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Abstract

Instruction following aims to align Large Lan-
guage Models (LLMs) with human intent by
specifying explicit constraints on how tasks
should be performed. However, we reveal a
counterintuitive phenomenon: instruction fol-
lowing can paradoxically interfere with LLMs’
task-solving capability. We propose a metric,
SUSTAINSCORE, to quantify the interference
of instruction following with task solving. It
measures task performance drop after inserting
into the instruction a self-evident constraint,
which is naturally met by the original success-
ful model output and extracted from it. Ex-
periments on current LLMs in mathematics,
multi-hop QA, and code generation show that
adding the self-evident constraints leads to sub-
stantial performance drops, even for advanced
models such as Claude-Sonnet-4.5. We vali-
date the generality of the interference across
constraint types and scales. Furthermore, we
identify common failure patterns, and by in-
vestigating the mechanisms of interference, we
observe that failed cases allocate significantly
more attention to constraints compared to suc-
cessful ones. Finally, we use SUSTAINSCORE
to conduct an initial investigation into how dis-
tinct post-training paradigms affect the inter-
ference, presenting empirical observations on
current alignment strategies. We will release
our code and data to facilitate further research1.

1 Introduction

Large Language Models (LLMs) have shown re-
markable performance across diverse tasks and 
complex agentic workflows (Achiam et al., 1923; 
Guo et al., 1925; Li et al., 1924). One important 
factor behind this progress is instruction following, 
which allows human to align model behavior with 
their intent through explicit constraints and task 
specifications (Lou e t a l., 2024; Sun e t a l., 2024; 
Qi et al., 2024). Consequently, recent alignment

1https://github.com/kijlk/IF-Interference

Write a Python function to solve the following problem:
Returns the area of a triangle given three sides using Heron’s 
formula. If the sides cannot form a valid triangle, return -1.

Use the function name `calculate_triangle_area`

Back-Translation

import math
def calculate_triangle_area(a: float, b: float, c: float) -> float:
if (a <= 0 or b <= 0 or c <= 0) return -1

if (a + b <= c or a + c <= b or b + c <= a) return -1
s = (a + b + c) / 2.0
return math.sqrt(s * (s + a) * (s - b) * (s - c))

import math
def calculate_triangle_area(a: float, b: float, c: float) -> float:

if (a <= 0 or b <= 0 or c <= 0) return -1
if (a + b <= c or a + c <= b or b + c <= a) return -1
s = (a + b + c) / 2.0
return math.sqrt(s * (s - a) * (s - b) * (s - c))

Instruction + Self-Evident Constraint 

Self-Evident Constraint

Instruction

Misapplied Heron’s Formula

Figure 1: LLMs may fail at a task merely by adding a self-
evident constraint that is already being met in their originally
successful, unconstrained outputs.

pipelines and evaluation frameworks increasingly
emphasize constraint satisfaction, driving the devel-
opment of numerous instruction-following bench-
marks (Zhou et al., 2023; Qin et al., 2024; He et al.,
2024b) and targeted optimizations in advanced
models (e.g., GPT-5 (OpenAI, 2025), Qwen3 (Yang
et al., 2025), and GLM-4.6 (Zeng et al., 2025)).
However, while instruction following is crucial for
alignment, its potential impact on the model’s gen-
eral task-solving abilities remains underexplored.
In particular, does adding self-evident constraints
affect the model’s task-solving performance?

In this paper, we formalize this problem as the
interference of instruction following with LLMs’
task-solving capabilities, and define the underly-
ing capability as the robustness of a model’s task-
solving abilities under self-evident constraints. We
introduce an automated evaluation framework and
present the first systematic empirical study of this
interference. Specifically, we propose a metric,
SUSTAINSCORE, which evaluates this interfer-
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ence by measuring how much task performance
is sustained after self-evident constraints are im-
posed. To isolate the interference of capability lim-
itations, we utilize only instances that the model
solves successfully without constraints and con-
struct self-evident constraints by deriving them di-
rectly from its own successful outputs, ensuring
that the model inherently possesses the capability to
solve the task under these constraints. We consider
five common and widely used forms of constraints,
including Method, Length, Style, Keyword, and
Structure constraints (Zhou et al., 2023). We eval-
uate LLMs of varying sizes and paradigms across
Mathematics, Multi-hop QA, and Code. Through
extensive experiments, we uncover a paradoxical
interference: adding even self-evident constraints
significantly degrades general task-solving perfor-
mance. Figure 1 illustrates a concrete instance of
this fragility, where a self-evident constraint de-
rived from a model’s own successful solution leads
to unexpected task failure. These performance
drops are substantial. Even advanced models such
as Claude-Sonnet-4.5 (Anthropic, 2025) show mea-
surable losses, whereas many strong models with
30B to 70B parameters retain only around 65% to
85% of their original performance. These results
highlight a general lack of robustness in current
models when executing tasks with constraints. This
gap is not fully captured by instruction-following
and task-solving benchmarks, implying that bench-
mark success does not guarantee proficiency in
realistic, constrained scenarios.

To investigate whether this paradoxical inter-
ference is prevalent, how it impacts model per-
formance, and what its possible underlying rea-
sons are, we conduct three comprehensive analyses.
First, we show that this performance degradation is
consistent across experimental setups, supporting
the reliability of SUSTAINSCORE. We first confirm
that the observed performance decline is not a mere
artifact of instruction design, such as increased con-
text length or structural changes. Furthermore, by
analyzing constraint types and scaling effects, we
find that performance degrades consistently across
diverse constraint categories. In terms of constraint
scaling, the performance exhibits a sharp initial de-
cline with the addition of the first few constraints,
followed by a plateau phase where the degrada-
tion stabilizes. Second, we investigate the fail-
ure patterns and potential mechanisms behind this
performance degradation. At the behavioral level,
we observe two dominant error modes: (1) Rea-

soning Error, where the imposition of constraints 
causes the model to deviate from the correct reason-
ing trajectory; and (2) Output Specification Error, 
where the model derives the correct core solution 
but fails to satisfy specific output or completeness 
requirements. To investigate the underlying mecha-
nisms, we introduce a Constraint Attention Score, 
measuring the proportion of attention focused on 
constraints during generation. Our comparison in-
dicates that failed cases tend to exhibit higher con-
straint attention scores than successful ones, sug-
gesting that the performance degradation may stem 
from an excessive attentional focus on constraint 
parts. Finally, we conduct a preliminary analysis 
of possible underlying reasons rooted in the train-
ing process. Our observations suggest that RL may 
simultaneously enhance both task performance and 
robustness under constraints. In contrast, while su-
pervised fine-tuning on long chain-of-thought data 
boosts general performance, it appears significantly 
more susceptible to this degradation.

In summary, our contributions are threefold: (1) 
We identify the paradoxical interference between 
instruction following and task-solving, and formal-
ize it as task robustness under constraints. (2) We 
introduce SUSTAINSCORE to purify this interfer-
ence and demonstrate pervasive performance drops 
in current LLMs. (3) We analyze this phenomenon 
from empirical validation to mechanistic interpreta-
tion, and provide practical insights for model align-
ment. We encourage the community to emphasize 
task robustness under constraints to meet realistic, 
constrained scenarios. We also advise caution in 
instruction design, as excessive constraints may 
inadvertently degrade core task performance.

2 SUSTAINSCORE

In this section, we first provide the formal defini-
tion of SUSTAINSCORE. This metric evaluates the 
impact of instruction following on task-solving ca-
pabilities, i.e., the robustness of task performance 
under constraints. Then, we describe an automated 
evaluation framework to calculate SUSTAINSCORE 
based on existing datasets, allowing for scalability 
across domains without additional human effort.

2.1 Definition

Current benchmarks primarily evaluate instruction 
following by assessing whether a model’s output 
strictly adheres to a set of explicit constraints (Zhou 
et al., 2023; Qin et al., 2024). This evaluation pro-
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STEP1: Collection of Instruction-Response Pairs

Evaluation Tasks

STEP2: Task-Specific Constraint Taxonomy Generation

STEP3: Constraint Back-Translation

STEP4: Compute SustainScore
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Figure 2: An overview of the evaluation framework for computing SUSTAINSCORE.

cess can be formalized by considering a core task
instruction x and a set of constraints C = {ci}ki=1.
The model M receives the concatenated input as
instruction x⊕ C (where ⊕ denotes concatenation)
and produces an output M(x ⊕ C). The instruc-
tion following success is determined by verifying
whether M(x⊕ C) satisfies all constraints in C.

While this paradigm effectively measures ex-
plicit constraint adherence, it overlooks the im-
pact of constraints on core task performance, i.e.,
whether the output M(x⊕ C) can sustain the per-
formance of M(x). To bridge this gap, we propose
SUSTAINSCORE to evaluate task performance un-
der constraints, serving as a measure of task robust-
ness. A critical challenge for measuring this ro-
bustness is ensuring that any observed performance
drop is caused by the interference of instruction
following, rather than the model’s inability to solve
the core task itself, or imposed constraints that ren-
der the task logically unsolvable. Therefore, it is
essential to ensure the solvability of the core task
for model M under the imposed constraints. Specif-
ically, this requires satisfying two conditions: (1)
Inherent Task Capability: the model must demon-
strate the ability to solve the core task; and (2) Con-
straint Reasonableness: the imposed constraints
must be self-evident, meaning they align with a
valid solution path and do not introduce conflicts
that exceed the model’s capabilities.

Accordingly, we formalize the calculation of
SUSTAINSCORE as follows. Let Jx(y) = 1 indi-
cate that an output y correctly solves the core task
x. For a batch of instructions X , we construct the
valid subset Xsucc = {x ∈ X | Jx(M(x)) = 1},
which contains only the tasks that the model can

successfully solve without constraints. Then, for
each x ∈ Xsucc, we generate a set of self-evident
constraints C by deriving them from the success-
ful output M(x) (denoted as C ∼ Gen(M(x))),
thereby ensuring that the model is inherently capa-
ble of satisfying both the task and the constraints.
We define SUSTAINSCORE for model M as:

SUSTAINSCOREM (X ) = Ex∼Xsucc, C∼Gen(M(x))[
Jx
(
M(x⊕ C

)]
(1)

where E denotes the expected task performance
averaged over the evaluation dataset. This metric
directly quantifies a model’s ability to retain its task
success under self-evident constraints.

2.2 An automated evaluation framework
In this work, we empirically implement SUS-
TAINSCORE based on the formalization in Equa-
tion 1. Following prior work on instruction eval-
uation (Zhou et al., 2023; Peng et al., 2025), we
consider five common constraint types in two cate-
gories. The first category, hard constraints, targets
syntactic or lexical forms, including Length (e.g.,
word or sentence count) and Keyword (the inclusion
or exclusion of specific terms). The second cate-
gory, soft constraints, targets semantic content and
organizational logic, including Method (the core
reasoning approach), Style (the semantic tone), and
Structure (the output’s organization).

The full evaluation pipeline is illustrated in Fig-
ure 2. For a given task dataset, the process be-
gins by (1) collecting solvable instruction-response
pairs while filtering out failures. Next, (2) we con-
struct a task-specific constraint taxonomy based on



the characteristics of the evaluated task. This taxon-
omy then guides (3) the constraint back-translation 
stage, where explicit constraints are derived from 
each successful response. Finally, (4) compute 
SUSTAINSCORE. We detail the core stages below.

Collection of Instruction-Response Pairs. We 
generate model responses to the evaluation task 
dataset and filter out any failed instances. We col-
lect only the pairs of instructions and responses 
where the model successfully solves the core task.

Task-Specific Constraint Taxonomy Generation. 
This process is tailored to the evaluation task do-
main (e.g., mathematics, code generation) and han-
dles hard and soft constraints differently. For hard 
constraints like Length and Keyword, which can be 
extracted by a rule-based approach, we use a two-
step procedure. First, GPT-5 (OpenAI, 2025) gen-
erates a diverse taxonomy of sub-types and phras-
ing templates (e.g., for Length, sub-types may in-
clude “word count,” “number of paragraphs,” or 
“sentence count”). Second, for each sub-type, the 
LLM drafts a Python script to extract the needed 
concrete parameters (e.g., a specific word count) 
from a given model response. All templates and 
scripts are then manually verified for correctness. 
For soft constraints such as Method, Structure, and 
Style, where a rule-based approach is infeasible, 
we prompt GPT-5 to produce fine-grained, task-
specific descriptions for each soft type ( e.g., for 
math, the Method description enumerates valid rea-
soning paths such as “use a system of linear equa-
tions in two variables”). These descriptions serve 
as rubrics for the subsequent constraint generation 
step, enabling targeted extraction of complex, se-
mantic constraints from model outputs.

Constraint Front-Translation. With the 
taxon-omy in place, we convert implicit 
properties of a successful response into an explicit 
constraint c, in-spired by Qi et al. (2024). For hard 
constraints, we execute the Python scripts on each 
successful out-put to extract concrete parameters 
and instantiate the corresponding template. For 
soft constraints, we employ Qwen3-32B (Yang 
et al., 2025) as a semantic extractor, which is 
guided by the taxon-omy’s fine-grained 
descriptions and few-shot exam-ples. The LLM 
analyzes a response to identify its specific method, 
style, or structure, and formulates this into a 
natural-language constraint. To validate this 
process, we randomly sampled 200 generated 
constraints and conducted a manual verification;

results showed that 195 (97.5%) were consistent
with the original response. Because each constraint
is grounded in behaviors the model has already
demonstrated, the resulting set C is self-evident.

Compute SUSTAINSCORE. Finally, we append
five randomly ordered constraints (one per cate-
gory) to the original instruction. SUSTAINSCORE

is then computed as the model’s task success rate
on these new, constrained instructions, serving as a
direct measure of its task-solving robustness under
instruction following. See Appendix A for details.

3 Experiments

3.1 Experimental Setup

Evaluation Benchmarks Our evaluation covers
three core domains: mathematical reasoning, multi-
hop question answering, and code generation. (1)
Mathematical reasoning: We use a total of 1, 000
samples, randomly drawing 250 from each of the
following four datasets: GSM8K (Cobbe et al.,
2021), SVAMP (Patel et al., 2021), Olympiad-
Bench (He et al., 2024a), and MATH500 (Lightman
et al., 2023). (2) Multi-hop QA: For this reasoning
task, we compiled a set of 1, 200 samples, with 400
randomly drawn from each of HotpotQA (Yang
et al., 2018), 2WikiMultiHop (Ho et al., 2020), and
Musique (Trivedi et al., 2022). (3) Code genera-
tion: Our test set consists of 319 samples, including
the complete HumanEval benchmark (Chen et al.,
2021) (164 samples) and 150 from MCEval (Chai
et al., 2024) (50 each for C, C++, and Python).

Investigated Models Our evaluation covers a di-
verse spectrum of models, categorized into two
primary tiers based on their capabilities and scale:
(1) Flagship Models: To benchmark the state-of-
the-art (SOTA) models, we evaluate leading pro-
prietary models including Claude-Sonnet-4.5 (An-
thropic, 2024), Grok-4-Fast (xAI, 2025), Gemini-
2.5-Flash (Comanici et al., 2025), and GPT-4.1-
MINI (Achiam et al., 2023). Crucially, we
also include large open-weights models that are
comparable to these closed systems, specifically
Qwen3-235B-A22B-Instruct (Yang et al., 2025),
and DeepSeek-V3.1 (Guo et al., 2025). (2) Effi-
cient Models: Spanning the 1.5B to 72B range,
this category targets standard-scale and resource-
efficient deployment scenarios, including models
from the Qwen3 series (Yang et al., 2025), Llama
series (Grattafiori et al., 2024), distilled versions
of the DeepSeek series (Guo et al., 2025), GLM
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Model IF
Mathematics Multi-Hop QA Code Generation Overall AVG

Accuracy SUSTAINSCORE Accuracy SUSTAINSCORE Accuracy SUSTAINSCORE Accuracy SUSTAINSCORE

Qwen2.5-1.5B-Instruct 53.8 33.1 65.3 17.7 65.6 31.5 61.6 27.4 64.1

Qwen2.5-7B-Instruct 80.6 67.3 86.5 18.8 58.4 65.3 51.2 50.5 65.4

DeepSeek-R1-Distill-Qwen-7B 71.6 68.8 80.5 13.0 58.3 63.4 86.4 48.4 75.1

Meta-Llama-3.1-8B-Instruct 83.5 56.1 87.2 19.6 69.8 45.9 55.6 40.5 70.8

DeepSeek-R1-Distill-Llama-8B 69.9 64.8 75.2 18.2 58.4 60.2 77.2 47.7 70.3

Qwen2.5-14B-Instruct 86.7 73.3 90.3 28.7 70.6 66.2 42.8 56.1 67.9

OpenReasoning-Nemotron-14B 66.4 72.3 91.1 13.2 65.4 52.2 61.6 45.9 72.7

DeepSeek-R1-Distill-Qwen-14B 82.8 76.7 88.8 28.5 67.0 74.8 81.7 60.0 79.1

QwQ-32B 90.7 83.7 90.6 31.2 74.1 62.4 50.0 59.1 71.5

Qwen2.5-32B-Instruct 87.4 73.5 92.8 26.8 76.4 72.3 55.9 57.5 75.0

DeepSeek-R1-Distill-Qwen-32B 82.4 76.1 92.2 32.8 62.4 76.8 92.1 61.9 82.3

Qwen3-32B 90.2 85.9 91.3 34.2 73.9 48.1 78.1 56.1 81.1

GLM-Z1-32B 90.5 85.7 89.9 35.3 66.5 43.3 38.2 54.8 64.9

Meta-Llama-3.1-70B-Instruct 90.7 70.0 92.9 35.2 78.9 62.4 61.2 55.9 77.7

Qwen2.5-72B-Instruct 90.8 74.5 90.9 32.2 80.1 72.9 64.2 59.9 78.4

Gemini-2.5-Flash 92.9 72.7 84.5 42.9 73.0 76.1 86.6 63.9 81.4

Grok-4-Fast 88.8 68.5 80.7 34.9 74.5 77.1 74.8 60.2 76.7

GPT-4.1-MINI 90.9 78.9 94.3 40.2 83.6 77.1 50.8 65.4 76.3

Deepseek-V3.1 92.5 83.2 94.8 33.5 77.4 77.1 90.1 64.6 87.4

Qwen3-235B-A22B-Instruct 94.0 84.9 97.8 40.6 83.2 77.1 84.7 67.5 88.5

Claude-Sonnet-4-5 93.5 84.8 96.7 45.1 85.0 77.1 92.6 69.0 91.4

Table 1: Model performance (%) across IF (instruction following), Accuracy (task performance evaluated on the original
datasets), and SUSTAINSCORE (robustness under constraints). Overall AVG reports the macro-average. The background color
indicates the distance from 100% (perfect sustain), where darker shades indicate a more significant performance degradation.

series (Zeng et al., 2025), and their post-trained
derivatives (Hu et al., 2025; Chen et al., 2025).

3.2 Experimental Results

Our primary experimental results, presented in Ta-
ble 1, evaluate model robustness of task perfor-
mance under instruction following using SUSTAIN-
SCORE. We analyze SUSTAINSCORE alongside
two reference metrics: the instruction following
(IF) score, computed as the instruction-level ac-
curacy from IFEval (Zhou et al., 2023) (the most
widely used instruction-following benchmark), and
the original unconstrained task accuracy (Accu-
racy), which reflects the model’s inherent capabil-
ity on the evaluated tasks. Analysis of our main
findings reveals three critical insights:

(1) All models demonstrate suboptimal perfor-
mance under SUSTAINSCORE. Even the state-
of-the-art model, Claude-Sonnet-4.5, retains only
85.0% of its capability on Multi-Hop QA. The
degradation is more drastic for other models. For
instance, GLM-Z1-32B retains merely 38.2% of its
original performance on Code. In particular, many
competitive models in the 32B to 72B parameter
range retain only 64.9% to 82.3% of their perfor-
mance on average. This widespread inability to
maintain performance highlights the necessity of
SUSTAINSCORE for quantifying this gap.

(2) High scores on instruction following and
task-solving benchmarks do not guarantee high
SUSTAINSCORE. An example is GPT-4.1-MINI,

which achieves excellent instruction-following (IF:
90.9%) and strong task performance (Code Ac-
curacy: 77.1%), yet its Code SUSTAINSCORE is
only 50.8%. Furthermore, even among strong mod-
els with IF scores exceeding 90.0% and average
Accuracy above 65.0% (peaking at 69.0%), the
Overall SUSTAINSCORE still spans a significant
range, from 76.3% to 91.4%. This disconnection
demonstrates that high task capability and strong
instruction following do not necessarily translate
into robust task execution under constraints.

(3) Code generation task exhibits the most se-
vere degradation, with seven models retaining less
than 60% of their performance. This likely stems
from the strict nature of execution-based evalua-
tion, coupled with the code’s structural fragility,
where constraints can disrupt global logic rather
than just local phrasing. Given the central role of
code generation in agentic systems, this fragility
highlights the importance of explicitly measuring
robustness under constraints.

4 Analysis

In this section, we present three progressive analy-
ses. First, we validate the generality of this paradox-
ical interference between instruction following and
task solving (§ 4.1). Second, we investigate how
this interference leads to performance degradation
from the perspectives of behavioral patterns and
internal mechanisms (§ 4.2). Finally, we conduct
a preliminary analysis of the underlying causes



Model xlong Inst0 Inst1 Inst2 Inst3

Qwen2.5-7B-Instruct 92.7 86.5 80.5 86.3 84.4

Meta-Llama-3.1-8B-Instruct 92.6 87.2 86.8 90.0 88.9

OpenReasoning-Nemotron-14B 95.7 91.1 94.6 92.3 90.5

Qwen2.5-14B-Instruct 93.2 90.3 90.6 90.9 89.8

GLM-Z1-32B-0414 97.9 89.9 87.9 88.7 77.9

Qwen3-32B 95.5 91.3 91.4 91.2 91.3

Table 2: Performance (%) on instruction length and structure.

rooted in the training process (§ 4.3). We hope
our analysis provides a few fresh perspectives on
constructing reliable models.

4.1 Analysis on Prevalence of the Interference

To ensure the reliability of our findings, we validate
SUSTAINSCORE across a wide range of experimen-
tal setups. (1) Validity: We first disentangle the
impact of surface-level factors, confirming that the
observed degradation is not merely an artifact of
instruction length or structure. (2) Scalability: We
further conduct analyses over different constraint
quantities and types to verify the robustness of SUS-
TAINSCORE under varying levels of complexity.

Instruction Length. A potential confounding
variable in our main experiment is the increased
token count of the constrained instruction (x⊕ C)
compared to the original (x). We conduct an exper-
iment where we paraphrase x to match the word
count of constrained instruction x⊕ C, creating a
longer instruction xlong that is semantically identi-
cal to x. The experiment is conducted on the math
task, and results are detailed in Table 2. We find
that model performance on xlong shows only a neg-
ligible drop, suggesting that the significant perfor-
mance degradation measured by SUSTAINSCORE

is attributable to the interference of instruction fol-
lowing, not merely from the instruction length.

Instruction Structure. We also test whether our
findings are sensitive to the structural arrangement
of the task instruction and the constraint. We eval-
uate three alternatives to our default “instruction
+ constraint” format (Inst0): (1) Constraint-First
Priming (Inst1): The constraint is placed before
the instruction to test for order-dependence effects.
(2) Task Prioritization (Inst2): A verbose template
that explicitly instructs the model to prioritize the
correct solution first and the constraint second. (3)
Step-by-Step Guidance (Inst3): A template that
instructs the model to think first and then write an
answer that meets the constraint. Table 2 shows
that the performance degradation persists across
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Figure 3: Comparison of SUSTAINSCORE and Constraint
Satisfaction Rate as the number of constraints increases.

these structural variations. No single template al-
leviates the poor performance. This confirms that
the robustness failure captured by SUSTAINSCORE

is an intrinsic property of the model’s capability,
rather than an artifact of instruction design.

Constraint Quantity. To understand SUSTAIN-
SCORE’s scalability to the number of constraints,
we conducted a constraint quantity analysis on the
Math task across eight representative models using
Keyword. We increase the number of required key-
words from 1 to 16, as shown in Figure 3. The most
important finding is the significant gap between a
model’s ability to follow instructions and its ability
to maintain core task performance. While mod-
els consistently demonstrate a near-perfect ability
to adhere to the constraints (orange line, averag-
ing over 94% satisfaction), their SUSTAINSCORE,
which measures core task success, is significantly
lower (blue line, averaging 84%). This gap demon-
strates that existing instruction-following bench-
marks, which primarily measure constraint satisfac-
tion, fail to capture the hidden cost of constraints,
treating format adherence as success even when the
core task logic is broken. Furthermore, the SUS-
TAINSCORE curve exhibits a sharp initial decline
as constraints are added. Specifically, the most in-
formative degradation occurs within the first 5 con-
straints, after which the curve flattens, and the score
largely stabilizes. This finding underscores the ef-
ficiency and practicality of SUSTAINSCORE, sug-
gesting that an evaluation using just 5 constraints
is sufficient to capture the model’s robustness.

Constraint Types. To investigate the impact of
different constraint categories on SUSTAINSCORE,
we modified our standard procedure. We applied
only a single constraint from each of the five cat-



Task Length Keyword Style Method Structure ∆

Mathematics 87.5 89.0 89.6 90.4 90.3 2.9
Multi-Hop QA 70.1 73.2 74.2 74.9 77.4 7.3
Code Generation 73.9 70.0 83.0 86.9 87.4 17.4

AVG 77.2 77.4 82.3 84.1 85.0 7.8

Table 3: SUSTAINSCORE on different constraint types. ∆
indicates the max–min gap across constraint types.

egories in isolation, allowing us to measure how
models respond to different constraint types. The
results, averaged across all “efficient models” in
our main experiment, are presented in Table 3.
First, performance is largely consistent across con-
straint types on average. The average performance
gap between the best and worst-performing types is
small (7.8), indicating that SUSTAINSCORE is not
overly sensitive to the specific choice of constraint
type. In practice, this flexibility allows the selec-
tion of constraint types that are easiest to imple-
ment without significantly skewing the final eval-
uation. Second, the Code domain exhibits higher
sensitivity to Keyword (70.0). This aligns with the
structural fragility discussed earlier: restricting spe-
cific keywords in code may risk disrupting global
logic and execution flow, thereby amplifying the
difficulty of the task.

4.2 Analysis on Underlying Mechanisms

To investigate the causes of model failure at the
behavioral level, we manually inspected 50 failed
cases across domains and identified two dominant
error types: (1) Reasoning Error: The model fails
to establish a correct reasoning chain, leading to in-
correct mathematical derivations, erroneous multi-
hop inferences, or flawed algorithmic decisions in
code. (2) Output Specification Error: The model
derives the correct core solution but fails to satisfy
specific output or completeness requirements. Fail-
ures range from formatting mismatches (e.g., miss-
ing units or pattern deviations) to incomplete imple-
mentations (e.g., missing boundary cases), despite
having the capability to handle them. We further
analyze the distribution of these two error types
across evaluated models on math. We observe that
direct-answer models are more prone to Reason-
ing Errors, whereas CoT models frequently suffer
from Output Specification Errors. This aligns with
prior findings that while CoT enhances reasoning, it
often exhibits weaker instruction following capabil-
ities (Li et al., 2025). Examples and distributional
statistics are provided in the Appendix B.1.

To investigate these failures at the mechanism
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Figure 4: Comparison of constraint attention scores between
successful and failed generations.

level, we conduct an attention-based analysis that
tracks the model’s attention on constraint tokens
throughout response generation. We define Con-
straint Attention Score to quantify how prominently
constraint tokens appear among the tokens that
carry most of the model’s attention mass. Specif-
ically, at each generation step and for each atten-
tion head, we identify the smallest set of tokens
whose cumulative attention weight reaches 50%
proportion of the total attention mass. We then
compute the fraction of these high-attention tokens
that belong to the constraint and normalize it by
the proportion of constraint tokens in the entire
context, yielding a head-level constraint attention
score. To obtain a token-level score, we average
this head-level score over all attention heads in the
last 4 transformer layers at the same generation
step. More details are provided in Appendix B.2.

We compare the constraint attention scores of
successful versus failed generations on math tasks
across seven representative models. As shown in
Figure 4, failed cases consistently exhibit higher
constraint attention scores than successful ones
across most decoding steps. This gap becomes
increasingly pronounced toward the later stages of
generation: while both curves rise as decoding pro-
ceeds, the failure curve grows much more sharply,
indicating that unsuccessful generations allocate a
disproportionate amount of attention to constraint
tokens near the end of the sequence. This suggests
that excessive attention to constraints may interfere
with the model’s reasoning, offering a plausible
explanation for the observed performance decline.

4.3 Analysis on Post-Training Factors

A critical application of any evaluation metric is to
diagnose the shortcomings of existing techniques,
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Figure 5: SUSTAINSCORE for different post-training strategies within the same model family on the Math task.

thereby guiding future model development (Zheng
et al., 2023; Zhou et al., 2023). Hence, we employ
SUSTAINSCORE to explore the potential impact
of post-training paradigms. We compare models
within the Qwen2.5 ecosystem that are built upon
the same base architecture but differentiated by
three alignment strategies: (1) SFT-Direct: Super-
vised Fine-Tuning with direct answers, the standard
approach for most instruction-tuned models (e.g.,
the Qwen2.5-Instruct series). (2) SFT-LongCoT:
Supervised Fine-Tuning on long CoT data, such as
the DeepSeek-R1-Distill series (Guo et al., 2025).
(3) RL-Math: Reinforcement Learning specifically
for mathematical reasoning, such as the Open-
Reasoner-Zero series (Hu et al., 2025). As shown
in Figure 5, our preliminary observations suggest
that RL-based models tend to maintain better ro-
bustness alongside task performance. Conversely,
SFT-LongCoT, while strong in task capability, ap-
pears more susceptible to performance degradation
under constraints. This robustness gap is not fully
reflected by standard metrics like IF, which focus
on constraint satisfaction but overlook the preser-
vation of core task capabilities, highlighting the
complementary value of SUSTAINSCORE.

5 Related Work

Instruction Following. Instruction following
constitutes a cornerstone of Large Language Model
(LLM) alignment. Current instruction-following
benchmarks typically assess whether a model’s re-
sponse satisfies given constraints in a binary man-
ner (Zhou et al., 2023; Qin et al., 2024; He et al.,
2024b; Qi et al., 2025; Wen et al., 2024; Fu et al.,
2025). However, these approaches face two signif-
icant limitations. First, constructing such bench-
marks often requires extensive manual annotation
and verification (Qi et al., 2025; Qin et al., 2024),
thereby limiting their scalability. Second, assessing
adherence to complex constraints, such as stylis-

tic conformity, frequently relies on LLM-based
automatic evaluation (Jiang et al., 2024), which
inevitably introduces noise and potential bias (Ye
et al., 2025). More critically, effective alignment
should entail not merely adhering to superficial
instructions but also successfully accomplishing
the core task. To this end, we propose SUSTAIN-
SCORE, designed to capture a crucial dimension
of alignment overlooked by prior instruction fol-
lowing works: the capability to maintain core task
performance under self-evident constraints.

Prompt Sensitivity. Prompt sensitivity is com-
monly defined as the phenomenon where seman-
tically equivalent reformulations of an instruction
lead to substantial variations in model behavior
or task performance (Chatterjee et al., 2024; Polo
et al., 2024; Mizrahi et al., 2024; Voronov et al.,
2024). Most prior work studies this effect through
surface-level perturbations, such as changes in
punctuation, formatting, or phrasing, or through
paraphrasing that preserves task semantics (Razavi
et al., 2025; Mizrahi et al., 2024). In contrast, we
move beyond surface-level sensitivity to evaluate
robustness under functional constraints (e.g., for-
matting or tool usage), which are common in real-
world use. These constraints preserve the task goal
but alter how it should be carried out. We quantify
a critical robustness gap: the inability to sustain per-
formance under constraints, a dimension not cap-
tured by classical prompt sensitivity benchmarks.

6 Conclusion

In this paper, we reveal a counterintuitive phe-
nomenon: instruction following can paradoxically
interfere with LLMs’ task-solving capability. We
introduce SUSTAINSCORE to quantify this inter-
ference. Our results reveal that this interference
is severe and prevalent. Additionally, attention-
based analyses suggest that the performance drop



may stem from an excessive focus on constraints.
We further provide preliminary insights into how
different post-training paradigms influence this in-
terference. We caution that excessive instructions
may degrade model performance, and encourage
future work to adopt SUSTAINSCORE to foster the
development of more capable and reliable models.

Limitations

The main limitations lie in the implementation
of SUSTAINSCORE: (1) Our validation is con-
fined to mathematical reasoning, code generation,
and multi-hop QA. While effective in these do-
mains, the generalizability of SUSTAINSCORE

across more diverse tasks remains to be explored.
While our evaluation is fully automated and easy
to scale, we encourage the community to apply our
metric to a broader range of scenarios. (2) Our ex-
periments are conducted in English. We recognize
that linguistic differences could impact the results
and welcome further investigation across different
languages. In conclusion, we acknowledge these
limitations not as shortcomings, but as important
directions for future work. We believe that SUS-
TAINSCORE is a significant contribution, and we
look forward to future research that builds more
reliable models for real-world scenarios.

Ethical Statements

(1) Datasets: Our research utilizes widely-used
evaluation datasets, and we strictly adhere to their
licensing terms. We believe the original data is
properly anonymized, and our work does not intro-
duce any new sensitive information. (2) Methodol-
ogy Risks: Our proposed metric, SUSTAINSCORE,
relies on an LLM generator for soft constraint cre-
ation. It therefore inherits the inherent risks of the
generator model. However, our approach does not
introduce additional risks. A manual review of 200
randomly sampled instances confirmed the absence
of sensitive information. (3) AI Assistance: We
used AI assistants (ChatGPT and Gemini) for lan-
guage refinement and editing of this manuscript.
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Appendices

A SUSTAINSCORE Details

Tables 5, 7, and 6 list the prompts for the Method,
Structure, and Style constraint types in SUSTAIN-
SCORE, while Table 8 provides those used for the
instruction length analysis (§ 4.1). For constraint
generation, we employ Qwen3-32B (Yang et al.,
2025) with a maximum token length of 32,000 and
temperature set to 0. Finally, across all evaluations,
we use a maximum token length of 8,192 and tem-
perature 0 to ensure reproducibility.

B Detailed Results

B.1 Error Analysis
Tables 9,10, provide representative examples of
the two error types. Figure 6 reports their distribu-
tion across eight models on math tasks, including 4
direct-answer models and 4 chain-of-thought rea-
soning models. Because many output specification
errors stem from formatting mismatches that cause
exact-match or regex-based metrics to fail despite
correct underlying solutions, we use an LLM-as-
judge to determine semantic correctness. Outputs
judged as correct by the LLM are labeled as output
specification errors; otherwise, they are considered
reasoning errors.

B.2 Constraint Attention Score
Constraint Attention Score. Let at,l,h(i) denote
the attention weight assigned to the i-th token in the
context at generation step t, layer l, and attention
head h, where i = 1, . . . , Nt and Nt is the number
of tokens in the context. Let S2 ⊆ {1, . . . , Nt} be
the set of constraint tokens.

Top-p attention set. Given a proportion thresh-
old p = 0.5, we define the minimal top-p attention
set as

T (p)
t,l,h = arg min

S⊆{1,...,Nt}

∑
i∈S

at,l,h(i) ≥ p

Nt∑
j=1

at,l,h(j)

 .

(2)

Head-level score. We define the head-level con-
straint attention score as

cglobalt,l,h =
|T (p)

t,l,h ∩ S2|

|T (p)
t,l,h|

/ |S2|
Nt

(3)

This score measures how much constraint tokens
are over-represented in the high-attention region
relative to their random baseline.
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Figure 6: SUSTAINSCORE on different constraint types on
Math. The score for each type represents the average perfor-
mance across all models evaluated in our study.

Token-level score. Let LK denote the set of the
last K transformer layers (we use K = 4), and let
Hl be the number of attention heads in layer l. The
token-level constraint attention score at generation
step t is defined as

cglobalt =
1

K

∑
l∈LK

(
1

Hl

Hl∑
h=1

cglobalt,l,h

)
. (4)

B.3 Results on Post-Training Analysis
Table 4 presents the results discussed in Section 4.3.
We additionally include the LLaMA series in the
table below. These models exhibit the same trends,
further supporting our observations.



Series Model Task Accuracy SUSTAINSCORE IF

Qwen2.5-1.5B series
SFT-Direct Qwen2.5-1.5B-Instruct 33.1 65.3 53.8
SFT-LongCot DeepSeek-R1-Distill-Qwen-1.5B 61.9 65.4 49.9
RL-Math Open-Reasoner-Zero-1.5B 37.0 71.6 29.0

Qwen2.5-14B series
SFT-Direct Qwen2.5-14B-Instruct 73.3 90.3 86.7
SFT-LongCot DeepSeek-R1-Distill-Qwen-14B 76.7 88.8 82.8
RL-Math AceReason-Nemotron-14B 74.3 92.1 83.6

Qwen2.5-32B series
SFT-Direct Qwen2.5-32B-Instruct 73.5 92.8 87.4
SFT-LongCot DeepSeek-R1-Distill-Qwen-32B 76.1 92.2 82.4
RL-Math Open-Reasoner-Zero-32B 72.0 95.8 52.8

Llama3.1-8B series
SFT-Direct Llama3.1-8B-Instruct 56.1 87.2 83.5
SFT-LongCot DeepSeek-R1-Distill-Llama-8B 64.8 75.2 69.9
RL-Math Llama3.1-8B-Grpo-Reasoning 53.3 88.0 82.6

Table 4: Detailed results of the analysis of alignment techniques

You will be given a model response. Extract the core answering approach it uses and rewrite it as a single, imperative
instruction that can be attached to future prompts.
Instructions
• Return JSON only with the key "approach_instruction".
• The value must be one sentence (≤ 25 words) starting with: “Your answer should follow this approach: ”.
• Summarize the strategy, not problem-specific facts or solutions.
• No explanations, no extra keys, no text outside JSON.
• If the approach is implicit, infer the most plausible high-level method.

Example
Input Response: “Step 1: Kim’s Contribution: Kim raised $320 more than Alexandra, who raised $430.
$430 + $320 = $750. Step 2: Maryam’s Contribution: Maryam raised $400 more than Sarah, who raised
$300. $300 + $400 = $700. Step 3: Total Amount: We add: $430 (Alexandra) + $750 (Kim) + $300
(Sarah) + $700 (Maryam) = $2180. Final Answer: 2180.”
Output: {"approach_instruction": "Your answer should follow this approach: compute each person’s
amount from provided relations, then sum all contributions; show step-by-step arithmetic leading to
the final total."}
Your Turn
Input Response: “{response}”
Output (Please directly return JSON only):

Table 5: Prompt for extracting Method constraints

You will be given a model response. Extract the core language style it uses and rewrite it as a single, imperative instruction
that can be attached to future prompts.
Instructions
• Return JSON only with the key "style_instruction".
• The value must be one sentence (≤ 25 words) starting with: “Your answer should adopt this style: ”.
• Summarize the tone / style, not content or problem-specific facts.
• No explanations, no extra keys, no text outside JSON.
• If the style is implicit, infer the most plausible high-level style.

Example
Input Response: “Don’t worry, you can think of it step by step. Step 1: Kim’s Contribution: Kim
raised $320 more than Alexandra, who raised $430. $430 + $320 = $750. Step 2: Maryam’s
Contribution: Maryam raised $400 more than Sarah, who raised $300. $300 + $400 = $700. Step 3:
Total Amount: To find the total, we add the amounts from all four girls: $430 (Alexandra) + $750
(Kim) + $300 (Sarah) + $700 (Maryam) = $2180. Final Answer: #### 2180.”
Output: {"style_instruction": "Your answer should adopt this style: patient and encouraging, guiding
the reader step by step like a supportive tutor."}
Your Turn
Input Response: “{response}”
Output (Please directly return JSON only):

Table 6: Prompt for extracting Style constraints



You will be given a model response. Extract the core answer structure it uses and rewrite it as a single, imperative instruction
that can be attached to future prompts.
Instructions
• Return JSON only with the key "structure_instruction".
• The value must be one sentence (≤ 25 words) starting with: “Your answer should follow this structure: ”.
• Summarize the structural format (e.g., step numbering, bullet points, table layout, paragraph style, equation blocks), not
content or style.
• No explanations, no extra keys, no text outside JSON.
• If the format is implicit, infer the most plausible high-level structure.

Example
Input Response: “Don’t worry, you can think of it step by step. Step 1: Kim’s Contribution: Kim
raised $320 more than Alexandra, who raised $430. $430 + $320 = $750. Step 2: Maryam’s
Contribution: Maryam raised $400 more than Sarah, who raised $300. $300 + $400 = $700. Step 3:
Total Amount: To find the total, we add the amounts from all four girls: $430 (Alexandra) + $750
(Kim) + $300 (Sarah) + $700 (Maryam) = $2180. Final Answer: #### 2180.”
Output: {"structure_instruction": "Your answer should follow this structure: sequential steps
explicitly labeled as ’Step {{number}}: . . . ’."}
Your Turn
Input Response: “{response}”
Output (Please directly return JSON only):

Table 7: Prompt for extracting Structure constraints



You are an editor.

[Task]
Expand the input paragraph to approximately {TARGET_WORDS} words (±10%) while preserving its original meaning
exactly.
#========================================#

[Input]
type: {TASK_TYPE} # one of: "math", "multi_hop_qa"
paragraph: {PARAGRAPH}

#========================================#

[Allowed expansion methods] (content-preserving only)
• Rephrase with synonyms or equivalent constructions that restate the same constraints.
• Add discourse connectives and hedging/flow words that do not introduce requirements (e.g., “in particular”, “more
specifically”, “in other words”, “please”, “carefully”).
• Split or merge sentences; use parallel phrasing that reiterates existing points with equivalent wording.
• Expand abbreviations already present; add appositives that restate an existing noun phrase without adding attributes.
• Mild fluency padding (e.g., “clearly”, “precisely”), only if it does not add evaluation or new properties.

#========================================#

[Global hard constraints] (must all hold)
1) No new information:

– Do NOT add facts, entities, numbers, dates, locations, steps, options, claims, premises, constraints, caveats, or
assumptions that are not already present.

– Do NOT change scope, difficulty, intent, or acceptance criteria.
– Do NOT add examples, citations, references, safety notes, or background knowledge.

2) Preserve every original detail AND the answer-format requirements:
– Keep all entities, quantities, units, variables, symbols, equations/inequalities, and conditions unchanged in meaning.
– Do not omit, weaken, or alter any explicit answer-format or output-style instructions present in the paragraph.

* Examples include (but are not limited to): “Your final answer must begin with ‘####’ ”, etc.
* You may restate these format directives verbatim or with equivalent wording, but their requirements must remain

exactly the same.
* Do not introduce any new formatting requirements not in the input.

– Keep the same language as the input (English is expected).
– Maintain the same modality/tone (e.g., request/imperative/neutral).

3) Output format (your response to this prompt):
– Return ONLY a JSON object with exactly these keys: {{"expanded": string}}
– No additional fields, preface, or commentary outside the JSON.

#========================================#

[Type-specific constraints]
– If type == “math”:

* Do not alter the mathematical setup, variable names, symbols, equations, inequalities, or numeric values.
* Do not change what is being asked (objective) or any given constraints, bounds, or domain assumptions.
* You may add connective phrases or restate the same condition, but must not derive intermediate results or add hints.

– If type == “multi_hop_qa”:
* Preserve all entities, events, temporal and spatial qualifiers, and relations between them.
* Do not add external facts, missing links, or bridging knowledge; only restate what is already present.
* You may clarify with equivalent wording (e.g., restating a constraint in different words), but do not introduce new

premises.
[Length target]
Aim for {TARGET_WORDS} words; acceptable range is ±10%. If exact targeting would harm fidelity, prefer fidelity and
stay inside the range.
#========================================#

Produce the JSON now.

Table 8: Prompt for paraphrasing an instruction with a length constraint



[Instruction]
Rani has ten more crabs than Monic, who has 4 fewer crabs than Bo. If Bo has 40 crabs, calculate the total number of crabs
the three have together.
Your final answer must begin with ‘####’ and should appear as the last part of your response, in accordance with the required
format. Use: ####{Your Answer}.
#========================================#

[Constraints]
• Ensure that the keyword ‘metal’ is not present in your response.
• Apply this approach when formulating your answer: determine each person’s quantity based on given relationships, then
sum all quantities; show step-by-step calculations leading to the final total.
• Write at least 18 full sentences.
• Your answer should follow this style: structured and logical, using clear headings and step-by-step explanations.

#========================================#

[Model Response]
# Solving the Crab Problem: A Step-by-Step Analysis
## Understanding the Problem
Let me break down this problem systematically to find the total number of crabs owned by Rani, Monic, and Bo. We are
given specific relationships between the quantities each person possesses, and we need to work through these relationships
carefully.
## Given Information
The problem provides us with the following key pieces of information. Bo has 40 crabs, which serves as our starting point.
Monic has 4 fewer crabs than Bo, which means we need to subtract 4 from Bo’s total. Rani has ten more crabs than Monic,
so we’ll need to add 10 to Monic’s total.
## Step 1: Determining Bo’s Crab Count
Bo’s crab count is explicitly stated in the problem. Bo has 40 crabs, which is our foundation for all subsequent calculations.
This value will help us determine the quantities for both Monic and Rani.
## Step 2: Calculating Monic’s Crab Count
Now I need to find how many crabs Monic has. The problem states that Monic has 4 fewer crabs than Bo. Since Bo has 40
crabs, I subtract 4 from 40 to get Monic’s total.
Monic’s crabs = Bo’s crabs − 4
Monic’s crabs = 40 − 4
Monic’s crabs = 36
Therefore, Monic has 36 crabs.
## Step 3: Calculating Rani’s Crab Count
Next, I need to determine Rani’s crab count. The problem tells us that Rani has ten more crabs than Monic. Since we just
calculated that Monic has 36 crabs, I add 10 to this amount.
Rani’s crabs = Monic’s crabs + 10
Rani’s crabs = 36 + 10
Rani’s crabs = 46
Therefore, Rani has 46 crabs.
## Step 4: Finding the Total
Now that we have determined each person’s individual crab count, we can calculate the total. We simply add together the
crabs owned by Bo, Monic, and Rani.
Total crabs = Bo’s crabs + Monic’s crabs + Rani’s crabs
Total crabs = 40 + 36 + 46 = 86
## Verification of Our Answer
Let me verify this solution by checking our relationships. Bo has 40 crabs, Monic has 36 crabs (which is indeed 4 fewer than
40), and Rani has 46 crabs (which is indeed 10 more than 36). All relationships check out correctly, confirming our
calculations are accurate.
The three individuals together have a combined total of 86 crabs.
####86

#========================================#

[Reference Answer]
122

Table 9: Reasoning Error example. A failure case from Claude-Sonnet-4.5 on GSM8K with additional constraints. The
erroneous step is highlighted in red.



[Instruction]
Write a C function int are_intervals_intersecting(int a, int b, int c, int d) to solve the following problem:
Determine if two closed intervals intersect.
Args: a, b represent the first closed interval [a, b] where 0 ≤ a ≤ b ≤ 1000;

c, d represent the second closed interval [c, d] where 0 ≤ c ≤ d ≤ 1000.
Returns: 1 if the intervals intersect, 0 otherwise.

#========================================#

[Constraints]
• Do not let your code span more than 49 lines.
• Apply this approach when formulating your answer: apply logical conditions based on interval boundary comparisons to
determine intersection.
• Please validate that your function or variable names include the keyword “close”.

#========================================#

[Model Response]
/**
* @brief Determines if two closed intervals intersect.
*
* This function applies logical conditions based on interval boundary comparisons
* to determine if two closed intervals [a, b] and [c, d] have any common points.
*
* @param a The start point of the first closed interval [a, b].
* @param b The end point of the first closed interval [a, b].
* @param c The start point of the second closed interval [c, d].
* @param d The end point of the second closed interval [c, d].
* @return int 1 if the intervals intersect, 0 otherwise.
*/
int are_close_intervals_intersecting(int a, int b, int c, int d) {

// Two closed intervals [a, b] and [c, d] intersect if:
// 1. The end of the first interval (b) is not strictly before the start of the second (c). (b

>= c)
// AND
// 2. The start of the first interval (a) is not strictly after the end of the second (d). (a

<= d)
// If both conditions are true, the intervals intersect.
return (b >= c && a <= d) ? 1 : 0;

}

Table 10: Output Specification Error example. A failure case from Gemini-2.5-Flash on MCEval with additional constraints.
The erroneous step is highlighted in red.
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