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Abstract

Production-grade LLM systems require robust adherence to dozens or even hun-
dreds of instructions simultaneously. However, the instruction-following capa-
bilities of LLMs at high instruction densities have not yet been characterized,
as existing benchmarks only evaluate models on tasks with a single or few in-
structions. We introduce IFScale, a simple benchmark of 500 keyword-inclusion
instructions for a business report writing task to measure how instruction-following
performance degrades as instruction density increases. We evaluate 20 state-of-
the-art models across seven major providers and find that even the best frontier
models only achieve 68% accuracy at the max density of 500 instructions. Our
analysis reveals model size and reasoning capability to correlate with 3 distinct
performance degradation patterns, bias towards earlier instructions, and distinct
categories of instruction-following errors. Our insights can help inform design
of instruction-dense prompts in real-world applications and highlight important
performance-latency tradeoffs. We open-source the benchmark and all results for
further analysis at https://distylai.github.io/IFScale.

Figure 1: Model instruction-following accuracy across increasing densities, averaged over 5 runs.
Three distinct degradation patterns emerge: (1) threshold decay—near-perfect performance un-
til a critical density, then rising variance and decreased adherence (reasoning models like o3,
gemini-2.5-pro), (2) linear decay (gpt-4.1, claude-sonnet-4), and (3) exponential decay
(gpt-4o, llama-4-scout).
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1 Introduction

As large language models (LLMs) are increasingly being deployed in production systems requiring
precise speci�cation adherence, understanding their limitations is essential for reliable operation
(Ouyang et al., 2022; Sanh et al., 2022; Wei et al., 2022; Song et al., 2025). From content generation
systems that must adhere to style guidelines and factual requirements, to automated work�ows that
integrate dozens of business rules and compliance standards, to agentic systems requiring robust
memory layers and tool usage, modern applications demand models that can execute complex tasks
while satisfying multiple simultaneous instructions (de Langis et al., 2024; Kulkarni, 2025; Xu et al.,
2025). Real-world failures, such as chatbots inventing non-existent policies or providing misleading
advice, highlight the operational and legal risks of imperfect instruction following.

This challenge has become pressing as recent advances dramatically expand what we can feasibly
ask models to handle. Context windows have grown from thousands to millions of tokens (Team,
2024), and reasoning capabilities over extended contexts have improved (OpenAI, 2024; DeepSeek-
AI, 2025). These developments theoretically enable single-call requests with many simultaneous
instructions, rather than the standard paradigm requiring careful decomposition or retrieval (Chung
et al., 2025; Chan et al., 2025; Maamari et al., 2024). To con�dently move towards increased
instruction density, we must �rst answer: how many instructions can models actually handle before
performance meaningfully degrades?

Existing instruction-following benchmarks provide limited insight into this question. Early evalu-
ations typically assessed models using simpler tasks or small numbers of instructions per request
(Wang et al., 2022; Mishra et al., 2022). Recent benchmarks have advanced in complexity and realism
(Jiang et al., 2024; Madaan et al., 2023; He et al., 2024; Qin et al., 2024; Zeng et al., 2024; Jing
et al., 2023), but still focus on scenarios with few instructions. This leaves a gap in understanding
around performance degradation under the high instruction densities that expanded model capabilities
now theoretically support. To address this gap, we introduce IFScale, a benchmark designed to
characterize how models handle increases in cognitive load.

The main contributions of this work include: (1) IFScale: a benchmark for evaluating instruction-
following performance as instruction density increases; (2) Comprehensive evaluation: an evaluation
revealing performance hierarchies and degradation patterns across state-of-the-art models and a
detailed exploration of instruction ordering effects, error types, and task performance under high
cognitive load for all models considered.

2 Related Work

Several recent benchmarks have advanced the complexity and realism of LLM instruction-following
evaluation by exploring scenarios involving multiple tasks or instructions. ComplexBench and
FollowBench evaluate LLM performance on complex instructions with multiple constraints (Wen
et al., 2024; Jiang et al., 2024), while DC-Instruct addresses interdependent or multi-intent tasks
(Xing et al., 2024). DIM-Bench demonstrated that LLMs are vulnerable to negative or distractor
requirements (Hwang et al., 2025) and a few recent works have shown order effects with earlier
instructions receiving more attention (Zeng et al., 2025; Liu et al., 2025; Wen et al., 2024).

However, these benchmarks generally fail to explore how model performance degrades in many
instruction scenarios. ManyIFEval (Harada et al., 2025) extends the early IFEval benchmark (Zhou
et al., 2023) of veri�able instructions to address this gap, but caps evaluation at 10 simultaneous
instructions—far below production-scale densities. Our benchmark addresses these limitations by
evaluating performance at high instruction densities, providing insight into performance cliffs and
degradation patterns not observable in single- or few-instruction evaluation settings.

3 IFScale

We propose IFScale, a benchmark designed to investigate how model performance degrades as
instruction density increases. The task is to generate a professional business report while including a
set of keywords in the output. Each instruction is a constraint to include a speci�c keyword in the
generated report. This allows us to easily scale instruction density from10 to 500instructions with a
step size of 10 and automatically grade performance by keyword inclusion.
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3.1 Term Vocabulary Construction

We compile a high-precision vocabulary of business-relevant one-word instructions from U.S. SEC
10-K �lings. For each �ling, we prompto4-mini to extract the top500candidate terms as a JSON
list. Extracted lists are fuzz-match deduplicated. A look-back validation step retains only terms found
as whole words in the raw 10-K corpus, to avoid any improper extraction by the model. We then �lter
by Zipf frequency (� 1.0) to ensure all terms exist in standard English terminology. Morphological
variants are collapsed to a single lemma via WordNet lemmatization. To guard against semantic
redundancy, we embed all remaining terms using OpenAI'stext-embedding-3-small , compute
each term's nearest-neighbor cosine distances, and prune any term whose distance falls below the
mean. Finally, we estimate each lemma's generation "dif�culty" by averagingexp(� avg_logprob)
over three zero-temperature gpt-4.1-nano completions, rank by descending perplexity, and select
the top 500 terms as our �nal rule vocabulary (Appendix E).

3.2 Implementation Details

For each experiment, we evaluate a grid of instruction densitiesN 2 f10; 20; : : : ; 500g under �ve
random seeds.

• Prompt construction: SampleN keywords from the pruned vocabulary and create a list of
instructions of the form: "Include the exact word {keyword}". Instruct the model to build a
multi-section professional business report while obeying the list of instructions (Appendix D).

• Retry logic: Issue each prompt to the respective model with retries when lists of constraints (� 10
comma-separated single words), response refusals (< 20 words), or incoherent reports (validated by
a secondary o4-mini coherence check) are identi�ed.

• Evaluation: Evaluate each report's adherence via wildcard-enabled regex matching on the text.

4 Experiments

4.1 Experimental Setup and Metrics

We evaluated a total of 20 models spanning seven providers, as highlighted in Fig. 2. We evaluated
each model via the OpenRouter API using default generation parameters to maintain natural genera-
tion characteristics. We set reasoning effort to "high" where applicable. Five independent random
seeds were run per instruction density level (N 2 f10; 20; : : : ; 500g), and strati�ed sampling ensured
consistent dif�culty across runs.

4.2 Evaluation Methodology

We assess each generated report's adherence to its instructions via deterministic pattern matching.
First, we perform case-insensitive, style-insensitive exact-match searches using regular expressions to
identify proper keyword inclusions. Instructions not found are counted as omission errors. Instructions
matching at least an 80%-length pre�x of each term are counted as modi�cation errors. We compute
per-model and per-density omission and modi�cation rates by aggregating across seeds. To quantify
primacy effects, we partition each instruction list into early, middle, and late thirds and measure error
rates within each bucket. Standard deviation is computed by taking the sample standard deviation of
accuracy scores across the �ve random seeds at each density level.

4.3 Performance Analysis

Figure 2 displays model performance patterns across the instruction density spectrum, while Ap-
pendix A presents comprehensive metrics across multiple dimensions.

Generally, reasoning models (indicated in all �gures by "(r)" appended to model name) outperform
their general-purpose counterparts. They maintain near-perfect performance through moderate
densities (100-250 instructions) before degradation, suggesting that reasoning capabilities provide
advantages for instruction tracking and satisfaction (see appendix C for further reasoning model
analysis). Also, naturally, newer generation general-purpose models generally outperform their
older-generation counterparts, and larger models outperform smaller counterparts.
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Figure 2: Model performance degradation as instruction density increases from 10 to 500 instructions,
with line coloring representing generation latency and shading indicating�1 standard deviation
across �ve runs. Models are ordered by accuracy at 500 instructions. Larger or newer models and
models with reasoning tend to outperform smaller or earlier generation models that show rapid early
degradation.

However, several outliers challenge these general trends.grok-3 (61.9% at 500 instructions)
approaches the performance ofo3 (62.8%) with signi�cantly less variance, despite not be-
ing run in reasoning mode.claude-3.7-sonnet outperforms the newerclaude-opus-4 and
claude-sonnet-4 at max density (52.7% vs. 44.6% and 42.9% respectively). Additionally,
deepseek-r1 (30.9%) underperforms given its reasoning model classi�cation, andqwen3(26.9%)
falls short of expectations for a large, new-generation model. Finally,gpt-4o displays surprisingly
weak performance, showing rapid decay more characteristic of small models like gpt-4.1-nano.

4.4 Degradation Pattern Analysis

Analysis of accuracy degradation curves reveals three distinct patterns as shown in Fig. 1:

Threshold decay: Performance remains stable until a threshold, then transitions to a different
(steeper) degradation slope and displays increased variance. The top two models (gemini-2.5-pro ,
o3) demonstrate this clearly, maintaining near-perfect performance through 150 or more instructions
before declining. Notably, these are both reasoning models, indicating that deliberative processing
architectures provide robust instruction tracking up to critical thresholds, beyond which systematic
degradation occurs.

Linear decay: Characterized by steady, predictable decline in performance.gpt-4.1 and
claude-3.7-sonnet exemplify this pattern, with accuracy decreasing approximately linearly across
the density spectrum.

4



Exponential decay: Characterized by rapid early degradation followed by performance stabiliza-
tion at low accuracy �oors. Models likeclaude-3.5-haiku andllama-4-scout exemplify this
pattern, showing steep performance drops after minimal instruction densities before asymptotically
approaching consistent low-performance baselines. Notably, all exponential decay patterns appear to
level off around similar accuracy �oors (7-15%), suggesting lower bounds on instruction satisfaction.

4.5 Variance Patterns

We examine performance variance across the �ve runs per instruction density level and observe
three distinct behaviors as shown in Appendix B.3: Top performing models by accuracy (e.g.
gemini-2.5-pro , o3, grok-3-beta ) display steady increases in variance, indicating reduced re-
liability as instruction density increases. Mid-tier performing models (e.g.gemini-2.5-flash ,
claude-sonnet-4 ) show mid-range variance peaks in the 150-300 instruction range suggesting
a critical capacity zone where performance is unstable before the model collapses under cognitive
load and stabilizes at consistently poor performance. Finally, the worst performing models almost
immediately decrease in variance suggesting that they are overwhelmed by even a few dozen instruc-
tions. We can infer that variance decreases as models collapse under cognitive load, and that the top
performing models do not yet collapse at 500 instructions. We note thatllama-4-maverick stands
out as an extreme outlier with abnormally high variance, suggesting different instruction-processing
mechanisms.

4.6 Primacy Effects

Primacy effects refer to the tendency of models to better satisfy instructions appearing earlier versus
later in the instruction list (Guo & Vosoughi, 2024; Zhou et al., 2024; Horowitz & Plonsky, 2025).
We compute primacy effects as the ratio of error rates in the �nal third of instructions to error rates in
the �rst third of instructions. A ratio greater than 1.0 indicates that later instructions are more likely
to be violated.

Primacy effects display an interesting pattern across all models: they start low at minimal instruction
densities indicating almost no bias for earlier instructions, peak around 150-200 instructions, then
level off or decrease at extreme densities. This mid-range peak suggests that models exhibit the
most bias as they begin to struggle under cognitive load at moderate densities. However, at extreme
densities (300+ instructions), primacy effects uniformly diminish across all models, with most ratios
converging toward 1.0–1.5 (see Appendix A and Fig. 3). This convergence indicates a shift from
selective instruction satisfaction to more uniform failure patterns when completely overwhelmed,
indicating an instruction saturation point. Therefore, while packing more important instructions
towards the beginning of a prompt may help, it becomes a less effective strategy once extreme
densities are reached.

4.7 Ef�ciency Analysis

Most production applications have some latency constraints even if they do not demand real-time
interaction. We analyze generation latency and accuracy tradeoffs as instruction density increases.
Reasoning models exhibit the most pronounced latency increases under cognitive load:o4-mini
scales dramatically from 12.40s at 10 instructions to 436.19s at 250 instructions ando3 increases
from 26.30s to 219.58s at 250 instructions. In contrast, general-purpose models maintain stable
latency pro�les:claude-3.5-haiku ranges from 9.32s to 10.54s,gpt-4o remains between 9.29s
and 13.20s (Appendix A).

The accuracy-to-latency ef�ciency ratio reveals practical deployment insights that pure accuracy
metrics obscure (Appendix B.3). All models show declining ef�ciency as instruction density in-
creases, with universal convergence toward low ratios (0-2) at high densities. However, ef�ciency
hierarchies differ markedly from accuracy hierarchies. Fast, smaller models likegrok-3-mini ,
gemini-2.5-flash , andgpt-4.1-nano achieve the highest ef�ciency ratios, demonstrating that
computational speed can compensate for moderate accuracy losses in time-sensitive applications.
Larger reasoning models likeo3 andgemini-2.5-pro exhibit lower ef�ciency ratios than several
smaller models, suggesting their computational costs may outweigh accuracy bene�ts for practical
deployment. Notably, grok-3 maintains a high ef�ciency ratio and strong accuracy performance.
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Figure 3: Primacy effect ratios showing universal attention degradation patterns regardless of
instruction-following performance. Nearly all models exhibit mid-range peaks around 150-200
instructions where selective attention mechanisms favor earlier instructions, followed by convergence
toward uniform failure patterns at extreme densities. The convergence indicates a fundamental shift
from selective to universal instruction abandonment. Curves are smoothed by a rolling window of
size 3.

Model selection for high-density instruction scenarios should balance accuracy requirements with
computational constraints, as the highest-performing models may not provide optimal ef�ciency
for large-scale deployment. For instance, real-time customer service chatbots handling multiple
simultaneous constraints require rapid response times that may favor ef�cient models over maximally
accurate ones.

4.8 Error Type Analysis

We evaluate two types of instruction violations:

Omission errors: Complete failure to include required terms in the generated text. For example,
when instructed to include "accountability" but the term appears nowhere in the output.

Modi�cation errors: Inclusion of morphological variants rather than exact required terms. For
example, including "accountable" or "accounts" when "accountability" was required, or "strategic"
when "strategy" was required.

Models overwhelmingly err toward omission errors as instruction density increases. At low densities,
many models show relatively balanced error types, but this shifts dramatically at high densities. At
500 instructions,llama-4-scout exhibits an extreme O:M ratio of 34.88, indicating omission errors
are over 30 times more frequent than modi�cation errors (Appendix B.2).

Three models demonstrate strong omission bias compared to others:llama-4-maverick ,
claude-3.5-haiku , andllama-4-scout . These models show O:M ratios consistently above
20-30 across multiple density levels, suggesting their failure mode defaults to complete instruction
dropping rather than attempting morphological approximations. In contrast, reasoning models like
o3 ando4-mini maintain lower O:M ratios even at high densities, indicating they attempt to sat-
isfy instructions through modi�cations rather than complete omission when under increased load.
gemini-2.5-pro stands out as the only model to actually decrease its O:M ratio as instruction
density increases.

4.9 Core Task Performance Analysis

We investigate how performance on our core task (writing a coherent business report) degrades
as instruction density increases. We are interested in determining if cognitive resources spent on
instruction adherence negatively impact a model's ability to carry out the core task it is attempting.
In order to measure core task performance, we haveo4-mini judge the coherence of the generated
business report using a coherence rubric (B.4.1) across all attempted generations–not just those
generations that met our threshold of coherence to be considered a valid output as described in 3.2.
We do not �nd clear evidence of coherence decreasing signi�cantly as instruction density increases
for the majority of models. Almost all models maintain coherence or only display a slight dip as they
strain under cognitive load (Appendix B.4).
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However,o3 and o4-mini stand out as the only two outliers. They show marked declines in
coherence as density increases and dip below our threshold coherence score of 6 that de�nes a
plausible business report. While this may indicate the o-series of models is susceptible to core
task performance degradation while focused on instruction following, it is likely that part of the
explanation is the o-series' reluctance to generate a large amount of output tokens. As seen in
Appendix B.4.2,o3 ando4-mini output signi�cantly less tokens than all top performing models
except forgrok-3 . At 500 instructions,o3 is only outputting 1500 tokens, meaning that every third
generated word must be a keyword–an obvious strain on coherence. Remarkably,grok-3 maintains
high coherence despite outputting a similar number of tokens (B.4.3).

5 Discussion

Our analysis reveals insights for deploying LLMs in instruction-heavy scenarios. The identi�cation
of distinct degradation patterns provides a framework for model selection based on application
requirements: threshold degraders for applications requiring high instruction counts with near-perfect
recall, linear degraders for predictable performance trade-offs, and recognition that smaller models
may suf�ce for low-instruction scenarios despite steep early degradation.

The universal mid-range peak in primacy effects suggests an architectural limitation rather than
model-speci�c behavior, with immediate practical implications for instruction ordering strategies.
The convergence of primacy effects at extreme densities indicates that traditional prompt engineering
becomes less effective as models become overwhelmed.

Standard deviation patterns reveal that model reliability varies uniquely with instruction density.
Practitioners should select models based not only on mean accuracy but also on variance patterns
matching their reliability requirements, with consistent performers preferred for mission-critical
applications.

6 Conclusion and Limitations

We introduce IFScale, a benchmark measuring instruction-following performance degradation as
instruction load scales from 10 to 500 instructions. Our analysis reveals several patterns: reasoning
models dominate at extreme densities, three distinct degradation curves (threshold, linear, expo-
nential), universal primacy effects indicating attention limitations, and systematic error shifts from
modi�cation to omission under cognitive load. We also raise questions around whether core task
performance may degrade as instruction density increases.

Our study has several important limitations. We focus exclusively on professional report generation
with simple keyword-inclusion instructions, which may not generalize to other task types or domains,
or more complex instruction types. Our business vocabulary from SEC 10-K �lings limits insights
into other instruction formats common in real applications. Results are speci�c to English-language,
business-domain instruction following, with cross-lingual performance and other paradigms requiring
future investigation.

Future work should investigate the complete degradation mechanisms underlying our observed
patterns, explore instruction types beyond simple constraints, determine whether these degradation
curves generalize across tasks, and further examine the tension between instruction following and core
task performance, particularly in OpenAI's o-series. Our �ndings indicate that instruction-following
represents a critical dimension of LLM cognitive capacity amenable to targeted improvements.
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A Full Results

Table 1: Detailed performance breakdown revealing �ve critical dimensions of instruction-
following behavior: accuracy hierarchies, variance patterns with mid-range struggle zones, omission-
modi�cation error ratios showing systematic shifts to instruction abandonment, primacy effects
demonstrating universal attention degradation patterns, and latency characteristics across all 20
evaluated LLMs.

Model Metric 10 50 100 250 500

claude-3.5-haiku

Accuracy (%) 98.0% 78.0% 43.4% 16.6% 8.5%
Standard Deviation (%) 4.5% 5.1% 6.6% 1.8% 0.8%
Omission:Modi�cation Ratio 0.00 4.83 13.11 22.69 31.69
Primacy Effect Ratio 0.00 2.15 1.74 1.48 1.17
Latency (s) 9.32 10.85 11.77 11.91 10.54

claude-3.7-sonnet

Accuracy (%) 100.0% 99.6% 94.8% 72.9% 52.7%
Standard Deviation (%) 0.0% 0.9% 3.3% 4.9% 8.4%
Omission:Modi�cation Ratio - 0.00 4.16 4.95 6.05
Primacy Effect Ratio - 0.00 2.67 1.77 1.39
Latency (s) 17.22 26.87 36.07 55.89 72.10

claude-opus-4

Accuracy (%) 100.0% 100.0% 94.6% 67.9% 44.6%
Standard Deviation (%) 0.0% 0.0% 4.7% 3.9% 14.0%
Omission:Modi�cation Ratio - - 1.65 4.43 5.79
Primacy Effect Ratio - - 0.28 1.49 1.11
Latency (s) 24.94 43.22 75.45 132.63 146.95

claude-opus-4 (r)

Accuracy (%) 92.0% 99.6% 81.8% 81.5% 52.1%
Standard Deviation (%) 17.9% 0.9% 31.8% 8.2% 7.6%
Omission:Modi�cation Ratio - 0.00 2.10 4.60 4.09
Primacy Effect Ratio 2.00 - 0.68 0.95 1.04
Latency (s) 31.91 47.81 68.87 142.79 175.65

claude-sonnet-4

Accuracy (%) 100.0% 98.0% 94.4% 77.2% 42.9%
Standard Deviation (%) 0.0% 1.4% 3.0% 12.6% 10.2%
Omission:Modi�cation Ratio - 0.60 1.40 2.77 6.05
Primacy Effect Ratio - 0.00 0.51 1.15 1.18
Latency (s) 12.78 18.48 31.09 85.83 49.75

claude-sonnet-4 (r)

Accuracy (%) 100.0% 100.0% 94.8% 80.0% 39.9%
Standard Deviation (%) 0.0% 0.0% 3.6% 5.0% 6.7%
Omission:Modi�cation Ratio - - 1.86 3.48 7.01
Primacy Effect Ratio - - 3.33 0.49 1.12
Latency (s) 18.50 29.05 37.96 95.18 69.92

deepseek-r1-0528

Accuracy (%) 98.0% 94.8% 86.8% 49.1% 30.9%
Standard Deviation (%) 4.5% 2.3% 5.6% 6.5% 3.5%
Omission:Modi�cation Ratio 0.00 0.67 1.52 5.60 9.12
Primacy Effect Ratio 0.00 0.83 1.24 1.55 1.25
Latency (s) 22.30 24.09 28.33 15.89 38.53

gemini-2.5-�ash-preview

Accuracy (%) 100.0% 96.0% 82.0% 50.7% 34.2%
Standard Deviation (%) 0.0% 1.4% 4.5% 7.8% 4.2%
Omission:Modi�cation Ratio - 5.00 3.97 6.73 9.65
Primacy Effect Ratio - - 2.65 2.06 1.52
Latency (s) 6.41 7.40 10.68 12.95 13.76

gemini-2.5-pro-preview

Accuracy (%) 100.0% 99.6% 98.4% 84.8% 68.9%
Standard Deviation (%) 0.0% 0.9% 1.3% 7.2% 2.6%
Omission:Modi�cation Ratio - - 2.00 9.94 6.99
Primacy Effect Ratio - 0.00 0.17 1.67 1.78
Latency (s) 24.78 47.10 52.77 74.51 77.69
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Table 1: Detailed performance breakdown revealing �ve critical dimensions of instruction-following
behavior (continued)

Model Metric 10 50 100 250 500

llama-4-maverick

Accuracy (%) 100.0% 76.4% 50.4% 34.8% 27.7%
Standard Deviation (%) 0.0% 12.7% 27.3% 36.6% 40.4%
Omission:Modi�cation Ratio - 19.81 23.93 16.36 26.02
Primacy Effect Ratio - 1.75 1.07 1.40 1.12
Latency (s) 2.59 8.05 7.62 8.04 7.78

llama-4-scout

Accuracy (%) 100.0% 54.4% 27.2% 9.3% 6.7%
Standard Deviation (%) 0.0% 9.5% 4.0% 1.4% 0.8%
Omission:Modi�cation Ratio - 12.02 23.97 31.42 34.88
Primacy Effect Ratio - 1.78 1.31 1.15 1.05
Latency (s) 8.46 11.15 10.23 6.68 7.71

gpt-4.1

Accuracy (%) 98.0% 98.8% 95.4% 74.0% 48.9%
Standard Deviation (%) 4.5% 1.8% 2.7% 4.3% 5.0%
Omission:Modi�cation Ratio 0.00 1.00 1.86 3.15 5.35
Primacy Effect Ratio - 0.00 0.65 1.67 1.29
Latency (s) 12.07 21.25 20.66 24.79 30.81

gpt-4.1-mini

Accuracy (%) 100.0% 93.2% 80.0% 44.5% 27.2%
Standard Deviation (%) 0.0% 4.1% 4.2% 2.6% 1.7%
Omission:Modi�cation Ratio - 0.40 2.83 5.55 8.00
Primacy Effect Ratio - 1.50 3.37 2.89 1.62
Latency (s) 9.28 13.68 13.72 15.49 14.78

gpt-4.1-nano

Accuracy (%) 94.0% 72.8% 51.6% 25.7% 16.2%
Standard Deviation (%) 5.5% 5.0% 4.5% 4.5% 1.8%
Omission:Modi�cation Ratio 2.00 2.15 6.11 9.67 11.59
Primacy Effect Ratio 0.00 1.44 2.17 1.80 1.34
Latency (s) 5.39 6.80 7.92 7.17 9.91

gpt-4o

Accuracy (%) 94.0% 82.8% 49.0% 22.2% 15.4%
Standard Deviation (%) 8.9% 6.3% 4.8% 2.0% 1.8%
Omission:Modi�cation Ratio 0.00 0.54 4.02 9.14 14.29
Primacy Effect Ratio 1.00 1.67 1.42 1.31 1.14
Latency (s) 9.29 15.45 14.05 12.80 13.20

gpt-4o-mini

Accuracy (%) 94.0% 65.6% 41.8% 18.3% 10.4%
Standard Deviation (%) 8.9% 3.8% 3.6% 1.8% 0.7%
Omission:Modi�cation Ratio 0.00 3.18 4.19 11.58 15.24
Primacy Effect Ratio 0.50 1.55 1.38 1.22 1.07
Latency (s) 11.07 11.66 12.47 13.29 12.60

gpt-4.5-preview

Accuracy (%) 100.0% 93.6% 90.8% 65.0% 43.0%
Standard Deviation (%) 0.0% 1.7% 1.8% 2.7% 2.1%
Omission:Modi�cation Ratio - 0.71 1.23 3.74 6.08
Primacy Effect Ratio - 1.11 1.19 1.60 1.36
Latency (s) 17.25 22.86 33.23 38.06 44.95
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Table 1: Detailed performance breakdown revealing �ve critical dimensions of instruction-following
behavior (continued)

Model Metric 10 50 100 250 500

o3 (medium)

Accuracy (%) 98.0% 99.2% 98.4% 91.8% 51.6%
Standard Deviation (%) 4.5% 1.1% 1.5% 8.6% 8.0%
Omission:Modi�cation Ratio - 1.00 3.50 1.16 7.47
Primacy Effect Ratio 0.00 - 1.67 2.62 1.68
Latency (s) 13.86 19.99 30.15 66.47 25.79

o3 (high)

Accuracy (%) 100.0% 99.6% 98.2% 97.8% 62.8%
Standard Deviation (%) 0.0% 0.9% 1.5% 1.5% 10.6%
Omission:Modi�cation Ratio - - 3.00 2.82 6.27
Primacy Effect Ratio - - 0.00 2.33 1.69
Latency (s) 26.30 68.08 100.40 219.58 158.28

o4-mini (medium)

Accuracy (%) 100.0% 99.6% 97.8% 86.8% 34.4%
Standard Deviation (%) 0.0% 0.9% 1.8% 9.7% 2.6%
Omission:Modi�cation Ratio - - 0.33 2.25 6.85
Primacy Effect Ratio - - 1.00 2.28 1.56
Latency (s) 12.40 26.23 65.05 436.19 28.73

qwen3-235b-a22b

Accuracy (%) 100.0% 92.8% 77.6% 36.4% 20.9%
Standard Deviation (%) 0.0% 5.2% 6.5% 5.5% 1.4%
Omission:Modi�cation Ratio - 0.59 2.85 7.03 10.45
Primacy Effect Ratio - 0.33 2.03 1.50 1.17
Latency (s) 38.19 58.64 54.95 109.40 84.59

grok-3-beta

Accuracy (%) 100.0% 100.0% 98.8% 86.2% 61.9%
Standard Deviation (%) 0.0% 0.0% 1.1% 4.6% 2.7%
Omission:Modi�cation Ratio - - - 3.02 5.58
Primacy Effect Ratio - - 0.00 1.66 1.21
Latency (s) 9.00 17.57 24.09 33.32 30.99

grok-3-mini-beta

Accuracy (%) 100.0% 99.2% 92.8% 56.6% 36.4%
Standard Deviation (%) 0.0% 1.1% 3.3% 1.9% 3.0%
Omission:Modi�cation Ratio - 0.00 1.69 4.34 6.87
Primacy Effect Ratio - - 2.08 1.68 1.68
Latency (s) 8.32 9.92 11.18 11.62 12.43

B Analysis Results

B.1 Variance Results

Figure 4: Performance variance patterns revealing three distinct behaviors: top performing models
display steady increases (degraded reliability under extreme density), middling models show mid-
range variance peaks (transitional cognitive load zones), and the worst models show steady decreases.
We can infer that variance decreases as models collapse under cognitive load. The extreme variance
exhibited byllama-4-maverick indicates alternative instruction-processing mechanisms compared
to other models. Curves are smoothed by a rolling window of size 3.
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