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Abstract

This paper evaluates Large Language Models’ (LLMs) limitations through their masked text
processing capabilities. We introduce two novel tasks: MskQA, which measures reasoning
on masked question-answering datasets, and MskCal, which assesses numerical reasoning
on masked arithmetic problems. Testing GPT-40 and 40-mini reveals that LLM performance
depends significantly on masking rates and semantic information availability. Our experi-
ments demonstrate that performance decreases as semantic information is reduced, with GPT-
40 consistently outperforming 40-mini, particularly in numerical reasoning tasks. The study
shows that LLMs maintain reasonable accuracy with masking rates below 40%, but struggle
with heavily masked computational tasks. Our findings illuminate the interaction between
background knowledge and reasoning ability in masked text processing, highlighting the
need for more robust methods to assess LLMs’ true comprehension capabilities.

Keywords: LLMs, Masked text processing, Masked question answering, Masked calcula-
tion, Masking rate.

1. INTRODUCTION

Large-scale Language Models (LLMs) [1-3], have demonstrated remarkable abilities in a variety
of tasks, and as the scale of the model increases, certain abilities emerge (often referred to as
emergent abilities) [4, 5]. One notable research direction examining such capabilities analyzes
LLM’s robustness to word and character rearrangements (input perturbations), providing insights
into inference mechanisms. The underlying mechanisms behind these abilities remain largely un-

! Codes and data are available at https://github.com/maskcode9004/maskcode
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explained, and understanding them is expected to clarify the differences between various LLMs
and human cognition. In particular, it remains an open question whether LLMs primarily rely
on syntactic structures, semantic associations, or memorized patterns when making inferences —
especially under conditions where surface-level information is obscured.

GPT-4 shows near-perfect performance in processing text heavily scrambled at the character level
[6], demonstrating an ability to recover original sentences even with randomly scrambled charac-
ters, similar to humans’ typoglycemia recognition capacity. Prior studies have investigated word-
level reordering effects as well. For example, [7-10] discuss LLMs’ insensitivity to word order
disruptions in downstream tasks like summarization and conversation generation. These findings
question a fundamental assumption about LLMs, namely that they understand syntax and use it to
comprehend sentences in human-like ways.

While our investigation also explores responses to input variations, we focus on non-perturbative
inputs rather than rearrangements. In rearrangement tasks, original information persists through
variations from initial states, but extreme rearrangements approach non-perturbative operations
where meaning fundamentally changes. Our study examines such operations through strategic
masking, offering a distinct perspective on input manipulation.

Our verification approach replaces essential question-answering information with meta-information
to examine inference accuracy. While superficially similar to Masked Language Model (MLM)
evaluation [11, 12], our task is more demanding: we assess not only masked word prediction but
also accurate inference performance while text remains masked, thereby evaluating models’ grasp
of contextual and logical structures [13]. We extend our investigation beyond question-answering
to mathematical reasoning, examining both multiple-choice questions and free-form responses with
guided prompts.

The cryptic decoding task deeply relates to contextual understanding, which appears connected to
large-scale language models’ learning mechanisms. However, why GPT — a unidirectional decoder
unlike encoder models such as BERT — exhibits strong contextual understanding remains unex-
plained. While designed for autoregressive text generation, GPT’s capacity to handle tasks requiring
deep contextual comprehension suggests that underlying mechanisms supporting this ability are not
fully understood [14-16].

2. PROBLEM FORMULATION

FIGURE 1 provides an example of a masked question, which is masked using a masking code,
as illustrated on the right-side. This code is associated with part-of-speech (POS) tags, abstracted
category information, and semantic information. The quality and quantity of meta-information sig-
nificantly impact response accuracy. Qualitative control primarily involves adjusting the semantic
information’s abstraction level, while quantitative control can employ strict masking — where no
semantic information is provided — or apply mask codes to specific parts of speech. Using these
various masking schemes, we observe how answer accuracy changes as masking rate varies.

While various observation methods are available, evaluation presents challenges since masked text
contains abstract content with similarly abstract responses. Therefore, we must establish question
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Code |Part_of _speech |Category i
/ \ 1002 _|PROPN oRG Music Duo
Question: Which <r028> duo are embroiled in a legal battle after 1005 |DET ORG Music Duo
<r023> obtained a <r030> order against the <r025>7? 1009 [NOUN none Legal dispute
Choices: (A)<r002>, (B)Simon & Garfunkel, (C)<r005>, (D)The 011 |NOUN none Legal agreement
White Stripes 1015 [NOUN none Timeline of events
Evidence: Daryl Hall is <r033> his <r021> <r027> John Oates and 1019 |ADV none To a greater extent
has obtained a <r030> order against him as part of the <r031> 1020 INOUN none Art form using sound
lawsuit. The <r009> between the US duo, who are the <r019> 1021 JAD) none Related to music
commercially successful duo in the <r015> of <r028> <r020>, 1023_INUM CARDINAL ‘”d‘wdué‘"uméer
B r025 |ADJ none Alternative or different
<r029> involves "<r011>/debt".
& . 1027 _[NOUN none Collaborator or associate
Answer: Based on the evidence, among A through D, the answer is 1028 INOUN.VERB _|none Popular music genre o to become popular
"""""""""""""""""""""""""""""""""""""""""" r029 |ADV none According to reports
(A) 1030 |NOUN none Legal order prohibiting action
(masking rate: 50%) 1031 |ADJ none Confidential or kept secret
1033 |VERB none To initiate legal action

Figure 1: Masked question example. Left: Question with semantic elements replaced by code
references. Right: Mask code definitions (part-of-speech, category, meaning).

formats allowing clear evaluation. To assess LLMs’ masked text processing ability, we propose two
decoding tasks:

(1) Masked Question Answering (MskQA): This task directly measures LLMs’ ability to recog-
nize masked concepts and construct meaning by providing questions with evidence and multiple-
choice options. Performance is quantitatively evaluated using answer slection accuracy, offering a
clear metric for assessing inference ability under masked conditions.

(2) Masked Calculations (MskCal): LLMs perform calculations based on guided questions de-
scribing calculation procedures. While this task can handle multiple-choice formats like MskQA,
we focus on numerical answer generation to evaluate error rates. Since LLMs generate responses
based on vocabulary probabilities rather than actual computation, this task specifically assesses their
ability to construct computational logic under masked conditions (see MskCal prompt example in
Appendix C).

2.1 Dataset

The dataset preparation follows the method outlined by [6]. If test data for downstream tasks is
included in the training set, models may simply memorize the original content and provide answers
regardless of decoding ability, raising concerns about evaluation fairness. To address this issue,
we primarily use a masked version of RealtimeQA [17] (RQA) for evaluation. RQA is a dynamic
question-answering dataset publishing questions about the latest news weekly, making it unlikely
current LLMs have memorized the content.

Specifically, we collect the latest RQA data (November 1, 2023, to January 11, 2024) and process
evidence sentences to construct MskQA samples. To prevent learned knowledge use, we focus on
data after GPT-4’s September 2023 cut-off time. We employed GPT-40-mini to identify and exclude
insufficient evidence and randomly selected 100 samples from the remainder. We removed URL
references from evidence, as this information could be directly accessed (comparing accuracy rates
before and after URL removal confirmed higher accuracy prior to removal).
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For MskCal, we evaluate both multiple-choice and written-answer formats. The multiple-choice
format follows MskQA’s structure, utilizing a masked version of AQuA-RAT [18] (AQA)—a dataset
of mathematical word problems requiring multi-step reasoning. Instead of evidence sentences, we
employ chain-of-thought (CoT) prompts similar to [5]. To test whether models can perform appro-
priate reasoning under masked conditions, we verify three settings: (1) thought process descriptions
using identical numerical values as questions but omitting correct answers, (2) thought processes
providing full reasoning leading to correct answers while questions use different numerical values,
and (3) no thought process provided for comparison. To ensure computational reasoning is appro-
priately evaluated in masked states, neither multiple-choice options nor numerical values affecting
calculation results are masked.

The descriptive questions ask simple accounting calculations. The numerical values and prerequi-
sites required for calculation are given as input, and questions are designed to guide the calculation
process so inferences can be made by following the procedure. Here too, numerical values, pre-
requisites, and guidance parts remain unmasked, while remaining parts are masked. For specific
prompts, see Appendix C.

A higher masking rate is expected to reduce the influence of background knowledge. To quantify this
effect, we compare the results of MskQA with data assumed to incorporate background knowledge.
Specifically, we use UQA, a set of 100 questions generated by an LLM from universal documents
such as the Universal Declaration of Human Rights, as a potential source of background knowledge.
Since questions whose answers depend on prior knowledge are unsuitable for this verification, we
ensure that all generated questions have answers explicitly present in the evidence text. For details
on the generation method, see Appendix A.

2.2 Masking

For each dataset, the masking process generates masked text at multiple masking rates: we randomly
select words at a fixed rate and generate masked codes for each selected word. Masking targets
content words (nouns, verbs, adjectives, adverbs) while excluding function words (prepositions,
articles, conjunctions, auxiliaries, pronouns).

The masking procedure follows these steps: 1) Create a morpheme list (content words), which forms
the basis for masking rate calculation; 2) Control masked word quantity through random sampling
according to specified masking rate; 3) Given a source sentence and reduced list, ask the language
model to create meta-information including mask codes for the masking task.

2.3 Metrics

We define accuracy rate Acc(D) as the ratio of correct answers to all questions based on evidence
sentences in dataset D. Given a dataset D with masking rate r, the question set is denoted as D,.,
where D refers to the unmasked dataset. The accuracy for masking rate r is expressed as Acc(D; ).
Since Acc(D;) may depend on question difficulty in D, normalization is necessary to remove this
dependency. We define normalized accuracy rate NA(D, r) as gizgg;; . Unless specified otherwise,
we use RQA as dataset D and denote question-answering data generated from UQA as U.

4225



https://www.oajaiml.com/ | September 2025 H-T. Sato and Fuka Matsuzaki

When masking rate is low, background information can be inferred from textual content. Therefore,
we need metrics accounting for this effect. The normalized accuracy NA(U,r), derived from
dataset U, assumes that the model already possesses relevant background knowledge. Thus, back-
ground knowledge dependence can be quantified by comparing results against this baseline. While
Acc(Dyg) absolute value doesn’t directly represent knowledge dependence, its contribution can be
assessed by comparing to NA(U, r).

To quantify background knowledge dependence, one approach evaluates the ratio relative to NA (U, r);
a smaller ratio indicates lower dependence (greater independence). Alternatively, to equalize back-
ground knowledge effect and reevaluate results, one could average NA(D, r) with NA(U, r). For
example, the latter approach computes geometric mean

PA(D,r) =+yNA(D,r)-NA(U,r),

and Acc(Dy) - PA(D,r) yields effective accuracy EA(D,). When D = U, the dataset serves as its
own baseline, resulting in PA(U,r) = NA(U,r) and EA(U,r) = Acc(U,).

The former approach — designed to increase with decreasing knowledge dependence — can be
interpreted by inverting the sign. Furthermore, if Acc(U,r) > Acc(D,r), the gain effect from
acquiring background knowledge can be represented as Acc(U,r) — Acc(D,r). The larger this
value, the lower the dependence on background knowledge (higher the independence). To formalize
this, we define the normalized gain (termed knowledge independence K1) as:

Acc(D,r)

KI(D =1-—-F-=.
(D,7) Acc(U,r)

(1)
Here, K[ indicates that larger values mean greater the knowledge independence (lower external
knowledge dependence). However, if the assumption Acc(U,r) > Acc(D,r) is violated, KI1(D, r)

may become negative. When D = U, the knowledge independence score becomes zero, i.e.,
KI(r) = 0.

3. VARIATION OF MASKING METHODS

As described in the problem setting, the objective of this experiment is to examine LM response
accuracy in relation to masking rate. The masking task is performed by a different LM than the one
used for decoding. This separation primarily eliminates LM-specific idiosyncrasies that could arise
if the same LM performed both tasks, including mitigating memorization risks. Since morpheme
and vocabulary identification capabilities vary between LMs, maintaining consistent masking cov-
erage may be difficult. To ensure consistent masking control, we supplement LM-based masking
with Python-based processing.

Considering cost and budgetary constraints, we employ Gemma?2, a lightweight LM offering af-
fordability and fast processing for the masking task. For the decoding task, we compare multiple
models to observe performance variations across large-scale and lightweight LMs.
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3.1 Handling Missing Information

We define masking rate (MR) as the ratio of masked words to total maskable words. Here, "number
of words” refers to morpheme count, with compound words counted as single words.

Decoding task accuracy is influenced not only by the decoding model’s precision but also by mask-
ing task quality. Naturally, accuracy decreases in the ”solid masking state,” where masked content
lacks any meta-information despite conversion to mask codes. The masking task inevitably gen-
erates a certain number of failures in producing meaningful information (e.g., abstracting meaning
only to category information or failing to produce output due to system processing issues). There-
fore, understanding the impact when significant portions of meaning information are not generated
becomes crucial.

To assess this impact, we compare decoding under two conditions: one where some portion of
masking codes includes solid masking, and one where all solid masking codes are lifted. Since the
masking task inherently contains system-generated missing information, we refer to the former as
regular masking (where solid masking is retained), and the latter as partial lifting (where all solid
masking codes are restored to their original state without masking). This comparison allows us to
evaluate solid masking’s impact on decoding performance.

3.2 Impact of Meta-Information

The mask codes are generated through a prompt-based process using a lightweight language model
(Gemma2), applied to POS-tagged content words extracted via a morpheme parser. Each masked
token is replaced with a structured code that includes part-of-speech, semantic category, and ab-
stract meaning. To ensure consistency and reproducibility, a fixed prompt template was used, and
morpheme coverage was verified using deterministic token lists.

Accuracy may still be affected by meta-information quality provided to mask codes. If meta-
information contains sparse semantic information, it approaches blackout status, decreasing ac-
curacy. Conversely, dense information should increase inference accuracy. We investigate how
qualitative differences in meta-information reflect in MR-Acc response curves, particularly whether
partial lifting curve position appears above the regular position.

We employ two additional masking techniques for comparison beyond regular masking and partial
lifting: strict masking, where semantic information is completely blacked out (though morpheme
information and categories are provided, regardless of whether the category is none or empty); and
lenient masking, which does not mask verbs. If words with the same lemma appear in non-verb
POS categories, these words are also excluded from masking. Since our main focus is examining
differences in masking task processing impact, we use a simple method.

We employ two additional masking techniques for comparison beyond regular masking and partial
lifting: strict masking, where semantic information is completely blacked out (though morpheme
information and categories are provided, regardless of whether the category is none or empty); and
lenient masking, which does not mask verbs. If words with the same lemma appear in non-verb
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POS categories, these words are also excluded from masking. Since our main focus is examining
differences in masking task processing impact, we use a simple method.

4. RESULTS

We note that the results involve multiple masking strategies, datasets, and models, making the struc-
ture inherently complex. While we summarize task definitions and masking strategy variations in
text, future versions of this framework may benefit from including visual flowcharts or comparative
tables to further clarify the processing pipeline. In the meantime, readers may refer to the publicly
available code and sample prompts on our GitHub repository, which illustrate the masking and
decoding workflows more concretely.

4.1 RQA and UQA

FIGURE 2 (left panel) shows a comparison of lenient/partial/regular/strict maskings for RQA using
GPT-40-mini. The masking rate varies in 5% increments, with the question-answering process
repeated 10 times and average Acc values plotted. As masking rate increases, differences become
more apparent. The results indicate that avoiding verb masking effectively maintains high accuracy
levels, with this effect particularly pronounced in UQA as shown in the right panel of FIGURE 2.

924 918

Figure 2: Accuracy curves for GPT-40-mini with four masking methods (strict, regular, partial, and
lenient). Left: RQA dataset results. Right: UQA dataset showing higher overall accuracy,
particularly with lenient masking.

The right panel of FIGURE 2 presents similar verification results for UQA. A notable difference
from RQA is that high accuracy is achieved simply by masking content words while excluding
verbs. Although background knowledge presence/absence would expectedly lead to such significant
differences, this outcome is quite intriguing. For the strict masking curve (green), the medium MR
range (45-80%) shows a clear accuracy drop in the order of partial, regular, and strict masking.
However, in the higher MR range (85% or more), the decline in Acc seems to stabilize, and it’s
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interesting to note that performance becomes equivalent to partial lifting. The similar tendency can
be observed in the left panel of FIGURE 2.

4.2 Another Language Model

We also present Llama3.2 (llama-3.2-3b-instruction) results for comparison as another lightweight
LM example. FIGURE 3 (left panel) shows that RQA Acc curves are concave downward, indicating
lower mask resilience compared to GPT-40-mini. The right panel of FIGURE 3, shows similar
results for UQA.

Figure 3: Accuracy curves for Llama3.2. Left: RQA results showing concave downward trend.
Right: UQA results demonstrating similar pattern with higher baseline accuracy.

4.3 Arithmetic Calculations: AQuA-RAT

To assess whether computational reasoning can be performed effectively in masked states, neither
answer choices nor numbers directly affecting calculation results are masked. Evidence sentence
verification (thought process sample sentences) follows three settings: (1) using the same numbers
as the question without providing the correct answer, (2) using different numbers from the question
and including the correct answer, and (3) providing no thought process (i.e., the same setting as
RQA).

Case 1: Refer to FIGURE 4. Clear trends distinct from UQA and RQA can be observed: (1)
Strict masking achieves higher accuracy than regular masking; (2) Lenient masking does not surpass
partial lifting accuracy; (3) The response curve behaves linearly. These results likely reflect math
problem text characteristics, with fewer words and limited vocabulary variation. This can also be
partially observed in GPT-40 results shown in the right side of FIGURE 4.

Case 2: None of the masking rates achieved accuracy above 40%. Additionally, issues arose with

numerical transformation consistency. Hence, further investigation into this case will not be pursued
at this time.
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5% 50% 55% 60% 65 75% 80% 85% 90% 95% 100% o 20 0%
MR MR

Figure 4: AQA accuracy curves for Case 1 (math problems with thought process). Left: GPT-40-
mini results. Right: GPT-40 results showing higher overall accuracy.

Case 3: FIGURE 5 illustrates cases where only the question is masked without providing ratio-
nale. Words containing mathematical symbols (+, —, /, *) and single-character variables are ex-
cluded from masking. In both cases, accuracy achieved is roughly 50% of that observed in Case
1. Nevertheless, accuracy curves certainly exceed 20% — the theoretical accuracy for random
responses in five-choice questions — even with completely masked text (MR=100%). This un-
expected performance suggests some form of systematic reasoning persists even without explicit
semantic information.

45% 50% 55% 60% 65 75% 80% 85% 90% 95% 100% % 207 P
MR MR

Figure 5: AQA accuracy curves for Case 3 (question-only masking without rationale). Left:
GPT-40-mini showing steeper accuracy decline. Right: GPT-40 demonstrating greater
resilience to masking, particularly at moderate masking rates.

4.4 Guided Response: MskCal

In MskCal, we evaluate answer accuracy for written responses rather than multiple-choice questions.
We prepare prompts for simple accounting calculations, guiding models to solve problems step by
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step (FIGURE 6), and assess error in responses to masked guiding sentences. Using a guided format
allows us to evaluate logical reasoning ability by substituting it with contextual understanding,
assuming logic accuracy will be reflected in numerical answers. Specifically, we measure relative
error across ten trials in five variables: sales price (P), post-recall sales units (V), sales decline (Y),
corrected sales for the target product (E”), and corrected annual sales (D’).

We will simulate the #1008 after #t001 of model <#m002> against the following #1008. Please find the blanks
in the simulation according to the conditions.
<Material: #1008>

<#mO001> Model: <#m002>
2023 <#m003> <#m004>: 15,840.00 units

2024 <#m005>: 27,720.00 units

End of April 2024 <#m006> <#m009>: 3,960.00 units
This fiscal year <#m008> <#m007>: 2,772.00 million yen 60%
(<#m002> <#m009> <#m008>: 1,980.00 million yen)

</Material: #1008>

#Conditions

The #t001 per unit is set at 8,000 yen. This includes all #6002, #t003, #t004, and other costs.

The #t006 N after #t005 is estimated at #t021 25%.

#Simulation

Let the 2023 #t007 be A, the 2024 #t008 be B, the #t013 #t009 be C, this fiscal year's #t010 be D, and the current
fiscal year's #t010 for #t011 be E. .
The NR for #t011: Calculate NR by subtracting #t013 #t009 C from the 2023 #t007 A 20% —&8—40-mini (random)

100%

Acc

40%

The P for #t011: Calculate P by dividing the #t011's #t010 E by the sum of the 2024 #t008 B and #t009 C —&—4o-mini
P=E/(B+C)=
—e—/0

Thus, the #t001 X is

X =8,000 * NR = 0%

0% 20% 40% 60% 80% 100%
MR

Figure 6: MskCal task examples. Left: An example prompt with masked calculation instructions.
Right: Conditional accuracy plots showing performance across different masking rates
for GPT-40 and GPT-40-mini.

Table 1: Performance comparison of masked calculation tasks across different masking rates. Left
columns show GPT-40-mini results for both random and restricted masking conditions,
while right columns show GPT-40 results with restricted masking.

GPT-40-mini GPT-40

Random Masking Restricted Masking Restricted Masking

MR NAR ave.Ps ave.Ps ave.P, o NAR ave.Ps ave.Ps ave.P;;o NAR ave.Ps ave.Py ave.P, g

20% 0 98.9% 94.0%  90.0% 0 -2398% 96.0%  96.0% 0 99.99% 100% 100%
40% 0.62 -442.4% 683%  68.3% 0 -4889% 82.0%  78.0% 0 100% 96.0%  94.0%
60% 0.76 79.1% 95.0% 95.0% 0.2 -3251% 57.5% 52.5% 0.08 99.97% 100% 100%
80% 0.74 -2141% 333% 33.3% 1.0 0.0%  0.0% 0.0% 1.0 0.0%  0.0% 0.0%
100% 1.0  0.0% 0.0% 0.0% 1.0 0.0% 0.0% 0.0% 1.0 0.0%  0.0% 0.0%

TABLE 1 summarizes missing response rates (NAR) and average success indicators (P, P, ) for
each masking rate. These indicators are defined as follows: ave.0X expresses the mean relative
error 6X over 10 trials; Ps := 1 — 6X, where 6X is trimmed mean of §X; P, . is the success rate
given by the average over {6X|6X < v31.73%(= vo)}. Note that o is not the standard deviation of
the 10 trials but a constant. The averages represent S-variable means and conditional success rates
when responses were obtained.

At 20% masking rate, GPT-40-mini shows nearly perfect accuracy. However, GPT-40-mini can
produce order-of-magnitude errors (missing zeros), resulting in relative errors of O(10%)%. At40%
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masking rate, missing responses increase to 62%, and even when responses are obtained, accuracy
drops below 70%.

The right side of FIGURE 6, shows the MR response of P. The green line represents P, for GPT-
40-mini with random masking (left columns of TABLE 1), while other lines show results for GPT-
40-mini and GPT-40 with restricted masking (middle and right colums of TABLE 1, respectively)
where computational derivation sections remain unmasked. As shown in the random masking data
(left columns of TABLE 1), GPT-40-mini exhibits digit placement errors (P s of O(10%)%) at 20%-
40% masking rates, with accuracy dropping to 50% above 60% masking rate. GPT-40 shows no
digit placement errors and maintains favorable results up to 60% masking rate. However, at masking
rates of 80% or higher, no responses could be generated in any case, as task instruction sections in
the prompt are masked, causing both models to fail in decoding.

4.5 Indicator Analysis (GPT-40-mini)

By considering both source characteristics and accuracy metrics, we analyze LLM performance in
the decoding task. FIGURE 7 compares NA, EA and KI metrics for regular masking across different
sources. For AQA, Case 1 results are used.

Normalized Acc: regular Effective Acc: regular Kowledge Independence: regular
1ae 100 035
[ ]
¢, : 2, .
i® e 22
adio%e 8@555;:. ° 03 i
.\ ) ) Ca®, 00,
08 ° 80 2ty %e 025
Laa 06,
A4 o 42808 A
aee iy 02
L] ee A A
a
06 LA 60 b0 0.15 At
A A A A A
01 4
Py < A < é " 4
* <o
04 40 005 & @00y ° s 2
A a A A . @
0 4 &
- o% 20% 40% 60% 80% 100%
02 ® NA(UQA _reg,r) 20 ® UQA_reg 005 .
<o
A NA(RQA_reg,r) A EA(RQA_reg 1) °
0.1
NA(AQUA_reg,r) © EA(AQUA_reg,1) ¢

0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100% AKI(RQA_reg,r) ©KI(AQUA_reg,r)

Figure 7: Comparisons of effective Acc and knowledge independence (KI).

First, examining NA (normalized by mask-free accuracy), AQA shows results as high as UQA,
while RQA is relatively lower. From accuracy degradation perspective relative to mask-free state,
this suggests AQA maintains higher performance even under masked conditions, indicating logical
reasoning remains possible despite masking. However, as shown in FIGURE 6, MskCal accuracy,
associated with computational capability, is highly sensitive to masking rate changes. Thus, AQA’s
high NA value likely indicates strong decoding ability, discounted for computational limitations.

Second, our KI observations show AQA exhibits lower values than RQA except at masking rates <
40%. While higher masking rates should theoretically reduce knowledge dependency and increase
KI — a trend clearly observed in RQA’s KI graph (FIGURE 7) — AQA shows a different pattern.
In arithmetic problems like AQA, where background knowledge should minimally impact answers,
KI values are expected to be naturally higher than usual. Although AQA shows higher KI than RQA
at masking rates < 40%, it declines after 60%. This performance degradation beyond 60% aligns
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with trends observed in MskCal, suggesting computational reasoning under masked conditions may
be more challenging than contextual inference. For further detailed analysis, see Appendix D.

Although this study does not explicitly separate the roles of syntax, semantics, and memorization
in LLM reasoning, we note that our masking variants indirectly reflect these aspects. For instance,
strict masking eliminates semantic cues and thus increases reliance on memorized patterns or ab-
stract inference; lenient masking preserves syntactic scaffolding by retaining verbs; and compar-
isons with UQA highlight the influence of background knowledge. A more targeted decomposition
of these factors is an important direction for future work.

While our current results primarily focus on accuracy curves, deeper analysis of error types and
reasoning failure modes will be necessary in future work to better understand LLM behavior under
masking.

5. CONCLUSION AND DISCUSSION

In this study, we proposed a data preparation method and evaluation metrics to measure LLMs’ abil-
ity to perform question-answering tasks on masked text. We built a masked dataset and conducted
evaluations using it. Our defined evaluation metrics (NA, EA, KI) account for differences between
cases where background knowledge is available during decoding, aiming to neutralize or remove
knowledge dependency influence. The question-answering tasks were validated in two formats:
multiple-choice (MskQA) and descriptive computational reasoning (MskCal). For MskQA, we used
masked datasets based on RQA and AQA, while for MskCal, we employed accounting calculation
problems we created.

Our results show that model answering ability is highly dependent on masking rate. For MskQA,
GPT-40-mini demonstrates accuracy of Acc > 60% (50% for RQA, 70% for UQA and AQA) even
with masking rates over 80%. To maintain accuracy around 80% or higher, masking rates need to
be kept below approximately 60% (30% for RQA, 70% for UQA, 50% for AQA), and below 40%
for MskCal.

For GPT-40, the maximum masking rate maintaining 80% accuracy is MRS 70% for MskQA
(AQA) and MR< 60% for MskCal, demonstrating significantly higher masking rate tolerance
compared to GPT-40-mini. In both models, masking rates of MR 40% generally achieve around
80% average accuracy across question formats. Despite substantial tokenization changes caused by
masked text, powerful LLMs like GPT-40 and 40-mini demonstrate effective processing of various
masked text levels. However, both models struggle with heavily masked computational reasoning
tasks (masking rates MR> 60%).

Notably, GPT-40 shows superior performance in computational reasoning tasks with MskCal, sig-
nificantly outperforming 40-mini. Additionally, in masked question-answering tasks, GPT-40 main-
tains very high accuracy with masked contexts, achieving results closely matching its original
accuracy.

Although this study focused on general-purpose QA and arithmetic tasks, the proposed framework
is not limited to them. It could be extended to domain-specific settings (e.g., legal, biomedical,
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scientific QA), which would allow further analysis of how LLMs process masked information
in specialized knowledge environments. The current dataset selection was a deliberate choice to
isolate inference behavior and minimize the effects of memorization, particularly by leveraging
post-training sources such as RealtimeQA.

While various word-masking methods exist (e.g., category abstraction, synonym replacement), this
study focuses solely on semantic withholding of content words and morpheme limitation. Future
work could explore more complex scenarios including function word masking.

Our experiments are limited to two datasets (RealtimeQA and AQuA-RAT) and a custom MskCal
task for sales impact calculations. While MskCal was specifically designed to isolate contextual
understanding from computational ability, extending this approach to diverse datasets remains chal-
lenging, despite the general applicability of both MskQA and MskCal frameworks. Another issue
concerns masked information generation. For instance, in computational reasoning problems, cer-
tain LLMs tend to make digit-related mistakes, which may be exacerbated by masking — resulting
in further errors such as misinterpreting units. These tendencies might be controlled by adjusting
meta-information construction.

In this paper, we examined various LLMs’ abilities to process masked text under different settings.
However, understanding why some LLMs, particularly GPT-4, excel at these tasks remains chal-
lenging due to limited access to closed-source models. Testing existing hypotheses about training
methods and model scaling could offer valuable insights into LLMs’ inner workings.

We did not include a human performance baseline, as the primary focus of this study is the behavior
of LLMs under masked semantic constraints. Given that the masked inputs consist of abstract
code labels and sparse context, as shown in Appendices B and C as well as in GitHub examples,
we believe these tasks are beyond typical human interpretability. Human benchmarking, while
potentially interesting, falls outside the technical scope of this work.
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Appendix A. Generation of UQA dataset

We generated the UQA dataset by creating question-answer pairs based on widely available founda-
tional documents such as the Declaration of Independence (1776), the Gettysburg Address (1863),
the UN Charter (1945), the UNESCO Constitution (1945), the Universal Declaration of Human
Rights (1948), and the Convention on the Rights of the Child (1989). These documents were
selected for their clear language, universal availability, and content that is unlikely to have been
specifically optimized for in LLM training.

A.1 Question Generation

We used the following prompt to generate multiple-choice questions from these documents:

Based on the following text, create three simple multiple-choice questions
that can be answered by a middle school student. Ensure that the questions do
not require any background knowledge and can be answered using only the
information provided in the text. Present the questions in the following
format:

[Question text]

A) [Option A]

B) [Option B]

C) [Option C]

Answer: [Correct option]

Text: [Insert the provided text here]

A sample of the original QA generated by Llama3-70b-instruct:

Question: What is the main purpose of the Declaration of Independence, according
to the text?

Choices: (A) To establish a new government (B) To elect a new president (C) To
explain why a separation is necessary (D)To declare war on another country

Text: When in the Course of human events, it becomes necessary for one people

to dissolve the political bands which have connected them with another, and to
assume among the powers of the earth, the separate and equal station ...(Omitted)

(C) To explain why a separation is necessary

A.2 Example of masked prompt

Masked prompt for the above QA (MR 100%, meta-information partially shown due to space
limitations):

The following is a text and metadata related to the code terms within the text.
Answer the question concisely according to the instructions.

## Instructions

- Choose the answer from the options and respond with the corresponding number.
- Respond in JSON format as {'basis': str, 'answer': int}
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- Use only the text as a reference for the basis

## Text
When in the <r009> of <r021> <r018>, it <r005> <r025> for one <r029> to <r012>
the <r030> <r004> which have <r007> them with another, and to <r003> ...(Omitted)

## Question

What is the <r023> <r033> of <r040>, <r002> to the <r039>7?

## Options

['1. To <r017> a <r026> <r020>', '2. To <r014> a <r026> <r032>', '3. To <r019>
why a <r037> is <r025>', '4. To <r011> <r042> on another <r008>']

## Metadata

part_of_speech | category | meaning | code

PROPN | Individual Name | Higher power | r001

VERB | | Agreement | r002

VERB | | Take on, responsibility | r003

NOUN | Organization Name | Group of people | r004
(Omitted)

Appendix B. Masked prompting of MskQA

Appendix B presents examples of original QA and thier masked prompts for RQA and AQA. The
masking format for RQA is completely the same as Appendix A. Below is the original QA from
FIGURE 1:

Question: Which pop duo are embroiled in a legal battle after one obtained

a restraining order against the other?

Choices: (A)Hall \& Oates (B)Simon \& Garfunkel (C)The Righteous Brothers
(D)The White Stripes

Evidence: Daryl Hall is suing his musical partner John Oates and has obtained

a restraining order against him as part of the sealed lawsuit. The case between
the US duo, who are the most commercially successful duo in the history of pop
music, reportedly involves ~~contract/debt''.

Answer: Bsed on the evidence, among A through D, the answer is

(A)Hall \& Oates

B.1 AQuA-RAT (AQA)

We show an example of AQA’s original QA and illustrate masked prompts (MR 100%). The thought
process is given in Rationales, and the CoT prompt is structured as [5]. Here, we provide an example
of the Case 1 format in which the final part of the Rationale does not contain the answer selection,
but only the process, and gives the same numerical value as the question. The riginal QA is:

Rationale: Total weight of the 4 dogs = (25+31+43+41) = 140
Avg = 140/4 = 35

Total weight of 5 dogs = 140+y or 4(35)+y

Average of 5 dogs as per Question = 35

Equation:

4(35) +y =5 (35), or y = 35.
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Question: The weight of four dogs is determined to be 25 pounds, 31 pounds, 43
pounds and 41 pounds respectively. The weight of a fifth dog is determined to
be y pounds. If the average (arithmetic mean) weight of the first four dogs is
the same as that of all five dogs what is the value of y7

Options: (A)31 (B)33 (C)35 (D)37 (E)39

Choose (C)

B.2 Masked prompt: the Case 1 AQA (MR 100%)

The following is a text and metadata related to the code terms within the text.
Answer the question concisely according to the instructionmns.

## Instructions

- Choose the answer from the options and respond with the corresponding number.
- Respond in JSON format as {'basis': str, 'answer': int}

- Use only the text as a reference for the basis

## Text (Rationale)

<r016> <r018> of the 4 <r009> <r001> (25+31+43+41) <r001> 140

<r003> <r001> 140/4 <r001> 35

<r016> <r018> of 5 <r009> <r001> 140+<r019> or 4(35)+<r019>

Average of 5 <r009> as per <r013> <r001> 35

<r010>:

4(35) + <r019> <r001> 5 (35), or <r019> <r001> 35.

## Question

The <r018> of four <r009> is <r008> to be 25 <r012>, 31 <r012>, 43 <r012> and
41 <r012> respectivel<r019>. The <r018> of a fifth <r009> is <r008> to be <r019>
<r012>. If ...(Omitted)... what is the <r017> of <r019>7

## Options

(‘1. 31', '2. 33', '3. 35', '4. 37', '5. 39']

## Metadata

part_of_speech | category | meaning | code

VERB, NOUN | | comparison, equation symbol | r001
PROPN | GPE | average value | r003

ADJ | | mathematical operation | r004

(Omitted)

Appendix C. MskCal Prompt

Appendix C summarizes the original questions and a sample of masked prompt with masking codes
utilized in MskCal verification. Correct answers and mask-free results are given in TABLE 2.

C.1 Original questions

We will simulate the sales plan after the recall of the ZX-1000 model based on
the following sales plan. Please fill in the blanks in the simulation according
to the conditions.

#Document: Sales Plan
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Table 2: Comparison of error metrics at 0% masking rate between GPT-40-mini and GPT-4o,
showing the superior numerical precision of GPT-40 across all variables.

. GPT-40-mini GPT-40

Variable True value

ave.0 X Ps P, P0—/2 ave.o X Ps P, Po-/2
P 62,500 20.0% 87.5% 80.0% 80.0% 0.00% 100.0% 100.0% 100.0%
N 23,760 0.00% 100% 100% 100% 0.00% 100.0% 100.0% 100.0%
Y 4.95 x 108 10.2% 99.7% 90.0% 90.0% 5.03% 99.97% 90.0% 90.0%
E’ 1.38996 x 10?2 3.68% 99.9% 90.0% 90.0% 1.79% 99.99% 100% 90.0%
D’ 2.18196 x 109 2.35% 99.9% 100% 90.0% 1.14% 99.99% 100%  100%
Average - 7.26% 97.4% 92.0% 90.0% 1.59% 99.99% 98.0% 96.0%

Scooter Model: ZX-1000

2023 Production Volume: 15,840.00 units

2024 Production Plan: 27,720.00 units

Domestic Inventory as of the end of April 2024: 3,960.00 units

Projected Revenue for This Fiscal Year: 2,772.00 million yen

(ZX-1000 Domestic Projected Revenue: 1,980.00 million yen)

#Conditions

The recall cost per unit is set at 8,000 yen, which includes all costs such as
parts, repairs, transportation, and other expenses.

The post-recall sales volume N is estimated with a reduction rate of 25%.
#Simulation

Let A be the production volume in 2023, B the production plan volume for 2024,

C the inventory volume as of April 2024, D the planned revenue for this fiscal
year, and E the planned revenue for this fiscal year for the model subject to
recall. The number of units sold subject to recall, NR: calculated by subtracting
the number of units remaining unsold as of April 2024 from the 2023 production
volume A, i.e., NR = A - C =

The sales price of the model subject to recall, P: calculated by dividing the
planned sales revenue E of the model by the total of the production plan volume

B and the inventory volume C for 2024, i.e., P=E / (B + C) =

Therefore, the total recall cost X is, X = 8,000 *x NR =

Since the planned sales volume is B + C, considering the reduction rate,

the post-recall sales volume N is, N = (B + C) * (1 - 0.25) =

The decrease in revenue Y is, Y =P *x (B + C) * 0.25 =

The loss amount L is, L =X + Y
The revised planned sales revenue for the model subject to recall, E', is,
E'=E-1L-=

The revised planned revenue for this fiscal year, D', is,

D' =D-1L =
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C.2 Masked questions

The masked prompt of the guided question is as follows (MR 20%, some parts are omitted for
simplicity):

We will simulate the #m010 after #t001 of model <#m002> against the following
#m010. Please find the blanks in the simulation according to the conditioms.
#Document: #m010

<#m001> Model: <#m002>

2023 <#m003> <#m004>: 15,840.00 units

2024 <#m005>: 27,720.00 units

End of April 2024 <#m006> <#m009>: 3,960.00 units

This fiscal year <#m008> <#m007>: 2,772.00 million yen

(<#m002> <#m009> <#m008>: 1,980.00 million yen)

#Conditions

The #t001 per unit is set at 8,000 yen. This includes all #t002, #t003, #t004,
and other costs. The #t006 N after #t005 is estimated at #t021 25%.
#Simulation

Let the 2023 #t007 be A, the 2024 #t008 be B, the #t013 #t009 be C, this fiscal
year’s #t010 be D, and the current fiscal year’s #t010 for #t01l be E. The NR
for #t011: Calculate NR by subtracting #t013 #t009 C from the 2023 #t007 A
NR=A-C-=

The P for #t011: Calculate P by dividing the #t011’s #t010 E by the sum of the
2024 #t008 B and #t009 C for 2024, i.e., P=E / (B + C) =

Therefore, the #t001 X is X = 8,000 * NR =

(Omitted)

<Meta Information: Document>

Number Part of Speech Category Meaning

m001 General Product Transportation, Vehicle

m002 Proper Noun Product Product Name

m003 General Planning Manufacturing, Creation

(Omited)

Appendix D. Details of indicator analysis

This appendix presents detailed analysis of Section 4.5 for GPT-40-mini. TABLE 3 compares Acc
across four masking levels and the metrics NA, EA, and KI for regular masking across different
sources, with Case 1 results used for AQA. Instead of visually comparing Acc response curves
for each dataset, we introduce indices for quantitative comparison by averaging with respect to the
weight of r. We define two types of r-weighted averages for each indicator X = NA, EA, K1I:

[ [xw.n

1
ko

’

X1(D) = kilzr «X(D,r), Xz(D)=

where k1 = ), rand ko = 3, 1.

Acc increases across all sources as masking level loosens from strict to lenient, though AQA shows
some fluctuations. AQA exhibits lower Acc compared to RQA, likely due to its computational
elements requiring complex calculations under masked conditions. In contrast, AQA’s KI plateaus at
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MR=40% and declines after 60% (FIGURE 7), consistent with MskCal’s performance degradation
beyond 60% masking rate (FIGURE 6). This pattern explains AQA’s smaller r-weighted average

KI compared to RQA.

Interestingly, the four-state average of X;(Acc) (denoted as (X;(Acc))) closely matches the X;
average of EA (TABLE 3), suggesting EA can be considered effective Acc. However, AQA remains
exceptional, showing a notable discrepancy between Acc and EA values. The fact that AQA’s EA

Advances in Artificial Intelligence and Machine Learning

exceeds RQA’s remains an open question requiring further investigation.

Table 3: Comprehensive comparison of accuracy metrics across masking techniques for UQA,

RQA, and AQA datasets.
Dataset Masking Type (Acc) Regular Masking Metrics Four-state Average
(mask-free Acc) Metric strict reg. part. lenient NA EA KI < Xi(Acc) > X;(EA)
UQA X1 73.83 7450 76.53 83.44 0.8091 74.50 0 77.07 74.50
(92.08) Xo  79.01 79.67 81.16 85.68 0.8653 79.67 0 81.38 79.67
RQA X1 63.27 64.67 6548 70.60 0.7198 68.51 0.1344 66.01 68.51
(89.84) Xo 7029 7129 7197 7599 0.7935 74.45 0.0722 72.39 74.45
AQA X1 4793 4782 50.33 4990 0.8307 72.12 0.0093 49.00 72.12
(88.02) Xo  51.15 50.80 52.73 5245 0.8741 76.55 0.0579 51.78 76.55
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