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Abstract-Large language models (LL.Ms) are increasingly being
deployed with extended context windows ranging from 100K to
200K tokens, enabling applications involving long-document
analysis, multi-source reasoning, and prolonged conversational
interaction. Despite these developments, the practical
reliability of long-context processing remains insufficiently
understood. This study introduces KS-Probe (Probing Recall
Over Boundaries and Extents), a benchmark framework
developed to systematically evaluate context fidelity dynamics
in frontier LLMs. The benchmark embeds verifiable probe
facts into synthetic domain-diverse filler text and measures
Probe Recall Accuracy (PRA) under varying conditions of
context length, positional placement, conversational depth,
truncation boundaries, and tokenizer divergence. Four frontier
models GPT-5.2, Claude Sonnet 4.6, Grok-4.1-fast, and
DeepSeek-v3.2—were evaluated using 498 API runs involving
more than 24 million input tokens. Experimental findings
reveal substantial model-specific differences. Claude Sonnet
4.6 demonstrates improved recall with increasing context
length, while Grok-4.1-fast experiences severe degradation
beyond 100K tokens. DeepSeek-v3.2 exhibits stable recall
behavior across tested ranges, and multi-turn conversational
formatting improves recall performance for most models. The
study further identifies significant tokenizer divergence,
particularly in Claude Sonnet 4.6, which requires substantially
more tokens for equivalent text. The findings demonstrate that
long-context reliability is influenced by architecture,
formatting, positional placement, and tokenizer behavior. KS-
Probe provides a reproducible and extensible benchmark for
evaluating long-context fidelity in modern Al systems.
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I. INTRODUCTION

The rapid evolution of large language models has fundamentally transformed natural
language processing, enabling machines to process increasingly large amounts of
contextual information. Modern frontier models now support context windows extending
from 128K to 200K tokens, significantly surpassing the limits of earlier transformer-based
architectures. These advances have enabled applications such as legal document analysis,
biomedical summarization, financial reasoning, software repository understanding, and
multi-turn conversational systems. However, despite these impressive context capacities,
questions remain regarding how reliably these models preserve, retrieve, and utilize
information distributed throughout extended contexts.

The context window of a language model represents the maximum quantity of input tokens
that can be processed in a single interaction. Although vendors frequently advertise
extremely large context capacities, effective context utilization may differ significantly
from theoretical limits. A model capable of accepting 200K tokens may fail to consistently
attend to information located in the middle or near the end of the input sequence. Moreover,
the same content may produce different outcomes depending on whether it is delivered
through a monolithic prompt or a conversational format consisting of multiple sequential
turns. These inconsistencies create substantial challenges for real-world deployments,
particularly in domains where factual accuracy and contextual consistency are critical.
Failures in long-context reasoning are often silent in nature. Instead of refusing to answer
or explicitly indicating uncertainty, models frequently generate fluent and coherent outputs
that omit important information or introduce hallucinated details. Such behavior can be
particularly dangerous in healthcare, finance, legal analysis, and scientific research, where
incorrect information may have significant consequences. Consequently, understanding the
reliability of long-context processing has become a critical research objective within
artificial intelligence.

Existing benchmarks have provided important insights into positional bias, retrieval
limitations, and context utilization. However, most prior studies evaluate model
performance at isolated operating points. While these evaluations determine whether a

model can retrieve a fact from a long context, they often fail to characterize how recall
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changes progressively across varying context lengths, positions, or formatting conditions.
Furthermore, limited attention has been given to tokenizer divergence and truncation

behavior across different model families.
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CONTEXT FIDELITY IS MODEL-SPECIFIC, POSITION-SENSITIVE, AND FORMAT-DEPENDENT.

KS-Probe enables reproducible evaluation of long-context reliability in frontier LLMs.

Figure 1. Overview of the KS-Probe framework for evaluating long-context fidelity in
frontier large language models across context length, probe position, conversational depth,

truncation limits, and tokenizer behavior, along with the major empirical findings.

To address these limitations, this work introduces KS-Probe (Probing Recall Over
Boundaries and Extents), a benchmark specifically designed to evaluate context fidelity
dynamics in frontier language models. The framework systematically varies context length,
probe placement, conversational structure, and tokenizer conditions to measure Probe
Recall Accuracy (PRA). By evaluating four frontier models across multiple experimental
dimensions, the study provides a comprehensive understanding of how LLMs behave
under long-context conditions.

The primary contributions of this study include the development of an open benchmarking
framework, systematic evaluation of context fidelity decay, positional recall mapping,
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multi-turn conversational analysis, tokenizer divergence assessment, and silent truncation
detection. The findings challenge several commonly held assumptions regarding long-
context behavior and highlight the importance of empirical evaluation for real-world LLM
deployment. Figure 1 shows the graphical abstract of the article.

II. RELATED WORK
Research on long-context understanding has expanded rapidly alongside the development
of larger transformer architectures. Early studies primarily focused on sequence modeling
limitations and attention mechanisms, while recent work has concentrated on evaluating
effective context utilization in large language models.
Liu et al. introduced the “Lost in the Middle” phenomenon, demonstrating that
transformer-based models disproportionately prioritize information located near the
beginning and end of a context sequence. Their experiments revealed a U-shaped retrieval
pattern in which middle-position information was less likely to be accurately recalled.
Although foundational, these studies were limited to comparatively shorter context lengths
and did not examine extended windows approaching 200K tokens.
The Needle-in-a-Haystack benchmark proposed by Kamradt evaluated the ability of LLMs
to retrieve a target sentence embedded within large amounts of irrelevant filler text. This
approach highlighted the retrieval limitations of many frontier systems under long-context
conditions. Similarly, LongBench introduced a multitask benchmark covering several
long-context reasoning tasks, including summarization, retrieval, and question answering.
These frameworks significantly advanced long-context evaluation; however, they
primarily focused on task completion rather than analyzing fidelity decay as a continuous
function.
RULER extended long-context evaluation by introducing synthetic tasks involving
variable tracking, retrieval, and reasoning across increasing context lengths. The
benchmark demonstrated that many models exhibit declining performance beyond their
training-time context capacities. Despite these advances, prior benchmarks generally
emphasize aggregate performance rather than detailed positional behavior, tokenizer

divergence, or conversational formatting effects.
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Recent studies on effective context utilization have further shown that transformer
architectures may struggle to leverage information located beyond the training-time
context window, even when the architecture theoretically supports larger inputs.
Researchers have also explored memory compression techniques, retrieval augmentation,
sparse attention mechanisms, and recurrent memory architectures to improve long-context
efficiency.

Tokenizer efficiency has also become an increasingly relevant topic in long-context
evaluation. Tokenizers determine how textual input is segmented into tokens, directly
influencing effective context capacity. Byte Pair Encoding (BPE), SentencePiece, and
proprietary tokenization methods exhibit varying compression rates across domains and
languages. However, cross-model tokenizer divergence remains insufficiently explored in
current literature.

The present study extends prior work by introducing a multidimensional framework that
simultaneously evaluates context fidelity across context length, positional placement,
conversational structure, tokenizer divergence, and truncation boundaries. Unlike previous
benchmarks that focus primarily on retrieval success, KS-Probe characterizes fidelity

degradation as a continuous and architecture-dependent phenomenon.

III. METHODOLOGY

The KS-Probe benchmark was designed to evaluate context fidelity dynamics in frontier
language models under controlled and reproducible experimental conditions. The
framework consists of three major components: synthetic filler corpus generation, probe
fact embedding, and evaluation through Probe Recall Accuracy (PRA).

The filler corpus was generated programmatically across six distinct domains: software
engineering, biomedical research, legal documentation, financial analysis, creative fiction,
and conversational dialogue. Each domain-specific corpus was intentionally designed to
be coherent and grammatically correct while remaining information sparse. The purpose
of the filler corpus was to occupy the context window without providing answers to probe-
related questions. Domain diversity ensured that experimental results were not biased

toward a single text distribution. Figure 2 shows context fidelity decay curves.
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Probe facts served as the primary units of evaluation. A total of 100 unique and verifiable
probe statements were created. These statements were designed to be self-contained,
unambiguous, and non-inferable from surrounding text. Probe facts were inserted into filler
contexts at controlled positions ranging from the beginning to the end of the context
window. Examples included statements related to deadlines, identifiers, event timings, and

numerical attributes.

Context Fidelity Decay Curves Across Frontier LLMs
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Figure 2. Context fidelity decay curves showing Probe Recall Accuracy (PRA) as a function
of context length (K tokens) for all four frontier models. Error bands represent +1 standard
deviation across 5 seeds. The dashed line marks the 70% PRA threshold. Claude Sonnet
4.6 uniquely exhibits a positive slope, while Grok-4.1-fast shows a catastrophic drop

beyond 50K tokens.

Each probe fact was associated with one or more evaluation questions and gold-standard
answers. Model responses were assessed using multiple scoring mechanisms, including
exact string matching, keyword-rule matching, hallucination detection, and logical
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constraint verification. The primary evaluation metric, Probe Recall Accuracy (PRA), was
calculated as the percentage of correctly answered probe questions relative to the total
number of probe questions.

The benchmark incorporated tokenizer-aware context generation. Since tokenizers vary
across model families, a target token count under one tokenizer may correspond to a
significantly different count under another. Therefore, the Context Builder module
calibrated each generated context using the tokenizer associated with the target model. This

ensured fair comparison across architectures.
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Figure 3. Fidelity heatmap showing PRA (%) across models and context lengths. Darker
green indicates higher recall accuracy. Claude Sonnet 4.6 and DeepSeek-v3.2 maintain
strong performance at longer contexts, while GPT-5.2 and Grok-4.1-fast show progressive

degradation.

Five experiments were conducted. The first experiment evaluated fidelity decay across
increasing context lengths ranging from 10K to 200K tokens. The second experiment
analyzed positional recall behavior by placing probe facts at eleven relative positions
within a fixed 50K-token context. The third experiment investigated the effect of multi-

turn conversational formatting on recall performance. The fourth experiment examined

Corresponding Author: Dev Hemnani received jan. 2026; for review 2 Month 2026; accepted April 2026
Email id :.covvveeie e © 2026 JLISNT



g%,\k JLISNT Journal of Leading Innovations in Science and Technology, Vol. X, No.X, pp. .....Month, yr
g\}bi\/’\;}) Journal of Leading Innovations

in Science and Technology

silent truncation behavior near maximum context limits, while the fifth experiment
assessed cross-model tokenizer divergence.

The evaluated models included GPT-5.2, Claude Sonnet 4.6, Grok-4.1-fast, and DeepSeek-
v3.2. All models were accessed through official APIs using deterministic decoding
parameters, including temperature 0.0 and top-p 1.0. The experimental campaign consisted
of 498 API calls processing approximately 24.1 million input tokens and 177,000 output
tokens.

Statistical analysis was conducted using paired t-tests and one-way ANOVA with
Bonferroni correction. Variance across random seeds was reported alongside mean PRA
values to ensure transparency regarding model stability. Figure 3 shows fidelity heatmap

showing PRA (%) across models and context lengths.

IV. RESULTS AND DISCUSSION

The experimental results reveal substantial differences in how frontier language models
process extended contexts. These differences were observed across context length,
positional placement, conversational structure, and tokenizer behavior.

Claude Sonnet 4.6 demonstrated an unexpected positive fidelity slope. Instead of declining
with increasing context length, PRA improved from 62.8% at 10K tokens to 80.4% at 175K
tokens. This finding contradicts the commonly assumed monotonic degradation pattern
associated with long-context reasoning. The model exhibited relatively stable performance

at higher context lengths, suggesting effective utilization of extended context windows.

Table 1. Context-Length Evaluation Matrix

Model 10K 25K S0K 100K 150K 175K 200K

GPT-5.2 Yes Yes Yes Yes Yes Yes Yes
Claude
Yes Yes Yes Yes Yes Yes Yes
Sonnet 4.6
Grok-4.1-
Yes Yes Yes Yes Yes* — Yes*
fast
DeepSeek-
P Yes Yes Yes Yes* Yes* — —
v3.2
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* Conditions marked with an asterisk indicate evaluation beyond stated context limits.

Grok-4.1-fast achieved the highest short-context performance, exceeding 81% PRA at
10K, 25K, and 50K tokens. However, performance declined sharply beyond 100K tokens,
falling to approximately 50%. This collapse represented the steepest degradation observed
in the study. The findings indicate that high short-context accuracy does not necessarily

translate to stable long-context performance.

Table 2. Context-Length Evaluation Matrix for Frontier Language Models

Model 10K 25K S0K 100K 150K 175K 200K

Evaluat Evaluat Evaluat Evaluate Evaluate Evaluat @ Evaluate

GPT-5.2
ed ed ed d d ed d
Claude
Evaluat = Evaluat = Evaluat @ Evaluate = Evaluate | Evaluat | Evaluate
Sonnet
ed ed ed d d ed d
4.6
Grok- Evaluat Evaluat Evaluat Evaluate Evaluate Not Evaluate
4.1-fast ed ed ed d d* Tested d*
DeepSee Evaluat Evaluat Evaluat Evaluate Evaluate Not Not
k-v3.2 ed ed ed d* d* Tested Tested

“Evaluated” indicates that the corresponding context-length condition was experimentally
tested. Conditions marked with an asterisk (*) represent evaluations conducted beyond the
officially stated maximum context limit of the model to investigate possible truncation or
degradation behavior. “Not Tested” denotes configurations excluded from the
experimental campaign.

DeepSeek-v3.2 demonstrated the most consistent behavior across tested conditions. PRA
values remained within a narrow range across multiple context lengths, indicating stable

long-context utilization. Although the model supported a smaller maximum context length
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than GPT-5.2 and Claude Sonnet 4.6, its consistency and low variance suggest strong
architectural stability.

GPT-5.2 exhibited gradual fidelity degradation with increasing context length. While the
decline was less abrupt than Grok-4.1-fast, the model showed significant variance across
random seeds. This behavior suggests sensitivity to filler arrangement and probe
placement.

The positional recall experiment revealed architecture-specific positional biases. Claude
Sonnet 4.6 exhibited sporadic dead zones near the 25% and 75% context positions, while
DeepSeek-v3.2 maintained nearly uniform positional recall across all evaluated locations.
GPT-5.2 demonstrated end-of-context degradation, whereas Grok-4.1-fast displayed
relatively uniform positional behavior.

The multi-turn conversational experiment produced one of the most surprising findings.
Multi-turn formatting improved recall performance for three of the four evaluated models.
GPT-5.2 experienced the largest conversation bonus, followed by Grok-4.1-fast and
Claude Sonnet 4.6. These findings suggest that conversational segmentation may provide
organizational cues that enhance retrieval efficiency.

Silent truncation analysis demonstrated that none of the evaluated models exhibited
complete truncation failure near their stated context limits. However, Claude Sonnet 4.6
showed notable degradation at high fill levels, while DeepSeek-v3.2 maintained stable
recall behavior.

Tokenizer divergence analysis revealed that GPT-5.2, Grok-4.1-fast, and DeepSeek-v3.2
shared nearly identical token counts for the same text. In contrast, Claude Sonnet 4.6
required approximately 1.36 times more tokens. This divergence has practical implications
because prompts optimized for one model family may exceed the effective capacity of
another.

The collective findings indicate that context fidelity is architecture-dependent and
influenced by multiple interacting variables. No single model demonstrated optimal
performance across all dimensions. Consequently, model selection for long-context
applications should consider specific task requirements, context structures, and

deployment conditions rather than relying solely on advertised context capacities.
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V. CONCLUSION
This study presented KS-Probe, a comprehensive benchmark framework for evaluating
context fidelity dynamics in frontier language models. By systematically examining
context length, positional placement, conversational depth, truncation boundaries, and
tokenizer divergence, the benchmark provides a multidimensional understanding of long-
context behavior in modern LLMs.
The results demonstrate that long-context reliability varies substantially across
architectures. Some models exhibit stable and consistent performance across extended
contexts, while others experience severe degradation or position-specific failures. Multi-
turn conversational formatting was found to improve recall in several models, highlighting
the importance of input structure in long-context reasoning. Furthermore, tokenizer
divergence emerged as a significant practical consideration, influencing effective context
capacity and overflow risk.
The study also confirmed the absence of hard silent truncation at the API level across all
evaluated models. However, soft degradation near context boundaries was observed in
several systems, indicating that effective usable capacity may be substantially lower than
stated maximum limits.
Overall, KS-Probe contributes an open and reproducible framework for evaluating long-
context fidelity in frontier Al systems. The findings emphasize the importance of empirical
assessment for selecting and deploying LLMs in long-document and conversational
applications. Future work may extend the benchmark to multilingual contexts, multimodal

inputs, retrieval-augmented architectures, and open-source transformer models.
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