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Abstract

Instruction-following is a critical capability of Large Lan-
guage Models (LLMs). While existing works primarily focus
on assessing how well LLMs adhere to user instructions, they
often overlook scenarios where instructions contain conflict-
ing constraints—a common occurrence in complex prompts.
The behavior of LLMs under such conditions remains under-
explored. To bridge this gap, we introduce Conlnstruct, a
benchmark specifically designed to assess LLMs’ ability to
detect and resolve conflicts within user instructions. Using
this dataset, we evaluate LLMs’ conflict detection perfor-
mance and analyze their conflict resolution behavior. Our
experiments reveal two key findings: (1) Most proprietary
LLMs exhibit strong conflict detection capabilities, whereas
among open-source models, only DeepSeek-R1 demonstrates
similarly strong performance. DeepSeek-R1 and Claude-4.5-
Sonnet achieve the highest average F1-scores at 91.5% and
87.3%, respectively, ranking first and second overall. (2) De-
spite their strong conflict detection abilities, LLMs rarely ex-
plicitly notify users about the conflicts or request clarification
when faced with conflicting constraints. These results under-
score a critical shortcoming in current LLMs and highlight
an important area for future improvement when designing
instruction-following LLMs.

Code — https://github.com/NLPCode/Conlnstruct

1 Introduction

Large Language Models (LLMs) (OpenAl et al. 2023; Tou-
vron et al. 2023; Chowdhery et al. 2023) have witnessed
significant advancements in recent years, demonstrating re-
markable capabilities in reasoning (Wei et al. 2022; Wang
et al. 2022), and time-series forecasting (Jia et al. 2024;
Zhang et al. 2024a, 2025a). A fundamental ability of
LLMs is to follow instructions—generating responses that
align with user-provided instructions. Instruction-following
(Ouyang et al. 2022) has emerged as a key research focus,
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playing a critical role in enhancing the interpretability, con-
trollability, and trustworthiness of LLMs.

Existing instruction-following works primarily focus on
evaluating to what extent LLMs’ outputs align with user
instructions using rule-based and model-based evaluation
methods. For rule-based evaluation, Zhou et al. (2023a) pro-
posed IFEval, a benchmark comprising verifiable instruc-
tions (e.g., “Include the keyword ‘useful’ in your response”),
where a rule-based program can verify whether a model’s
output meets the given instructions. Meanwhile, recent stud-
ies suggest that LLMs can rival human annotators (He
et al. 2024b) and serve as reliable evaluators (Zheng et al.
2023). Building on these findings, model-based evaluation
(Chen et al. 2024; Qin et al. 2024) leverages strong LLMs
to automatically assess whether LLMs’ outputs adhere to
user instructions. The latest research integrates rule-based
and model-based evaluation approaches (Jiang et al. 2024;
Zhang et al. 2024b; Wen et al. 2024). On the other hand,
concurrent works (Wallace et al. 2024; Zhang et al. 2025b;
Geng et al. 2025) evaluate whether LLMs can follow an in-
struction hierarchy, where high-level instructions (e.g., sys-
tem instructions) take precedence over low-level ones (e.g.,
user instructions).

Prior works assume that all constraints in the user instruc-
tions are coherent and non-conflicting. In practice, when
users provide long or complex instructions, they may unin-
tentionally introduce conflicting constraints—requirements
that cannot be simultaneously satisfied by LLMs. Figure 1
illustrates an instruction containing two conflicts: one be-
tween phrase constraints and another involving length con-
straints. The presence of such conflicts poses a unique chal-
lenge for LLMs. If an LLM generates a response without
notifying the user of these conflicts (as seen in GPT-40’s
response in Figure 1), the user may not realize that their
instruction contains conflicts and the model’s output fails
to fully satisfy the instruction. In such cases, a preferable
conflict resolution behavior is to explicitly inform the user
about the conflicts and request clarification before proceed-
ing (as shown in Claude-3.5-Sonnet’s response in Figure
1). Despite the growing interest in instruction-following, no
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Send an email to a software developer asking for a product demo, ensuring the email
begins with the phrase "I hope this message finds you well" and concludes with
"Looking forward to your response." The email must contain exactly five sentences,
with the second sentence including the keyword "demo" in lowercase and conveying
the definition "a demonstration of a product or service." ... Finally, the email must
include a Chinese idiom. The email must contain at least 10 sentences. Start the
email with an apology or an expression of regret.

( r
\__Resp
Subject: Request for a Product Demo \n\nDear [Developer's Name], \n\nl hope this
message finds you well. ... \n[Your Company Name] \n[Your Contact Information]

~
from GPT-40 )

from Claude-3.5-S
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I notice there are some contradictions in your requirements. You've asked for
exactly 5 sentences, but also specified that the email must contain at least 10
sentences. Additionally, you've requested to start with "I hope this message finds you
well" but also to begin with an apology or expression of regret.\n\nLet me clarify -
would you like me to:\nl. Write a 5-sentence email starting with "I hope this
message finds you well” ... Once you clarify this, I'll be happy to draft an email
that meets your other requirements ...

Figure 1: A conflicting instruction from Conlnstruct with
two responses from GPT-40 and Claude-3.5-Sonnet, where
text in green and red indicate conflicts between phrase con-
straints and length constraints, respectively.

prior work has systematically evaluated LLMs’ performance
when faced with user instructions with conflicts.

To bridge this gap, we introduce Conlnstruct, a novel
dataset designed to evaluate LLMs on Conflicting In-
structions that contain diverse constraints. Specifically, our
dataset covers six distinct tasks, with each instruction incor-
porating six types of constraints: content, keyword, phrase,
length, format, and style constraints. Furthermore, we de-
sign 7-9 different types of conflicts per instruction, including
both intra-constraint conflicts (e.g., conflicts between phrase
constraints) and inter-constraint conflicts (e.g., conflicts be-
tween keyword and phrase constraints) (please refer to con-
flicts in Figure 2). Using this dataset, we systematically ana-
lyze LLMs’ performance in conflict detection and examine
their behaviors in conflict resolution.

Conflict detection assesses how well LLMs can identify
conflicts within a given instruction. To evaluate this, we in-
troduce a new constraint into a conflict-free instruction, en-
suring it conflicts with an already present constraint. We
then ask LLMs to determine whether the instruction con-
tains conflicting constraints. Our results show that propri-
etary LLMs exhibit strong conflict detection capabilities,
with Claude-4.5-Sonnet achieving the second-highest aver-
age Fl-score at 87.3%. Notably, as the number of conflicts
in an instruction increases, LLMs exhibit improved conflict
detection ability, aligning with our intuitions.

Conflict resolution, on the other hand, investigates how
LLMs behave when faced with instructions containing con-
flicts. While LLMs perform well in conflict detection, our
findings indicate that they often generate responses without
explicitly informing the user about conflicts. For example,
when an instruction contains 1-2 conflicts, GPT-4o0 will di-
rectly generate a response in 97.5% of cases, satisfying only
a subset of the constraints but failing to notify the user of
the conflicts. Even the best-performing model, Claude-4.5-
Sonnet, explicitly alerts users to conflicts in only 45% of
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cases—either by (1) requesting further clarification (36%)
or (2) resolving the conflicts autonomously and responding
to the resolved instruction (9%). Moreover, as the number of
conflicts in an instruction increases, strong LLMs (Claude
models and GPT-40) become more likely to acknowledge
the existence of conflicts in their responses.

Our contributions can be summarized as follows: (1) We
introduce Conlnstruct, a novel dataset designed to evaluate
LLM performance in handling user instructions with con-
flicts. (2) We conduct an in-depth study on conflict detec-
tion, demonstrating that proprietary LLMs exhibit strong de-
tection capabilities. (3) We analyze the conflict resolution
behaviors exhibited by LLMs when encountering conflict-
ing instructions. Our findings reveal that while proprietary
LLMs exhibit strong conflict detection capabilities, they of-
ten fail to convey conflicts explicitly in their responses,
highlighting an important area for future improvement in
instruction-following LLMs.

2 Conlnstruct Benchmark
2.1 Dataset Construction

As shown in Figure 2, the construction of Conlnstruct con-
sists of three steps: preparing seed instructions, expanding
them with constraints, and introducing conflicts into the ex-
panded instructions. In the following, we will provide fur-
ther details on each step.

Preparing Seed Instructions. We begin by manually cu-
rating 100 seed instructions, which serve as fundamental in-
structions without additional constraints. In designing these
seed instructions, we prioritize task and domain diversity to
ensure broad coverage across various scenarios. To be spe-
cific, Conlnstruct comprises six common NLP tasks: email
writing, plan generation, story generation, open-domain
question answering (QA), review writing, and article writ-
ing. These tasks span 35 scenario-specific domains, includ-
ing travel, work, health, finance, technology, and history. We
present the task and domain distribution for Conlnstruct in
Figure 7 of Appendix B. Overall, the seed instructions pro-
vide a diverse set of tasks and scenarios.

Constraint Types. Following previous work on
instruction-following (Jiang et al. 2024; He et al. 2024a),
we utilize six widely-used types of constraints to expand
the seed instructions. Content Constraints require the
output to include specific details related to the content, such
as reasons, purposes, topics, or background information.
Keyword Constraints enforce the inclusion of specific
keywords in the output or specify constraints on their part of
speech or meaning. (He and Yiu 2022). Phrase Constraints
mandate the presence of specific phrases or sentences in
the output. Length Constraints impose restrictions on the
length of the output, such as word count, sentence count, or
paragraph count. Format Constraints specify the format of
the output (e.g., JSON, Markdown) or its language format
(e.g., requiring the output to be entirely in English). Style
Constraints control aspects such as sentiment, readability,
and overall tone of the output. Further details on these
constraint types are provided in Appendix C.



( )

Vs

[ ¢ Seed Instruction )

Send an email to a software developer asking for a product demo.

Conflicts
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Conflicts between Phrase Constraints:

‘ Expand Seed Instruction
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- Start the email with an apology or an expression of regret.
- Ensure the email begins with the phrase "I hope this

¢ Instruction with Constraints V)

Send an email to a software developer asking for a product demo, ensuring the email begins with
the phrase "I hope this message finds you well" and concludes with "Looking forward to your
response." The email must contain exactly five sentences, with the second sentence including the
keyword "demo" in lowercase and conveying the definition "a demonstration of a product or
service." Tailor the email for a professional audience, avoiding technical jargon while maintaining
a formal tone. Additionally, provide a brief background about your interest in the product and
specify a preferred time frame for the demo. Finally, the email must include a Chinese idiom.

message finds you well."

Add
Conflicts

o -

- Ensure the email begins with the phrase "I hope this
message finds you well."

u J

Figure 2: The construction process of the Conlnstruct Benchmark: We start with a seed instruction, then add constraints to it.
Finally, we introduce conflicts into the expanded instructions. Due to space limits, we show only two conflicts. In each conflict,
the first constraint is newly added, while the second comes from the original instruction.

Instruction Word Sentence CT CFT
100 138.9 6.4 6 8.6

Table 1: Statistics of Conlnstruct. ‘Instruction’ denotes the
number of expanded instructions. “Word’, ‘Sentence’, ‘CT",
and ‘CFT’ represent the average number of words, sen-
tences, constraint types, and conflict types per instruction.

Expanding Seed Instructions. We leverage GPT-4o0 to in-
ject constraints into seed instructions. To enhance constraint
diversity, we require GPT-40 to incorporate all six types of
constraint into each seed instruction. See Figure 2 for an ex-
ample of an expanded instruction. The prompt used for this
expansion is detailed in Table 4 of Appendix E.

Conflict Types. When designing conflicting constraints,
we prioritized the feasibility of evaluating constraint satis-
faction using LLMs or automated programs. To this end,
we define nine types of conflicts based on six widely used
constraints (Jiang et al. 2024; He et al. 2024a), catego-
rized into six intra-constraint conflicts and three inter-
constraint conflicts. Intra-constraint conflicts occur within
the same constraint type, including conflicts within Content
Constraints (CC), Keyword Constraints (KK), Phrase Con-
straints (PP), Length Constraints (LL), Format Constraints
(FF), and Style Constraints (SS). Inter-constraint conflicts
occur between different constraint types, including conflicts
between Keyword and Phrase Constraints (KP), Phrase and
Content Constraints (PC), and Phrase and Style Constraints
(PS). Further details are provided in Appendix D.

Adding Conflicts. We use GPT-40 to introduce conflict-
ing constraints into the expanded instructions. To better con-
trol the number of conflicts in each instruction, we prompt
the model to generate conflict pairs rather than directly in-
jecting conflicting constraints into the instructions. Each
conflict pair consists of two constraints: one extracted from
the expanded instruction and another, newly constructed by
GPT-4o0, that directly contradicts the former. We instruct
GPT-4o0 to generate one conflict pair for each of the nine pre-
defined conflict types. Figure 2 illustrates two conflict pairs
corresponding to an expanded instruction. The prompt used
to add conflicts is provided in Table 5 of Appendix E.
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2.2 Quality Control

To ensure the data quality of Conlnstruct, we use a two-
step verification process for each instruction. In the first step,
two annotators refine the expanded instructions and conflicts
generated by GPT-4o. For expanded instructions, they assess
the reasonableness and correctness of constraints, correct-
ing any unreasonable or erroneous ones. They also check
whether the expanded instructions include all six types of
constraints and add any missing ones. For conflicts, anno-
tators examine whether newly introduced constraints are in-
disputably in conflict with the constraints in expanded in-
structions. Any ambiguous conflicts are revised accordingly.
For example, if the constraint in an expanded instruction
states that “The email should contain 150-200 words”, and
a new constraint states that “The email must be brief,” the
conflict is ambiguous because “brief” lacks a clearly defined
word limit. Annotators also ensure that all types of conflicts
are covered and construct any missing ones. In the second
step, a third annotator' reviews the revised instructions and
conflicts, removing unreasonable constraints or conflicts.

2.3 Dataset Statistics

Table 1 presents the basic statistics of the expanded instruc-
tions in Conlnstruct. The dataset includes 94 and 70 con-
flict instances for the PC and KP conflict types, respectively,
and 100 conflict instances for each of the remaining seven
conflict types. Each instruction contains six types of con-
straints and an average of 8.6 conflict types. In the conflict
detection and resolution experiments, we construct conflict-
ing instructions by combining conflicts with expanded in-
structions. Specifically, we append the new constraints from
the conflicts directly to the end of the expanded instructions.
This approach allows us to generate a sufficient number of
instructions with varying numbers of conflicts. For example,
when the number of conflicts is set to one, we can construct
a total of 864 conflicting instructions.

3 Experiment Setup
We will introduce the common experiment setup for conflict
detection and conflict resolution.

" All annotators are college students and independent of our re-
search.



3.1 Preparing Instructions with Conflicts

For each task, we first evaluate LLMs on instructions with a
single conflict and then analyze their behaviors on instruc-
tions with multiple conflicts.

Instructions with a Single Conflict. As introduced in
Section 2.3, each expanded instruction contains n differ-
ent types of conflicts (7 < n < 9). For each instruction
I; € Iy (Zy denotes the set of conflict-free expanded in-
structions from Conlnstruct) and its corresponding conflicts
{e1,¢2,...,cn}, we append each conflict to I;, constructing
n different instructions {1; 1, I; 2, . . ., I; » }, each containing
a distinct type of conflict. Based on the conflict distribution
in Table 1, we generate a total of 864 instructions, each con-
taining a single conflict. We denote the sets of instructions
containing specific conflict types as Zoc, Zx k.-, Zr P,
where CC, KK, and KP refer to the conflict types defined
earlier. We then combine Z with the conflicting instructions
to form nine distinct experiment subsets:

Scc =ToUZce, ..., Skp=ZLyUlIkp.

Each subset consists of 100 conflict-free instructions
(Zp) and a balanced number of instructions contain-
ing a single conflict. The subset sizes are as follows:
Scc, SKK, Spp, SLL7 SFF, Sss, Sk p each contain 200
instructions, while Sp and Sk p contain 194 and 170 in-
structions, respectively.

Instructions with Multiple Conflicts. To construct in-
structions with & constraints (k € {1, 2, 3,4, 5,6}), for each
instruction I; € Z,, we randomly select k£ conflicts from
its corresponding conflict set {¢1, ca, . . ., ¢y, }, shuffle them,
and append them to I;. Due to computational constraints,
we generate a single instruction with k£ conflicts for each ;.
This process results in the set Zj, which contains 100 in-
structions, each with & conflicts.

We will evaluate LLM performance on conflict detection
and conflict resolution across these subsets.

3.2 Evaluation Models

We evaluate a range of models for conflict detection and
resolution, categorizing them into two primary groups:
(1) Seven Proprietary LLMs, including GPT-40, GPT-40-
mini (OpenAl et al. 2023), Claude-4.5-Sonnet, Claude-
3.5-Sonnet/Haiku (Anthropic 2024), Gemini-1.5-Pro/Flash-
Latest (Reid et al. 2024). (2) Eleven Open-source LLMs,
including DeepSeek-R1 (Guo et al. 2025), Meta-Llama-
3.2-[1, 3]B-Instruct, Meta-Llama-3.1-8B-Instruct (Dubey
et al. 2024), Mistral-8B-Instruct-2410 (Mistral 2023), and
Qwen2.5-[0.5, 1.5, 3, 7, 14, 32]B-Instruct (Yang et al. 2024).
For all models, we set the maximum output length to 2048
tokens and use a temperature of 0 to ensure determinis-
tic outputs. Experiments involving open-source LLMs were
conducted using A100 GPUs with 40GB of memory, while
proprietary LLMs were accessed through their official APIs.

4 Experiment Results on Conflict Detection
In this section, we explore the conflict detection task, which
evaluates whether LLMs can identify conflicting instruc-
tions. Given an instruction I, the conflict detection task is
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Figure 3: Conflict detection recall of LLMs for instructions
in 7. The x-axis is the number of conflicts per instruction.

formulated as a function f(I) € {Yes, No}, where f can be
instantiated by an LLM. The prompt used for conflict detec-
tion is provided in Table 6 of Appendix E.

4.1 Instructions with a Single Conflict

Table 2 shows the conflict detection performance of various
models. Our key findings are:
(1) Proprietary LLMs exhibit superior performance in
conflict detection, with the Claude family of models be-
ing particularly dominant. This is evidenced by their no-
tably high F1 scores—Claude-4.5-Sonnet (87.3%), Claude-
3.5-Sonnet (86.6%), and Claude-3.5-Haiku (85.0%).
(2) Open-source models with fewer than 7B parameters
struggle with conflict detection. Models such as Meta-
Llama-3.2-3B-Instruct and Qwen2.5-1.5B-Instruct under-
perform relative to random guessing across most conflict
types, indicating their inability to detect conflicts effectively.
(3) Detecting intra-constraint conflicts is easier than
inter-constraint conflicts. For instance, Claude-3.5-Sonnet
scores 92.7% on intra-constraint conflict subsets but only
74.6% on inter-constraint conflict subsets. This pattern
is consistent with other strong models, suggesting that
intra-constraint conflicts are more recognizable than inter-
constraint conflicts.

These findings highlight the strength of proprietary LLMs
in conflict detection and the challenges faced by smaller
open-source models.

4.2 Instructions with Multiple Conflicts

Figure 3 illustrates the conflict detection performance of var-
ious LLMs as the number of conflicts in instructions in-
creases. As the number of conflicts within an instruc-
tion grows, larger models generally exhibit improved de-
tection performance. This trend is particularly evident in
Qwen2.5-[7, 32]B. However, smaller open-source models
still struggle with conflict detection. Even when instruc-
tions contain multiple conflicts, models with fewer than 7B
parameters, such as LLaMA-3.2-3B and Qwen2.5-3B, ex-
hibit lower recall in identifying conflicts. This suggests that
smaller models may lack the necessary reasoning capacity
to detect conflicting constraints.

5 Experiment Results on Conflict Resolution

In the previous section, we demonstrated that LL.Ms, par-
ticularly proprietary ones, exhibit strong conflict detection



Models CC KK PP LL FF SS | KP PC PS | IntraA InterA Average
Random Guess 50.0 50.0 50.0 50.0 50.0 50.0] 50.0 49.2 452| 50.0 48.1 494
GPT-40 (2024-11-20) 919 91.3 887 88.1 79.8 89.8] 75.1 83.7 76.1 88.3 78.3 84.9
2> GPT-40-mini (2024-07-18) 87.7 862 872 842 83.6 86.7| 769 83.8 759| 859 78.9 83.6
g Claude-4.5-Sonnet (2025-09-29) 88.5 885 885 86.0 86.5 885| 885 86.8 83.6| 877 86.3 87.3
'i Claude-3.5-Sonnet (2024-10-22) 95.7 93.1 93.1 90.5 90.5 93.1| 60.3 89.8 73.6| 92.7 74.6 86.6
¢ Claude-3.5-Haiku (2024-10-22) 92,5 882 919 854 819 925| 705 85.1 774| 88.7 77.6 85.0
A& Gemini-1.5-Pro-Latest (2025-01) 73.5 726 735 735 726 73.5| 73.1 713 654| 732 69.9 72.1
Gemini-1.5-Flash-Latest (2025-01) 68.7 67.8 68.7 683 67.8 683| 674 664 60.6| 68.3 64.8 67.1
DeepSeek-R1 (2025-05-28) 93.1 94.1 93.6 93.1 88.1 94.1| 93.1 89.1 853| 92.7 89.2 91.5
Meta-Llama-3.2-1B-Instruct 38.7 28.8 28.8 333 322 344|344 263 39.0| 32.7 332 329
Meta-Llama-3.2-3B-Instruct 49.5 463 463 369 387 39.6| 41.3 52.6 432| 429 45.7 43.8
§ Meta-Llama-3.1-8B-Instruct 70.9 683 683 633 656 66.7| 62.7 689 58.8| 67.2 63.5 65.9
2 Ministral-8B-Instruct-2410 679 693 693 669 650 683| 679 679 584| 678 64.7 66.8
‘é’ Qwen2.5-0.5B-Instruct 36.2 422 43.1 48.6 477 41.2| 43.1 322 422| 432 39.2 41.8
2 Qwen2.5-1.5B-Instruct 36.5 37.6 33.1 24.6 33.1 33.1| 319 357 299| 330 32.5 32.8
O Qwen2.5-3B-Instruct 59.7 56.1 54.6 459 50.0 484| 546 629 469| 525 54.8 532
Qwen2.5-7B-Instruct 763 654 62.8 619 449 592| 415 662 429| 61.8 50.2 57.9
Qwen2.5-14B-Instruct 90.2 802 79.5 79.5 65.8 81.6| 57.7 837 643| 795 68.6 75.8
Qwen2.5-32B-Instruct 93.8 89.1 834 78.6 63.1 854| 394 792 545| 822 57.7 74.1

Table 2: Conflict detection results (%) of LLMs on different subsets, each containing instructions with a single type of conflict.
Here, conflict types refer to subsets that contain the corresponding conflict, e.g., CC denotes Sc¢. ‘IntraA’ and ‘InterA’ denote
the average performance across subsets of intra-constraint and inter-constraint conflicts, respectively. The reported metric is the
F1-score (F1). The top two results among LLMs are highlighted in bold and underlined, respectively.

capabilities when faced with conflicting instructions. Build-
ing on this finding, this section further investigates how
LLMs handle instructions with conflicting constraints, and
whether they can respond safely—that is, by explicitly ac-
knowledging conflicts in their responses and notifying users.
Specifically, we first observe LLMs’ behaviors in response
to such conflicts, and then analyze the effect of conflicting
constraints on the original conflict-free constraints.

5.1 Analysis on Conflict Resolution Behaviors

Typical Conflict Resolution Behaviors. In Section 3.1,
we create six subsets 7y, where each instruction contains k
conflicts. We feed these conflicting instructions into LLMs
and analyze their responses, classifying their behaviors into
four types. 1. Conflict Unacknowledged: The model does
not indicate the presence of conflicts in its response and
directly provides a response to the instruction. 2. Conflict
Acknowledged, Clarification Requested: The model rec-
ognizes that the instruction contains conflicts, refuses to re-
spond, and explicitly asks users for clarification. 3. Conflict
Acknowledged, Autonomously Resolved: The model iden-
tifies conflicts, resolves them on its own, and provides a re-
sponse to the resolved instruction. 4. Other Behaviors: The
model refuses to respond for reasons unrelated to conflicts.
The first behavior is particularly problematic, as the
model fails to inform users of conflicts while generating
a response that satisfies only a subset of constraints. This
may mislead users into accepting incomplete or incorrect re-
sponses without realizing that their instruction contains con-
flicts. In contrast, Behaviors 2 and 3 explicitly acknowledge
the conflicts. Behavior 3 autonomously resolves them, while
Behavior 2 seeks clarification from users. Among these, Be-
havior 2 is the most desirable, as it ensures transparency and
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allows users to control the conflict resolution process.

Distribution of Conflict Resolution Behaviors. To sys-
tematically analyze LLM behavior, we use GPT-40 to assign
behavior labels to 3,600 responses from six LLMs (see Ta-
ble 7 in Appendix E for the evaluation prompt). To check
the quality of GPT-40’s assessment, we manually annotate
behavior labels for 400 responses, achieving 98% agree-
ment with GPT-40’s judgments. Besides GPT-40, we em-
ploy Gemini-2.5-Pro as another judge. The Cohen’s Kappa
between both LLMs is 0.746, showing substantial agree-
ment (> 0.6) (Landis and Koch 1977) (Please refer to Ap-
pendix F for more details). Figure 4 presents the distribution
of conflict resolution behaviors exhibited by different LLMs
when responding to instructions with varying numbers of
conflicts. We summarize the key findings as follows:
(1) GPT-40, DeepSeek-R1, and Qwen2.5-32B predomi-
nantly exhibit Behavior 1: However, this does not imply
that these LLMs lack the ability to detect conflicts. In Figure
3, Qwen2.5-32B can identify conflicts with near 100% accu-
racy when more than two conflicts are present in an instruc-
tion. Despite their conflict detection capabilities, they fail
to explicitly acknowledge conflicts in most cases.
(2) Claude models exhibit conflict-aware behavior that
scales with the number of conflicts. In Claude-3.5-Sonnet,
the combined proportion of Behaviors 2 and 3 increases
from 32.0% when handling instructions with 1-2 conflicts
to 64.0% when handling instructions with 5-6 conflicts. A
similar trend is observed in Claude-4.5-Sonnet and Claude-
3.5-Haiku. However, despite the presence of multiple con-
flicts in instructions, Behavior 1 still constitutes a significant
proportion of Claude models’ responses.

These findings underscore the need to improve LLMs to
adopt safe conflict resolution behaviors when faced with



@ Conflict Acknowledged, Clarification Requested [ Conflict Acknowledged, Autonomously Resolved [ Conflict Unacknowledged [ Others

100% —
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Figure 4: Distributions of conflict resolution behaviors exhibited by different LLMs when responding to instructions with
varying numbers of conflicts. The x-axis denotes the number of conflicts per instruction.

Model GP L1 Zo F1
ode!
Bll B2f B3 B4 | B5] B6l
x| 97 1 1 1]10 o0 -
GPT-40
v |4 96 0 0|60 40 |814
2 |1 -
GPT-40-mini x|1% o0 0 0o
v, 4 9% 0o o4 553|771
x| 78 7 11 4|10 o0 -
Claude-3.5-Sonnet
v |18 8 0| 72 28 |781
Clande 3.5 Haik x93 2 3100 o0 -
aude-s.5-raiku
v |16 8 o o7 22816

Table 3: Distribution (%) of LLM behaviors with or without
the guiding prompt (GP) designed to detect and resolve in-
struction conflicts using Behavior 2. Here, B refers to behav-
ior types. Z; and Z; represent instructions with one conflict
and without conflicts, respectively. For conflict-free instruc-
tions (Zy), we report two types of model behaviors: Behav-
ior 5 (LLMs determine that the instruction has no conflict
and executes it directly) and Behavior 6 (LLMs incorrectly
detect conflicts and unnecessarily asks for clarification). F1
denotes the F1 score of LLMs in identifying instruction con-
flicts when using the GP. Results highlighted in bold and
underlined indicate whether the behavioral changes meet or
fail to meet expectations, respectively.

conflicts, which is essential to ensure reliable responses.

5.2 Prompting LLMs to Resolve Instruction
Conflicts Using Desired Behaviors

LLMs often fail to explicitly acknowledge conflicting in-
structions. This study investigates whether prompt engineer-
ing can guide LLMs to identify and resolve such conflicts
according to desired behavioral patterns. To explore this, we
prepend user instructions with the prompt designed to detect
and resolve instruction conflicts with Behavior 2, as detailed
in Table 8 of Appendix E. As shown in Table 3, this prompt
can effectively induce LLMs to adopt the predefined desired
Behavior 2 (acknowledging conflict and requesting clarifica-
tion). However, it also causes LLMs to behave overly con-
servatively, asking for clarification even when no conflict
exists (Behavior 6), thereby degrading the user experience.
These findings suggest that while prompt engineering can
influence conflict resolution behavior, it alone is insuffi-
cient for achieving both desired conflict resolution and

GPT-40
GPT-40-mini
Claude-3.5-Sonnet
Claude-3.5-Haiku
Llama-3.1-8B
Ministral-8B
Qwen2.5-32B

Phrase Format

Length

Figure 5: CSR of LLMs across different constraint types.

accurate execution of non-conflicting instructions.

5.3 Analysis on Constraint Priority

Constraint-Following Ability of LLMs on Conflict-Free
Instructions. We first feed each conflict-free instruction
I; € Iy into LLMs and evaluate their Constraint Satisfac-

tion Rate (CSR) in the absence of conflicting constraints.
CSR is defined as follows:

1 N
CSR= -

i=1 j=

l;
17, (1)
1

where [ f = 1 if the j-th constraint of the ¢-th instruction is

satisfied and I f = 0 otherwise. Here, [; denotes the number
of constraints in I;, IV represents the number of instructions,
and M is the total number of constraints in all instructions.
We use GPT-40 to evaluate whether the model’s output
satisfies the specified constraints (Table 9 in Appendix E
shows the evaluation prompt). To assess the evaluation qual-
ity of GPT-40, we manually labeled 150 constraints and
verified whether each constraint was satisfied in LLMs’ re-
sponses. Table 11 in Appendix F shows that automatic evalu-
ation aligns closely with human judgment. Figure 5 presents
the CSR results of seven LLMs across different constraint
types, revealing a clear performance pattern: the CSR score
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Figure 6: The impact of the order of NC on the constraint satisfaction rates of both OC and NC. ‘w/o C’ denotes the absence of
conflicts, while ‘NCA’ and ‘NCB’ indicate that NC appears after and before OC, respectively.

is notably lowest for length constraints but higher for the
other five constraint types.

Impact of Conflicting Constraints on LLMs’ Constraint-
Following Ability. As shown in Figure 4, when an in-
struction contains only a few conflicts, LLMs predomi-
nantly exhibit Behavior 1, meaning they tend to satisfy some
of the constraints in the instruction. To further investigate
how Newly introduced conflicting Constraints (NC) affect
LLMs’ ability to adhere to Original Constraints (OC), we
focus on instructions containing a single conflict. Given
computational constraints, we examine three types of con-
flicts: CC, KK, and PP. To examine the effect of NC’s
position, we construct two subsets for each conflict type:
NCA subsets (Zoc,Zkk,Zpp), where NC is introduced
after OC, and NCB subsets (Z/., Z) x, Zpp), where NC
is introduced before OC. Each subset contains 100 single-
conflict instructions. We input these into LLMs and use
GPT-40 to evaluate whether their responses satisfy OC or
NC (Table 10 in Appendix E shows the evaluation prompt).
To validate the reliability of GPT-40’s assessment, we man-
ually annotated 100 conflicting cases, achieving 90% agree-
ment with GPT-40’s judgments.

Figure 6(a) shows the impact of NC on LLMs’ ability
to satisfy OC. The results reveal the following key obser-
vations: (1) NC significantly reduces OC satisfaction rates,
suggesting that newly introduced conflicting constraints de-
grade previous constraints. (2) OC is more likely to be fol-
lowed when NC appears before OC rather than after it. This
suggests that the later a constraint appears in an instruc-
tion, the more likely it is to be followed. In Figure 6(b), NC
is more likely to be followed when it appears later (NCA)
rather than earlier (NCB), further reinforcing the idea that
conflicting constraints appearing later in an instruction
are more likely to be satisfied.

6 Related Work

Controllable Text Generation focuses on guiding language
models to generate text with specific attributes, such as senti-
ment (Keskar et al. 2019; Dathathri et al. 2020), lexical con-
straints (He 2021; He and Li 2021; He et al. 2022), length
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(Kikuchi et al. 2016; Fan, Grangier, and Auli 2018). Recent
studies have constructed data based on these controllable
tasks to evaluate (Zhou et al. 2023a; Sun et al. 2023) or en-
hance the instruction-following ability of LLMs (Zhou et al.
2023b). Unlike these studies, we investigate how LLMs de-
tect and resolve conflicts when given instructions with con-
flicting constraints, thereby providing new insights into their
instruction-following capabilities.

Conflict Detection has been extensively studied in natu-
ral language inference (Bowman et al. 2015; Williams, Nan-
gia, and Bowman 2018) and fact verification (Thorne et al.
2018), aiming to detect contradictions between two state-
ments or between claims and external evidence sources.
More recently, research has expanded to detecting conflicts
among retrieved documents (Jiayang et al. 2024), or dis-
crepancies between LLMs’ parametric knowledge and re-
trieved documents (Chen, Zhang, and Choi 2022; Neeman
etal. 2023; Xie et al. 2024). Meanwhile, hallucination detec-
tion in LLMs (Manakul, Liusie, and Gales 2023; Min et al.
2023) investigates false content generated by LLMs. While
these studies explore different aspects of conflict detection,
they do not focus on conflicting instructions where multiple
constraints contradict each other. Our work extends beyond
these domains by systematically evaluating how LLMs de-
tect and resolve explicit conflicts within user instructions.

7 Conclusion

We introduce Conlnstruct, a benchmark designed to eval-
uvate LLMs’ ability to detect and resolve conflicting con-
straints within instructions. Our findings reveal that while
proprietary LLMs demonstrate strong conflict detection ca-
pabilities, they often fail to explicitly communicate con-
flicts to users, instead generating responses that only par-
tially satisfy the given constraints. This highlights a criti-
cal gap in instruction-following: despite recognizing con-
flicts, LLMs struggle to transparently convey them. Future
research should focus on enhancing LLMs’ ability to explic-
itly notify users of conflicts and seek clarification, improv-
ing their reliability in real-world applications that demand
precise adherence to instructions.
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