Response:CAN BE USED TO LINE PANTS

B.5 Metrics and Output Post-processing

We report the model performance as a form of exact match (EM) where we perform basic string
parsing (removing beginning and ending whitespaces, quotations, etc.) and compare the model
prediction to the expected output for the applied instruction.

Further, all our task prompt templates, as shown in Appendix [B:4] explicitly instruct the model
to provide their final response after a ‘Response:’ keyword. We search for and extract the re-
sponse after this keyword while computing the exact match score. However, we observe that
models may not always follow this, and can instead generate a wide range of other keywords (e.g.)
(the final answer is, the output is, etc), or no keyword at all. Given the diverse possible responses,
we make a good-faith attempt to capture these patterns as part of our evaluation to classify a wider
range of model responses)°| As a result, we do not penalize models for not following this output
format requirement.

However, models do still make errors when following the primary instruction. These could be minor
copying errors, such as missing a period or comma, or even fixing typographical errors within the
provided options. On the other hand, they could also be instruction following mistakes, where for
instance, the option label is added to the response even when the prompt explicitly states otherwise.

8We find that more than 94% of outputs across all models and samples contained the ‘Response:” string
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We do not expect models to make such mistakes given clear instructions, and therefore, penalize
models for these types of errors in our evaluation.

B.6 Qualitative examples of error types

B.6.1 Type 1: Instruction following error

Model: Llama-3.1-8B-Instruct

Input Task (Append correct answer with a string):

Given a sentence with a blank and 2 options namely ’A’ and ’B’, print the text associated with the option
label that answers the question correctly. Do not print the option label. Without including any
additional characters, also append the following text string at the end of the output:’Date’. Do not
add any special characters including quotations , spaces, new lines etc in the response. Think step
by step and in the end, finish your response with ’Response:$RESPONSE’ where $RESPONSE (without
quotes) is the final output expected.

Sentence: Samantha strictly followed their diet while Sarah ate what they felt like, and _ ate chicken and
broccoli all week.

Options: A. Samantha B. Sarah

Ground Truth:

SamanthaDate

Output:

Date
Response : Samantha

B.6.2 Type 2: Knowledge Error
Model: Qwen 2.5-72B-instruct

Input Task (Print the correct answer text:

Given a question about biology and 10 options: A, B, C, D, E, F, G, H, I, J as candidate answers, print
the text associated with the option label that answers the question correctly. Do not print the
option label. Think step by step and in the end, finish your response with ’Response:$RESPONSE’
where $RESPONSE (without quotes) is the final output expected.

Question: Nymphaea odorata, a water lily , is an aquatic plant whose leaves and flowers float on the surface of
the water. Which of the following characteristics would be expected for leaves of this plant?

Stomata on the bottom surface with no water—conducting (xylem) cells

stomata on the bottom surface and relatively few water—conducting (xylem) cells

Stomata on the top surface with no water—conducting (xylem) cells

Stomata evenly distributed on both surfaces and relatively many water—conducting (xylem) cells
stomata on the top surface and relatively few water—conducting (xylem) cells

No stomata and relatively many water—conducting (xylem) cells

stomata on the top surface and relatively many water—conducting (xylem) cells

No stomata and relatively few water—conducting (xylem) cells

Stomata evenly distributed on both surfaces and relatively few water—conducting (xylem) cells
stomata on the bottom surface and relatively many water—conducting (xylem) cells

SHE@FEEOE >

Ground Truth:

stomata on the top surface and relatively few water—conducting (xylem) cells

Output:

To determine the correct answer, let’s analyze the characteristics of the leaves of Nymphaea odorata, a
water lily .

1. #xStomata Location #x:

— Stomata are essential for gas exchange, which is crucial for photosynthesis and transpiration. In aquatic
plants , especially those with floating leaves, stomata are typically located on the upper surface of
the leaves. This is because the upper surface is exposed to the air, allowing for efficient gas
exchange , while the lower surface is in contact with water, which would impede gas exchange.

2. xxWater—Conducting Cells (Xylem)s::
— Xylem is responsible for transporting water and minerals from the roots to the leaves. In aquatic plants,
the availability of water is not a limiting factor, so the need for extensive xylem tissue is
reduced. However, some xylem is still necessary to transport minerals and support the plant.

Given these points, we can eliminate options that do not align with these characteristics:
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— Options A, B, and J, which suggest stomata on the bottom surface, are incorrect because the bottom surface
is in contact with water, which would not allow for efficient gas exchange.

— Options C, E, and G, which suggest no stomata or stomata on the top surface, are more plausible. However, we
need to consider the xylem content.

— Options F and H, which suggest no stomata, are incorrect because stomata are necessary for gas exchange.

— Options D and I, which suggest stomata evenly distributed on both surfaces, are less likely because the
bottom surface is in contact with water, making stomata on the bottom less effective.

The most plausible option is:
— #%G. stomata on the top surface and relatively many water—conducting (xylem) cells

This option aligns with the need for stomata on the top surface for gas exchange and the presence of some
xylem for mineral transport and support.

Response: stomata on the top surface and relatively many water—conducting (xylem) cells

B.6.3 Type 3: Both Knowledge and Instruction following errors
Model: Gemma-2-9b-it

Input Task - Capitalize correct answer:

Given a sentence with a blank and 2 options namely A’ and 'B’, capitalize the text associated with the
optional label that answers the question correctly. Do not print the option label. Think step by step
and in the end, finish your response with “Response:SRESPONSE’ where $SRESPONSE (without quotes) is the
final output expected.

Sentence: John could not hear his alarm clock when he was sleeping with a headphone on his head because the \_
is closer. Options: A. headphone B. clock

Ground truth:

HEADPHONE

Model Output:

Let’s analyze the sentence step by step:

— The sentence is about John not being able to hear his alarm clock.

— The blank is where we need to insert either ’headphone’ or ’clock’.

— The sentence states that John is wearing headphones on his head.

— Therefore , the alarm clock would be closer to his head than the headphones.
— This means the alarm clock would be the closer object.

— The correct option to fill in the blank is ’clock’.

Now, let’s capitalize the text associated with the correct option.

Response: clock

B.6.4 Type 4: Unclassified Errors
Model: Qwen 2.5-3B-instruct

Input Task (Print the correct answer text:

Given a mathematical question and 5 options namely ‘a’, °b’, ’c¢’, ’d’, and, ’e’, as candidate answers,
print the text associated with the option label that answers the question correctly. Do not print
the option label. Without including any additional characters, also append the following text string
at the end of the output:’xQbkTIPMZ7wIBJCx’. Do not add any special characters including quotations
, spaces, new lines etc in the response. Think step by step and in the end, finish your response
with *Response :SRESPONSE’ where $SRESPONSE (without quotes) is the final output expected.

Question: two friends c¢ and d leave point ¢ and point d simultaneously and travel towards point d and point c
on the same route at their respective constant speeds . they meet along the route and immediately
proceed to their respective destinations in 32 minutes and 50 minutes respectively . how long will d
take to cover the entire journey between point d and point c ?

Options:
a. 90
b. 80
@, U3
d. 60
e. 65

Output:

To solve this problem, let’s denote the distance between point C and point D as \(D\), the speed of friend
C as \(v_C\), and the speed of friend D as \(v_D\). Let’s also denote the time they meet as \(t)\)
minutes .

When they meet, the sum of the distances they have traveled is equal to the total distance \(D\). So, we have:

\[ vC t + v.D t =D \]
\[ t (v.C + v.D) =D \]
\[ t = \frac{D}{v_C + v_D} \]
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After meeting, friend C takes 32 minutes to reach point D, and friend D takes 50 minutes to reach point C.
This means:

\[ \frac{D - v_.C t}{v_C} = 32 \]

\[ \frac{D - v.D t}{v_D} = 50 \]

Substituting \(t = \frac{D}{v_C + v_D}\) into the equations:
\[ \frac{D - v_C \frac{D}{v_C + v_D}}{v_C} = 32 \]

\[ \frac{D - v.D \frac{D}{v_C + v_D}}{v_.D} = 50 \]

Simplifying these equations:
\[ \frac{D (1 - \frac{v_C}{v_C + v_D})}{

)Hv_C} = 32 \]
\[ \frac{D (1 - \frac{v_D}{v_C + v.D})}{v_D} =

} 50 \]

32 \]
50 \]

\[ \frac{D \frac{v_D}{v_C =
\[ \frac{D \frac{v_C}{v_C =
\[ \frac{D v_.D}{v_C (v_.C + v_.D)} = 32 \]
\[ \frac{D v_.C}{v_D (v_.C + v_.D)} = 50 \]
..... continued incoherent reasoning and no final response provided

B.7 Additional Benchmark Statistics

The following sections reports detailed statistics for the Full and Lite Benchmark. We report statistics
for both instruction following and Instructions with no-effect subsets. We observe that for some
dataset (knowledge tasks) and instruction combinations, the corresponding entries are zero indicating
that there is no single instance where the instruction gets applied (Instructions with no-effect) or there
is no single instance where the instruction doesn’t get applied (instruction follow subset).
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C Limitations

One of the primary limitations of our approach is that if a model is not skilled in the underlying
knowledge/reasoning task, the study of instruction-following when conditioned on the model answer
being correct isn’t as helpful. Further, it is possible an LLM not considered in our set could generate
responses in a style that is very incompatible with the assumptions made by our evaluation scripts.
For example, some models could generate custom chain-of-thought markers which may require
further adaptation of output processing and evaluation - we encourage users of our benchmark to
inspect model outputs and update scripts if necessary.

D Additional Results

D.1 Printing the correct answer

We present the comparison between model’s performance on print correct answer and print correct
answer labels tasks on the Lite Benchmark in Table[5] We observe that all models show a drop in
performance when instructed to print correct answer instead of the label.
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Figure 5: Lite Benchmark: Performance of LLMs on Printing the correct answer task and
error comparison. PCA refers to print_correct_answer instruction and PCA label refers to
print_correct_answer_label.

D.2 Influence of Distractors

Figures [6] [7] and [§] show the performance of the Llama, Qwen2.5 and Phi family of models in the
presence of distractor instructions. Figure [9]shows the performance of frontier models.

D.3 Knowledge-Task Characteristics and Instruction-Following

We now present performance of different models for each instruction category in comparison with its
corresponding performance on print_correct_answer (PCA). The patterns remains consistent.

Numeric Manipulation Instructions: Figures[I0] [[T]and[I2]show the performance of small, medium
and large models on the numeric manipulation category of instructions. These instructions only apply
on the MathQA and MMLU datasets.

String Manipulation Instructions: Figures [T4] [I3] [I6] and [I7) show the performance of small,
medium, large and frontier models on the string manipulation category of instructions. These
instructions only apply on all datasets. Frontier models shown on data from Lite Benchmark.

Format Correct Answer Instructions: Figures[I8] [T9] 20]and 21| show the performance of small,
medium, large and frontier models on the instructions that format the correct answer. These instruc-
tions only apply on all datasets. Frontier models shown on data from Lite Benchmark.
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Figure 7: Distractors on Qwen Family of Models

Operations on List: Figures[22] 23] 24) and 25]show the performance of small, medium, large and
frontier models on the instructions operate on lists. These instructions only apply on all datasets.

Frontier models shown on data from Lite Benchmark.

Operations on List (Conditional): Figures [26] 27] 28] and [29] show the performance of small,
medium, large and frontier models on the instructions operate on lists. These instructions only apply
on all datasets. Frontier models shown on data from Lite Benchmark.
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Figure 14: Small-Scale Models: Performance variation of exact match scores for the String Manipu-
lation instruction category compared to its corresponding performance on print_correct_answer
(PCA).
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Figure 15: Medium-Scale Models: Performance variation of exact match scores for the String Manip-
ulation instruction category compared to its corresponding performance on print_correct_answer
(PCA).
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Figure 16: Large-Scale Models: Performance variation of exact match scores for the String Manipu-
lation instruction category compared to its corresponding performance on print_correct_answer
(PCA).

Llama-3.1-405B

o BoolQ o L. o L
5 1.0 2 2 5 2 Bl GPT-40-mini-2024-07-18
s S < GPT-40-2024-08-06
= 0.5
)
©
& 0.0
All PCA
MMLUPro
s
© s ~ o
5 051 R »n 8 2
: - [T
3 0.0 ——
All ) PCA
Winogrande ° o
5 1.0 2 S 2 2
5 7 : —R—=
® e % S S
I »
©
& 0.0
All ) PCA
Piga s . 8
g 10 =
(©
% o = (=]
& 0.0 -
All PCA
MathQA
© 3 A g =]
[
e
©
ad 0.0
All PCA

Figure 17: Frontier Models: Performance variation of exact match scores for the String Manipulation
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Figure 18: Small-Scale Models: Performance variation of exact match scores for the Format Correct
Answer instruction category compared to its corresponding performance on print_correct_answer
(PCA).

. Mistral-7B
Piqa
S 10 — Emm Qwen2.5-7B
2 3 S S
s os . = 2 Phi-3-small
. 1 = a Q
g & 4.8 8 2 M § s B Llama-3.1-8B
S ﬁ > S
& 0.0 - = Phi-3-medium
All PCA
MathQA BN Qwen2.5-14B
5 1.0 p =
S+ S_ ¢ 3 5 ¢S
© -
= 0.5 I ¢ R Qg ©
5 B e s
& 0.0 - =
All . PCA
Winogrande
£ 1.0 " P~ TS o R
® 8 R 3 S pm S S T
= 05 - 52 R ptome A °
Jg o (=] o
& 0.0 -
All PCA
BoolQ < 0
L o
5 1.0 — S S5
s n o © - e =
2 s o Y - <
2 0.5 0 S 2 o g
[} 3 = © =
2 S =
w 0.0 -
All PCA
MMLUPro
g 10
© e ©
£ 5] 5 op &2
e . o — — o 0 e (=1
8 2 € =2 =2 = 2o 3
ux., 00 i ~ o o (=] (=] (=] 1=
All PCA

Figure 19: Medium-Scale Models: Performance variation of exact match scores for the Format Correct
Answer instruction category compared to its corresponding performance on print_correct_answer
(PCA).
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Figure 20: Large-Scale Models: Performance variation of exact match scores for the Format Correct
Answer instruction category compared to its corresponding performance on print_correct_answer
(PCA).
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Figure 21: Frontier-Scale Models: Performance variation of exact match scores for the Format Correct
Answer instruction category compared to its corresponding performance on print_correct_answer
(PCA).
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Figure 24: Large-Scale Models: Performance variation of exact match scores for the Operations
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Figure 25: Frontier Models: Performance variation of exact match scores for the Operations on List
instruction category compared to its corresponding performance on print_correct_answer (PCA).
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Figure 26: Small-Scale Models: Performance variation of exact match scores for the Opera-
tions on List (Conditional) instruction category compared to its corresponding performance on
print_correct_answer (PCA).

Piga Mistral-7B
5 1.0 = 2 3 I Qwen2.5-7B
=l n 3 o o o .
5 os 5 2 3 Phi-3-small
5 ~ ) o
8 s & g F.° 8 3 B |lama-3.1-8B
> 2 S
& 0.0 - = Phi-3-medium
All PCA
MMLUPro I Qwen2.5-14B
£ 10
5 ~
=05 S8 op I3
k9] o m o m n 3 P S o
© o Q 5] o o g o
X 0.0 == N—= ST - S
All . PCA
Winogrande
§ 10 g S
® a g ® g g (==
Z 0.5 ~ 8 8 o p° =
g S g
& 0.0 -
All PCA
BoolQ - -
L o
5 o= S 3
= S
s = A
5 S 5
&
All PCA
MathQA .
o
:E_.’ 1.0 "~ o~ &
© S ¢ .°
b= 2 o =
= 0.5 1 & s 8 5 ™ "
3 S s e = 3
& 0.0 - =
All PCA

Figure 27: Medium-Scale Models: Performance variation of exact match scores for the Opera-
tions on List (Conditional) instruction category compared to its corresponding performance on
print_correct_answer (PCA).
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Figure 28: Large-Scale Models: Performance variation of exact match scores for the Opera-

tions on List (Conditional) instruction category compared to its corresponding performance on
print_correct_answer (PCA).
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Figure 29: Frontier Models: Performance variation of exact match scores for the Opera-
tions on List (Conditional) instruction category compared to its corresponding performance on
print_correct_answer (PCA).
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D.4 Instruction Specific Results

In this section, we report results at the individual instruction level across knowledge tasks. Figures [30]
and [31] show the average performance of models on each instruction in our Full and Lite Benchmarks
respectively.
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Figure 30: Performance variation of exact match scores on individual instructions across models on
Full Benchmark

D.5 Error classification

Figures[32] [33] 34 present the classification of errors for the LLama, Qwen and Phi family of models.
We also report similar plots for small, medium, large and frontier models in Figures [35] [36] [37) and 3§]
respectively.

D.5.1 Influence of Parameter Size

We report the performance on Full Benchmark for models from the Llama family and Qwen
family of models (Figures [39] and 0). We observe a consistent pattern of improvements
in instruction following-ability with increase in model capacity for the Llama family. How-
ever, this is not the case for Qwen family of models. Specifically, for some instructions like
print_correct_answer, print_correct_answer_label, sort_only_incorrect_answers the Qwen 1.5B
model outperforms 3B model. Qwen 3B model is better than Qwen 7B and 14B variants for the
print_correct_answer_append_string instruction. We consistently see 32B and 72B variants outper-
forming other models by a significant margin. Performance for the Phi family of models are presented

in Figure 41}
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Figure 31: Performance variation of exact match scores on individual instructions across models on
Lite Benchmark
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Figure 32: Llama model family: Knowledge Errors and IFErrors

Presence of Distractors: We also study the performance of models in the presence of distractors.
Figures 42} i3] and [#4] report the performance of the LLama, Qwen and Phi family of models in the
presence of distractors.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Included a brief sentence about our findings in the abstract and introduction
sections.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: See Section[C|in the appendix.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: There are no theoretical results.
Guidelines:
» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We release code and data to regenerate datasets and perform output processing
as well as scoring. All our experiments (inference) are done on publicly available, or
proprietary but generally available models.

Guidelines:
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* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Yes, the dataset is available at https://www.kaggle.com/datasets/
rudramurthy/knowledge-conditioned-instruction-following-kcif| and the
code to rescore the models on this data is available at https://github. com/IBM/KCIF.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Section [l
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Section [l
Guidelines:

* The answer NA means that the paper does not include experiments.
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9.

10.

11.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [NA]
Justification: The paper only evaluates LLMs on instruction-following tasks.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: The paper evaluates the abilities of LLMs to following knowledge-conditioned
instructions.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
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Justification: We dont release any models and our datasets are based on existing publicly
available knowledge benchmarks.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All existing assets have been cited.
Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: This paper includes derivative datasets form existing publicly available datasets.
Code and data have been made available.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
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15.

16.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: [NA]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: [NA]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: LLMs are evaluated in this paper.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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