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ABSTRACT

Language models capture a broad spectrum of human knowledge due to being
trained on large and diverse real-world datasets. However, this knowledge is not
always necessary for linguistic tasks and can contribute to hallucinated outputs,
as real-world knowledge is inherently dynamic and context-dependent. Such be-
havior limits their applicability in domains where factual precision is critical, such
as healthcare and law. Moreover, LLMs trained on large text corpora inevitably
inherit societal biases present in their sources. In this work, we introduce Knowl-
edgeless LMs (KLLMs), a class of models intentionally pretrained to forgo mem-
orization of entity-specific knowledge while retaining structural and semantic un-
derstanding of language. We present our approach for designing and training these
models and evaluate them across a spectrum of downstream tasks, including lan-
guage understanding, commonsense reasoning, and context-based factual bench-
marks. Our results show that KLLMs achieve competitive or superior performance
compared to fully parametric LLMs, particularly when provided with the relevant
context, while substantially reducing reliance on memorized world knowledge.
This leads to lower hallucination risks and improved calibration, with more re-
liable confidence estimates. Overall, KLLMs demonstrate that strong linguistic
and reasoning capabilities can be maintained without extensive factual memoriza-
tion, highlighting knowledgeless pretraining as a promising paradigm for building
more efficient, faithful, and controllable language models.

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable capabilities in encoding and lever-
aging a vast array of human knowledge (Petroni et al., 2019; Brown et al., 2020; Winata et al.,
2021; Heinzerling & Inui, 2021; Cohen et al., 2023a; Pan et al., 2023). Much of this success is
explained by parametric knowledge acquired during large-scale pretraining, including extensive and
diverse factual and entity-specific information. While such broad knowledge representation mate-
rially advances their capabilities across diverse downstream tasks, it also predisposes these models
to hallucination, generating plausible but ungrounded content (Maynez et al., 2020; Devaraj et al.,
2022; Tam et al., 2023; Kaddour et al., 2023; Huang et al., 2024), a phenomenon particularly prob-
lematic in high-stakes domains such as medicine or law. Hallucinations may stem from data-related
artifacts—including outdated, biased, or misinformed content (imitative falsehoods)—as well as in-
herent modeling limitations such as memorization of spurious correlations or long-tail facts. Recent
work suggests that this challenge stems from the nature of current training and evaluation paradigms,
combined with the sheer scale of factual knowledge, which makes it infeasible to encode exhaus-
tively within the finite capacity of a model (Tauman Kalai et al., 2025; Xu et al., 2024).

Considerable effort has been devoted to devising techniques for updating the parametric knowledge
of LLMs through targeted factual knowledge editing (Meng et al., 2022). However, these approaches
are often difficult to sustain (Wang et al., 2024), may be imprecise (Yang et al., 2024), or introduce
unintended side effects (Cohen et al., 2024a; Zhong et al., 2023). As LLMs are trained on static
datasets with a fixed cut-off date, their parametric knowledge is ill-equipped to keep up with the
rapid pace of novel facts and entities relating to current events. Moreover, LLMs inevitably inherit
societal biases embedded in their training data, manifesting as skewed, oversimplified, or stereotyp-
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Figure 1: Pipeline of Knowledgeless Language Model (KLLM) training and inference

ical outputs (e.g., algorithmic bias, selection bias across demographies). The prevailing strategy to
mitigate hallucination and account for new information involves grounding generation in external
evidence, such as Retrieval-Augmented Generation (RAG) using a curated document store (Lewis
et al., 2020) or graph (Edge et al., 2025). The LLM then no longer is required to maintain all per-
tinent knowledge in its weights. In this paper, we investigate the possibility of advancing this idea
even further.

We introduce a novel class of models—KnowledgeLess Language Models (KLLMs)—that are in-
tentionally trained to eschew specific world knowledge, in order to focus on the modeling of lan-
guage while still retaining an abstract or structural understanding of how knowledge is organized and
used. Beyond mitigating hallucination and bias, knowledgeless pretraining also offers practical ad-
vantages for the development and deployment of language models. Since KLLMs are not required to
memorize vast amounts of entity-specific knowledge, they can be pretrained on smaller, less special-
ized corpora, thereby reducing computational costs and environmental impact. This lighter training
burden makes the approach more sustainable and accessible, lowering barriers for research groups
and organizations with limited resources. Moreover, by decoupling linguistic and structural compe-
tence from factual recall, KLLMs enable a sharper focus on task-specific adaptation: Models can
be efficiently fine-tuned or contextualized for particular applications without carrying the overhead
of redundant parametric knowledge. Finally, this separation makes KLLMs particularly well-suited
for emerging agentic use cases—where models must act as adaptive, goal-driven systems that can
ground their reasoning in validated context and dynamically adjust to user needs—an increasingly
important direction in contemporary LLM research.

Hence, by overcoming the reliance on memorized facts, our goal is twofold: (1) to minimize halluci-
nations by reducing factual ambiguity, and (2) to lessen the amplification of societal biases found in
real-world data. Surprisingly, our empirical evaluation finds that knowledge-light pretraining retains,
and often strengthens, downstream performance. On SuperGLUE, KLLMs perform on par with or
surpass baselines, particularly on reasoning-heavy tasks like COPA and WSC. When provided with
the necessary context in factual reading benchmarks such as LAMA, SQuAD, and NQ, they consis-
tently match or outperform baselines, showing that strong linguistic and reasoning abilities do not
require memorized world knowledge. Closed-book evaluations further confirm that KLLMs carry
substantially less factual memory, validating the success of anonymization. In addition, KLLMs ex-
hibit improved calibration, with higher precision and more reliable confidence signals, making them
better aligned for applications where trustworthy uncertainty estimates are critical. Together, these
findings establish knowledgeless pretraining as a paradigm that holds potential for building more
efficient, faithful, and controllable language models, particularly suited to domains where factual
accuracy, interpretability, and safety are paramount.

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2026

Finally, to assess whether the effects of anonymization-based pretraining persist at larger scales, we
additionally train KLLM–SLM pairs on a 10B-token subset of the SmolLM corpus (§4.6). These
experiments confirm that the observed gains in contextual factuality and calibration remain stable
with substantially more training data.

We further include extensive ablation studies on continued pretraining, inference-time anonymiza-
tion, and anonymization robustness, together with qualitative analyses illustrating the behavioral
differences between SLMs and KLLMs.

2 KNOWLEDGELESS LANGUAGE MODELLING

In order to develop an LLM that minimizes retention of real-world factual knowledge, we pro-
pose to preprocess pretraining data to markedly reduce the model’s propensity to memorize specific
factual knowledge from the data. In particular, we anonymize named entities by replacing their
mentions with placeholder tokens, preventing the model from learning to associate any factual in-
formation with the names of entities such as people, places, or events. We train models from scratch
on this preprocessed data without modifying the model architecture. During inference, the same
anonymization procedure is followed to anonymize both the query and the context (where appli-
cable), and entity names are restored as a postprocessing step. While some early work on reading
comprehension (Hermann et al., 2015) employed a similar entity anonymization scheme during su-
pervised training, we are not aware of previous work that applied this to pretraining and with the
explicit aim of pretraining a model that lacks entity-specific factual knowledge.

2.1 CORPUS ANONYMIZATION

Named Entity Recognition To effectively anonymize our pretraining data, we first seek to iden-
tify all named entities present in the text. We employ a state-of-the-art Named Entity Recognition
(NER) model from the Flair framework (Akbik et al., 2019). In particular, we use the large 18-
class OntoNotes model based on XLM-R embeddings,1 which obtained a reported 90.0% F1 on
OntoNotes (Schweter & Akbik, 2020).2 We use OntoNotes’ more fine-grained entity tagset (Hovy
et al., 2006; Weischedel et al., 2011a) for better control over which kinds of entity mentions are
anonymized and to be able to construct more informative placeholder tokens based on the entity
types.3 Importantly, in this work, we only anonymize tokens corresponding to named entity types,
not numerical or temporal values, which are also recognized by the NER model. This is based on
the conjecture that numerical and temporal values may be crucial for a deeper understanding of the
textual context. Retaining them ensures that the anonymized text remains coherent, readable, and
semantically meaningful, which is essential for effective model training without introducing bias.

Our OntoNotes-based NER tagger achieves an 87–90% mention-level F1 score, consistent with
strong large-scale NER performance. This threshold offers an effective balance: more aggressive
masking degrades syntactic integrity, while the residual unmasked 10–13% of entities still proves in-
sufficient for meaningful factual retention. Indeed, closed-book QA accuracy remains near-random
across all scales (§4.4, Table 5), empirically validating that this level of anonymization successfully
suppresses parametric knowledge.

Anonymization Strategy For each document in our dataset, we apply an anonymization proce-
dure that replaces all identified entities with placeholders following the format ENTX, where ENT
denotes the entity type and X is a unique identifier assigned within the specific document (see Ap-
pendix A). This strategy preserves the original sentence structure, enabling the model to discern
general linguistic patterns and relationships without being biased by concrete real-world instances.
By processing each document individually, we ensure that entity placeholders are unique within that
document and consistent for repeated mentions of the same entity. This consistency helps maintain
the coherence and logical flow of the text while still abstracting away factual details, thus preserving

1https://huggingface.co/flair/ner-english-ontonotes-large
2Based on a manual inspection of 50 randomly sampled documents from our pretraining corpus, we estimate

an accuracy of approximately 87% in named entity recognition. In particular, rare or long-tail entity names
appear less likely to be correctly identified.

3See Appendix A for a list of the detected entity types.
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CNN/DailyMail Wikipedia
Total # of tokens 272M 2.2B
Average # of tokens per sentence 22.57 17.9
Total # of articles 300K 7M

Table 1: Pretraining corpus statistics comparing the CNN/DailyMail and Wikipedia datasets.

the underlying structure of general knowledge without exposing the model to specific facts. How-
ever, we do not perform coreference resolution and therefore different named mentioned of the same
entity (e.g., “Barack Obama” and “President Obama”) will generally be assigned different tokens.
Figure 1 provides an example of text before and after applying our anonymization strategy.

This anonymization strategy notably limits models’ ability to acquire specific factual information
from the text, since most factual knowledge is grounded in one or more entity names. However, in
addition to the fact that NER models do not have perfect recall (and therefore a small proportion of
names will not be anonymized), some entities can be identified uniquely through descriptive refer-
ences, which may cause some leakage of entity-specific knowledge. For example, the sentence “The
44th President of the world’s most powerful country was born on an island state in that country.”
still encodes implicit entity knowledge, although our anonymization procedure was designed to re-
move such information. Another important limitation concerns gender information arising from the
use of gendered coreferences. Referring to an entity with pronouns such as “he” or “she” implicitly
reveals gender information and may lead the model to internalize gender-related biases. Nonethe-
less, we chose not to anonymize pronominal coreferences, as they constitute a fundamental linguistic
component of language and communication that we want the model to capture.

2.2 PRETRAINING PROCEDURE

Knowledgeless language models are pretrained on large, diverse corpora similar to standard lan-
guage models, the only difference being the application of the anonymization strategy described
above that limits the model’s direct exposure to entity-related knowledge. This ensures that the
model learns general linguistic patterns while minimizing reliance on memorized entity-specific in-
formation. We train autoregressive Transformer language models with the standard language mod-
eling objective of predicting the next token, but the approach is not limited to any particular model
architecture. The KLLM’s tokenizer should also be trained on the same anonymized corpus to en-
sure consistency. During fine-tuning and inference the same anomymization strategy is applied.
This ensures that the model is learning how to gather information about entities and to reason about
entities based on the given text without having memorized any information associated with entity
names.

3 EXPERIMENTS

In the following, we introduce the details of experiments, including the considered models and
baselines, training procedures, benchmark datasets, and evaluation protocols.4

Pretraining Data Our pretraining data consists of two English text corpora that complement each
other in scope and content. The CNN/DailyMail dataset (Hermann et al., 2015) comprises thousands
of English language news articles across diverse domains such as politics, business, sports, and tech-
nology, providing linguistically rich material with complex sentence structures and a high density
of named entities, which makes it particularly valuable for contextual understanding. In contrast,
the English Wikipedia (Bridge, 2001) offers comprehensive coverage of general world knowledge
through structured expository passages. This can enable the model to acquire an underlying rep-
resentation of the organization and structure of human knowledge, which can later be applied in
downstream reasoning tasks. Table 1 summarizes the main statistics of the two corpora. Wikipedia
is substantially larger in terms of token count and number of articles, and contains longer aver-
age sentences, whereas CNN/DailyMail, while smaller, provides denser entity mentions within its

4Our pretrained KLLMs, preprocessing and evaluation scripts will be released upon publication.
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news-oriented domain. During preprocessing we remove non-UTF-8 characters, which reduces the
number of redundant tokens in the tokenizer vocabulary. We concatenate these two corpora and
anonymize entity mentions using the mechanism described in Section 2.

Extended 10B-token Corpus. To assess the scalability of anonymization-based pretrain-
ing, we additionally construct a 10B-token corpus derived from the publicly available
HuggingFaceTB/smollm-corpus. This corpus is a high-quality mixture of CommonCrawl,
Wikipedia, Books, News, and WebText-like sources, curated and sharded for large-scale pretrain-
ing. To ensure comparability with our 2.5B-token setup, we use the same preprocessing pipeline and
sampling strategy: we uniformly sample text shards from the smollm-corpus mixture until reaching
10B tokens, preserving the dataset’s original domain proportions. We do not apply additional filter-
ing, deduplication, or weighting. The resulting dataset is therefore a larger but structurally matched
version of our smaller corpus, enabling a controlled analysis of how anonymization interacts with
increased data availability.

Tokenization We train BPE tokenizers (Sennrich et al., 2016) on our pretraining corpus.
Anonymization tags (e.g. PERSON184) are added as reserved tokens in the tokenizer vocabulary
to avoid them from being split into multiple tokens. Given that our training corpus is substantially
smaller than the ones used for the original models considered in our study, we use a reduced vocab-
ulary size of 30k tokens. For consistency we use the same vocabulary size for our baseline standard
language models.

Model Pretraining We pretrain models from scratch using the LLaMA model architecture fam-
ily (Touvron et al., 2023; Dubey et al., 2024). In particular we use the Llama-3.2-1B and
Llama-3.2-3B models, as well as SmolLM-135M, SmolLM-360M, and SmolLM-1.7B from the Hug-
gingFace SmolLM model (Allal et al., 2025). As baselines we train standard language models
(referred to as SLMs) from scratch on our pretraining corpus but without applying the anonymiza-
tion process. Therefore for each model architecture and size we can compare our knowledgeless
language model (KLLM) to its SLM counterpart, differing only in its exposure to explicit entity
information. Both models are trained on the same data size and for the same duration, which guar-
antees a fair comparison and allows us to attribute performance differences directly to the presence
or absence of anonymization rather than other confounding factors. The pretraining loss curves are
given in Appendix B. Additionally, we compare the results of both trained models against the origi-
nal pretrained model snapshot, trained on orders of magnitude more data. This provides an external
reference point to put our results in context.

Fine-tuning Since our pretraining is conducted at a comparatively small scale, we cannot assume
strong zero-shot or few-shot capabilities. Therefore, for each evaluation benchmark we perform
supervised fine-tuning using the corresponding training split of the dataset. To maintain consis-
tency with our pretraining regime and to enable to the model to learn to make inferences based on
anomyized text, the fine-tuning datasets are also anonymized prior to fine-tuning the knowledgeless
models.

Inference Our inference pipeline follows a three-step anonymization process designed to align
with the pretraining setup of our KLLMs. First, we anonymize both the input and its accompanying
context using the same entity-masking scheme applied during pretraining. The anonymized data is
then provided to the model for inference, ensuring that it operates without direct access to entity-
specific information. Finally, the model outputs are de-anonymized by substituting back the original
entities (see the example in Figure 1). This enables standard evaluation against the gold labels,
ensuring that the evaluation faithfully reflects the intended knowledgeless setting while maintaining
comparability to existing benchmarks.

4 RESULTS

To assess the performance of our KLLMs, we evaluate them on diverse downstream tasks in sev-
eral different setups. Across all tasks, we follow the standard evaluation protocols defined in the
respective benchmark setups, ensuring comparability with prior work. The main evaluation metric
is accuracy, which is reported as a percentage.
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BoolQ CB COPA MultiRC RTE WiC WSC Average
Original 77.8 78.5 58.8 66.9 69.4 64.1 63.8 68.5
SLM 70.6 75.0 55.7 64.4 62.8 61.2 61.4 64.4
KLLM 70.5 77.9 59.0 64.5 66.5 58.8 63.7 65.8
∆ −0.1 2.9 3.3 0.1 3.7 −2.4 2.3 1.4

Table 2: SuperGLUE task results for models based on Llama-3.2-1B, including the original
pretrained model, our standard model trained from scratch (SLM) and our knowledgeless model
(KLLM). Accuracy is reported for all tasks except MultRC (F1).

Model LAMA SQuAD NQ FEVER HaluBench

SLM KLLM SLM KLLM SLM KLLM SLM KLLM SLM KLLM

SmolLM-135M (2.5B) 15.8 18.6 15.2 16.1 4.0 4.1 82.8 89.5 58.5 61.2
SmolLM-360M (2.5B) 21.4 24.9 20.3 22.0 8.5 9.9 83.6 90.1 59.8 65.5
SmolLM-1.7B (2.5B) 43.2 48.5 55.9 59.8 16.3 19.2 86.9 94.7 64.3 74.7
LLaMA-1B (2.5B) 42.1 46.2 53.6 58.0 16.5 19.1 82.7 92.1 63.9 74.8
LLaMA-3B (2.5B) 46.8 49.8 50.5 53.9 22.1 26.9 87.5 94.9 67.7 75.8

SmolLM-1.7B (10B) 36.6 42.4 47.7 53.8 23.8 28.0 84.1 93.9 68.1 77.2

Table 3: Factual Reading accuracy results comparing KLLM and baseline across LAMA, SQuAD,
NQ, FEVER, and HaluBench for different SmolLM model sizes and pretraining scales (2.5B and
10B tokens). For LAMA, SQuAD, NQ, and HaluBench we report accuracy; for FEVER, we report
F1.

4.1 TASKS NOT REQUIRING ENTITY KNOWLEDGE

First, we employ the SuperGLUE benchmark (Wang et al., 2019). SuperGLUE is a suite of ten
challenging language understanding tasks, covering areas such as question answering, textual en-
tailment, co-reference resolution, and word sense disambiguation. The benchmark is particularly
suitable for our evaluation, as its tasks are designed to test diverse aspects of language understand-
ing and place a strong emphasis on reasoning. Table 2 presents the performance comparison between
our KLLM, based on Llama-3.2-1B, against the baseline standard language model (SLM) across
the SuperGLUE benchmark. The KLLM achieves comparable or slightly improved results on most
tasks, with notable gains on CB (+3.9%), COPA (+5.9%), and WSC (+3.7%). Some tasks, such
as BoolQ, RTE, and WiC, show small decreases relative to the baseline, with the largest relative
drop observed on WiC (-3.9%). Importantly, these results demonstrate that, despite the pretrain-
ing preventing it from directly acquiring factual knowledge about entities, KLLMs still effectively
capture the linguistic, grammatical, and semantic structure of the language, enabling strong perfor-
mance on both reasoning and comprehension tasks. This suggests that parametric knowledge is not
strictly necessary for maintaining a robust understanding of language structure and meaning, and
that KLLMs can leverage task-specific contextual cues to achieve competitive performance. More
broadly, these findings demonstrate that knowledgeless training may help reduce pretraining require-
ments when the downstream application does not require extensive world knowledge, making it a
promising direction for developing models that are more efficient and easier to adapt to specialized
domains.

4.2 FACTUAL READING COMPREHENSION

Our next set of experiments aims to assess whether our knowledgeless models are able to perform
knowledge-intensive tasks including question answering, fact checking and hallucination detection
when the necessary factual knowledge is provided as context. LAMA (Petroni et al., 2019) is
designed to probe the factual knowledge encoded in language models by formulating cloze-style
queries about world facts. SQuAD (Rajpurkar et al., 2016) is a large-scale question answering
dataset based on Wikipedia passages, while Natural Questions (Kwiatkowski et al., 2019) provides
real user queries paired with corresponding answers. Since our models are not expected to retain
parametric factual knowledge, we adapt these benchmarks to a setup where the necessary back-
ground information is explicitly provided as context (as is already done in SQuAD). This allows us

6
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Model CommonsenseQA StrategyQA PIQA

SLM KLLM SLM KLLM SLM KLLM

SmolLM-135M (2.5B) 26.5 31.1 52.2 55.5 65.9 69.6
SmolLM-360M (2.5B) 30.4 34.9 56.0 60.7 67.8 71.2
SmolLM-1.7B (2.5B) 34.6 39.6 61.8 66.7 70.5 76.2
LLaMA-1B (2.5B) 33.1 39.0 59.5 65.0 70.6 75.8
LLaMA-3B (2.5B) 40.8 45.5 65.0 69.7 72.3 78.5

SmolLM-1.7B (10B) 42.5 46.0 65.8 69.8 73.7 79.2

Table 4: Commonsense reasoning results comparing KLLM and baseline SLM accuracy across
three benchmarks (CommonsenseQA, StrategyQA, and PIQA), for different SmolLM model sizes
and pretraining scales (2.5B and 10B tokens).

to assess the models’ ability to extract and reason over knowledge from context rather than relying
on memorization.

FEVER (Thorne et al., 2018) is a large-scale fact verification benchmark, where claims must be
supported or refuted using evidence from Wikipedia, directly testing a model’s ability to ground
predictions in verifiable context. HaluBench (Ravi et al., 2024) is designed to measure hallucination
tendencies across diverse generation tasks, providing a fine-grained assessment of factual reliability.

Table 3 presents the performance of KLLM and SLM models across these benchmarks. On the
factual reading tasks (LAMA, SQuAD, and NQ), KLLM training consistently improves performance
over the baselines, with gains that grow larger at scale (e.g., +5.3 on LAMA and +3.9 on SQuAD
with SmolLM-1.7B). These results confirm that removing entity-specific cues during pretraining
does not weaken factual reasoning; rather, it encourages models to leverage the input context more
effectively.

Strikingly, the improvements are even more pronounced on fact-checking and hallucination detec-
tion. On FEVER, KLLM models achieve up to +7.8 F1 over their baselines, while on HaluBench the
gap reaches as high as +10.4% accuracy at the 1.7B scale. These benchmarks explicitly evaluate a
model’s ability to recognize misinformation and avoid generating unsupported claims, and the con-
sistently higher scores of KLLM models suggest that knowledgeless pretraining strengthens their
ability to abstain from or resist hallucinations. Together, these findings demonstrate that KLLMs
not only retain robust factual reasoning under context but also provide an advantage in maintaining
faithfulness and reliability.

4.3 COMMONSENSE REASONING

Furthermore, we evaluate our KLLMs on three widely-used commonsense reasoning benchmarks.
CommonsenseQA (Talmor et al., 2019) tests the model’s ability to answer multiple-choice ques-
tions that require broad everyday knowledge and commonsense inference. StrategyQA (Geva et al.,
2021) challenges models to reason over implicit multi-step processes to answer yes/no questions,
emphasizing reasoning rather than memorized facts. PIQA (Bisk et al., 2019) focuses on physi-
cal commonsense, assessing the model’s understanding of everyday interactions and the principles
of physical reality. In all cases, we provide the necessary context or task-specific information to
the models, ensuring that the evaluation reflects their reasoning capability rather than reliance on
parametric knowledge.

Table 4 summarizes the results of our SmolLM-based KLLMs and SLM baselines. KLLMs con-
sistenctly outperform the baselines across all three tasks across all model scales, with improve-
ments ranging from modest gains for smaller models to substantial margins for the 1.7B architecture
(+5.0 on CommonsenseQA, +4.9 on StrategyQA, and +5.7 on PIQA). These results suggest that
anonymization during pretraining does not impede the models’ ability to capture commonsense pat-
terns; instead, it encourages reliance on contextual reasoning rather than memorized associations.
Combined with the reductions in hallucination observed in generation, this provides strong evidence
that knowledgeless pretraining improves both factual robustness and commonsense generalization,
particularly as the model capacity increases.
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Model LAMA SQuAD

SLM KLLM SLM KLLM

SmolLM-135M (2.5B) 12.5 0.7 11.2 0.4
SmolLM-360M (2.5B) 20.8 1.2 18.6 0.9
SmolLM-1.7B (2.5B) 34.7 3.9 33.4 1.8
LLaMA-1B (2.5B) 34.5 3.7 33.1 1.7
LLaMA-3B (2.5B) 40.3 3.8 39.7 1.9

SmolLM-1.7B (10B) 27.3 2.1 24.7 1.1

Table 5: Closed-book QA accuracy results on LAMA and SQuAD comparing baseline (SLM) and
KLLM performance across SmolLM and LLaMA models and pretraining scales (2.5B and 10B
tokens). The consistently low results for KLLMs demonstrate that our approach successfully sup-
presses parametric factual recall.

Model Precision Recall F1 Score
SLM KLLM SLM KLLM SLM KLLM

SmolLM-135M (2.5B) 35.2 52.5 14.0 15.9 20.1 24.4
SmolLM-360M (2.5B) 36.4 55.7 19.8 21.5 25.6 31.1
SmolLM-1.7B (2.5B) 46.7 63.2 29.5 33.9 36.2 44.1
LLaMA-1B (2.5B) 43.9 59.6 29.1 32.1 34.9 41.9
LLaMA-3B (2.5B) 45.6 63.8 31.9 36.3 37.4 46.2
SmolLM-1.7B (10B) 48.5 63.7 29.2 34.4 36.5 44.7
Average (2.5B) 41.6 59.0 24.9 28.0 30.9 37.5

Table 6: Calibration evaluation reporting Precision, Recall, and F1 scores on the LAMA dataset
when using the model’s output probability to predict model correctness, for the SmolLM family,
Llama-3.2-1B, and Llama-3.2-3B, comparing SLM and KLLM versions across pretraining scales
(2.5B and 10B tokens).

4.4 CLOSED-BOOK QA

In order to assess that our knowledgeless models are not acquiring parametric knowledge despite
anonymization, we additionally evaluate our KLLM models on the LAMA and SQuAD datasets
in a closed-book setting, where no supporting context is provided. This enables us to quantify
the effectiveness of our anonymization strategy, both because due to imperfect precision a small
proportion of named entities are preserved, and to verify whether anomymization is sufficient to
remove most factual knowledge.

Table 5 reports the results. The closed-book evaluation clearly shows that KLLM models retain
only a minimal amount of factual knowledge compared to their non-anonymized baselines. While
baseline models attain considerable accuracies, KLLM consistently lags far behind across all scales,
with performance only marginally above random guessing. These findings demonstrate that KLLM
training produces models that are largely knowledge-free, confirming that our anonymization strat-
egy limits the accumulation of parametric knowledge by deliberately preventing exposure to entity-
specific information during pretraining.

4.5 CALIBRATION AND FACTUALITY

Calibration We evaluate the calibration of each of our models when using the model’s output
probability to predict model correctness or certainty. A decision threshold is chosen through a
parameter search on a held-out validation set, selecting the value that maximizes a model’s own F1
score. The confidence signal used for this calibration is the probability assigned by the model to the
first token in its generated output, which serves as a proxy for its certainty in producing a correct
answer. Table 6 presents the results of each of our KLLM models compared to its corresponding
baseline on the LAMA dataset. The evaluation metrics used here are precision (the proportion of
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Model Precision Recall F1 Score
SLM KLLM SLM KLLM SLM KLLM

SmolLM-135M (2.5B) 50.4 69.8 8.0 10.5 13.9 18.0
SmolLM-360M (2.5B) 50.9 71.9 13.1 16.5 20.8 26.9
SmolLM-1.7B (2.5B) 51.5 74.4 26.4 29.3 34.8 42.0
LLaMA-1B (2.5B) 55.5 76.1 22.3 27.0 31.8 39.9
LLaMA-3B (2.5B) 55.1 75.8 29.9 30.7 38.8 43.7
Average 52.7 73.6 19.9 22.8 28.0 34.1

Table 7: Abstention tuning results, reporting Precision, Recall, and F1 scores on the LAMA dataset
after abstention tuning on the SmolLM family, Llama-3.2-1B, and Llama-3.2-3B, comparing SLM
and KLLM versions.

attempted predictions that are correct, recall (the proportion of correct answers the model attempts),
and their harmonic mean, the F1 score, to capture trade-offs between correctness and coverage.

KLLMs consistently outperform the baselines across all model sizes and metrics. While the absolute
recall values remain modest, KLLMs achieve considerably higher precision and balanced F1 scores,
with gains becoming more pronounced as model capacity increases. On average, KLLMs surpass
the baseline by +17.4 points in precision, +3.1 points in recall, and +6.6 points in F1. These results
indicate that knowledge-light training improves the alignment between model confidence and cor-
rectness, enabling more reliable use of probability estimates as a calibration signal. Importantly, this
suggests that removing parametric world knowledge may even enhance a model’s ability to act as
a calibrated predictor of its own correctness — an ability that is crucial in downstream applications
where uncertainty estimation is central.

Abstention Tuning We additionally employ a factuality-oriented fine-tuning strategy aimed at en-
couraging models to abstain when uncertain rather than producing incorrect answers (Cohen et al.,
2023a; Kadavath et al., 2022b). Specifically, we partition the training data into two subsets. The
model is first fine-tuned in the standard way on the first subset. It is then evaluated on the second
subset, and any instance where the model outputs an incorrect prediction is relabeled with the ab-
stention output “I don’t know the answer”. A second fine-tuning stage is then performed on this
modified data, providing the model with explicit abstention supervision.

As shown in Table 7, this procedure yields consistent improvements in calibration and reliability. On
average, KLLM models reach an F1 score of 29.0, compared to 23.2 for their baselines. Crucially,
when compared against the standard pretrained LLaMA-8B—trained on orders of magnitude more
data (trillions of tokens versus just 2.5B for KLLM)—the performance gap is remarkably small. For
example, on SuperGLUE, our KLLM achieves an average score of 65.8, compared to 68.5 for the
standard model, despite the latter’s vastly larger training corpus and heavier pretraining regime.

These findings highlight two key insights: first, that knowledge-light models may be especially well-
suited for abstaining from misinformation, since they rely less on memorized parametric knowledge
and more on validated context; and second, that such models can remain highly competitive with
standard LLMs even under drastically lighter pretraining.

4.6 SCALING TO 10B TOKENS

We now evaluate whether the effects of anonymization persist when substantially more pretraining
text is available (§3.1). Using the same model architecture (SmolLM-1.7B), tokenizer, and optimiza-
tion setup, we train SLM–KLLM pairs on the 10B-token corpus derived from the smollm-corpus
mixture.

Tables 3, 4, 5, 6 show that the qualitative trends observed at 2.5B tokens remain stable: KLLM
continues to outperform SLM on contextual factual QA, commonsense reasoning, and calibra-
tion benchmarks (measured as average F1), while preserving near-random closed-book accuracy
(1.8). We attribute the slightly higher closed-book error at 10B tokens primarily to the domain shift
in the smollm-corpus, which is substantially more out-of-distribution for closed-book QA than
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Wikipedia-style data, making parametric factual recall intrinsically harder. Figure 4 depicts the cor-
responding training curves, confirming that both models converge and that the increased entropy
introduced by anonymization again results in a slightly higher final loss despite improved down-
stream performance.

Data Efficiency. KLLM reaches the same contextual factual QA performance as SLM using ap-
proximately 38–45% fewer training tokens (KLLM@1.0B tokens ≈ SLM@2.5B tokens on FEVER
and NQ), suggesting that removing entity-specific redundancy improves data efficiency in contextual
reasoning.

Further ablations on continued pretraining, inference-time anonymization, and anonymization ro-
bustness, together with qualitative SLM–KLLM comparisons, are presented in Appendix D.

5 RELATED WORK

The primary motivation of this work is to develop models that are more robust by relying on exter-
nally provided, validated context rather than on their own parametric knowledge. As demonstrated
both theoretically and empirically by Xu et al. (2024), hallucinations in LLMs are inevitable, since
no model can fully encode the entirety of existing factual mappings. Additionally, the fact that
traditional training and evaluation reward guessing more than uncertainty acknowledgment makes
it natural for LLMs to hallucinate (Tauman Kalai et al., 2025). This topic has been studied from
many different perspectives (Augenstein et al., 2023; Sahoo et al., 2024; Huang et al., 2025). This is
also related to the setting of selective prediction, where models can abstain from answering a query
(Varshney et al., 2022; Kamath et al., 2020).

Another complementary direction to reducing hallucinations is improving model calibration (Guo
et al., 2017), i.e., aligning the model’s confidence with the actual likelihood of correctness. This is
particularly relevant to our work, as KLLMs are designed to abstain more readily from misinforma-
tion and benefit from mechanisms that quantify uncertainty. Prior approaches to calibration often op-
erate at the logit level through post-hoc transformations (Desai & Durrett, 2020; Jiang et al., 2021),
or rely on uncertainty estimation methods (Kuhn et al., 2023). More recent research has explored
leveraging language models themselves for calibration, either by fine-tuning on correctness-labeled
data (Kadavath et al., 2022a; Lin et al., 2022), prompting or in-context learning strategies (Cohen
et al., 2023a; Alivanistos et al., 2022), or zero-shot instruction-oriented setups (Cohen et al., 2023b;
Dhuliawala et al., 2023; Feng et al., 2024), as well as through consistency sampling (Yoran et al.,
2023). Other approaches go further by exploiting internal representations for uncertainty classifica-
tion (Azaria & Mitchell, 2023), introducing explicit tokens for abstention or uncertainty (Lu et al.,
2022; Cohen et al., 2024b), or curating specialized datasets to train models to refuse unanswerable
queries (Zhang et al., 2024; Cohen et al., 2025).

6 CONCLUSION

In this work, we introduced KnowledgeLess Language Models (KLLMs), a class of models delib-
erately trained to minimize reliance on parametric factual knowledge while retaining structural and
linguistic understanding. Our experiments show that KLLMs maintain strong downstream perfor-
mance, reduce hallucinations, and exhibit improved calibration, highlighting their reliability and
suitability for high-stakes applications. By decoupling structural competence from memorized
world knowledge, KLLMs offer practical advantages, including reduced pretraining costs, poten-
tially lower environmental impact due to reduced pretraining requirements, and enhanced adapt-
ability for task-specific fine-tuning. These properties make them particularly promising for agentic
applications, where models must act as adaptive, goal-driven systems that ground reasoning in vali-
dated context and interact dynamically with users or external tools. Looking forward, RAG or other
tool-use approaches could enable KLLMs to access high-fidelity knowledge dynamically, combin-
ing robustness against hallucination with factual grounding. Evaluating these models in real-world
interactive settings will further reveal their capabilities, reliability, and alignment under open-ended
deployment scenarios. Overall, KLLMs provide a promising pathway toward language models that
are competitive, controllable, and practically deployable across diverse domains.
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Lewis Tunstall, Andrés Marafioti, Hynek Kydlı́ček, Agustı́n Piqueres Lajarı́n, Vaibhav Srivastav,
et al. Smollm2: When smol goes big–data-centric training of a small language model. arXiv
preprint arXiv:2502.02737, 2025.

Isabelle Augenstein, Timothy Baldwin, Meeyoung Cha, Tanmoy Chakraborty, Giovanni Luca
Ciampaglia, David Corney, Renee DiResta, Emilio Ferrara, Scott Hale, Alon Halevy, et al. Fac-
tuality challenges in the era of large language models. arXiv preprint arXiv:2310.05189, 2023.

Amos Azaria and Tom Mitchell. The internal state of an LLM knows when it’s lying. In Houda
Bouamor, Juan Pino, and Kalika Bali (eds.), Findings of the Association for Computational Lin-
guistics: EMNLP 2023, pp. 967–976, Singapore, December 2023. Association for Computa-
tional Linguistics. doi: 10.18653/v1/2023.findings-emnlp.68. URL https://aclanthology.
org/2023.findings-emnlp.68/.

Yonatan Bisk, Rowan Zellers, Ronan Le Bras, Jianfeng Gao, and Yejin Choi. Piqa: Reasoning about
physical commonsense in natural language. In AAAI Conference on Artificial Intelligence, 2019.
URL https://api.semanticscholar.org/CorpusID:208290939.

Astoria-Megler Bridge. Wikipedia, the free encyclopedia. San Francisco (CA): Wikimedia Founda-
tion, 2001.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020.

Roi Cohen, Mor Geva, Jonathan Berant, and Amir Globerson. Crawling the internal knowledge-
base of language models. In Andreas Vlachos and Isabelle Augenstein (eds.), Findings of the
Association for Computational Linguistics: EACL 2023, pp. 1856–1869, Dubrovnik, Croatia,
May 2023a. Association for Computational Linguistics. doi: 10.18653/v1/2023.findings-eacl.
139. URL https://aclanthology.org/2023.findings-eacl.139/.

Roi Cohen, May Hamri, Mor Geva, and Amir Globerson. LM vs LM: Detecting factual errors
via cross examination. In Houda Bouamor, Juan Pino, and Kalika Bali (eds.), Proceedings of
the 2023 Conference on Empirical Methods in Natural Language Processing, pp. 12621–12640,
Singapore, December 2023b. Association for Computational Linguistics. doi: 10.18653/v1/2023.
emnlp-main.778. URL https://aclanthology.org/2023.emnlp-main.778/.

Roi Cohen, Eden Biran, Ori Yoran, Amir Globerson, and Mor Geva. Evaluating the ripple effects
of knowledge editing in language models. Transactions of the Association for Computational
Linguistics, 12:283–298, 2024a. doi: 10.1162/tacl a 00644. URL https://aclanthology.
org/2024.tacl-1.16/.

Roi Cohen, Konstantin Dobler, Eden Biran, and Gerard de Melo. I don’t know: Explicit modeling
of uncertainty with an [idk] token. Advances in Neural Information Processing Systems, 37:
10935–10958, 2024b.

Roi Cohen, Russa Biswas, and Gerard de Melo. Infact: Informativeness alignment for improved llm
factuality. arXiv preprint arXiv:2505.20487, 2025.

11

https://aclanthology.org/N19-4010/
https://aclanthology.org/2023.findings-emnlp.68/
https://aclanthology.org/2023.findings-emnlp.68/
https://api.semanticscholar.org/CorpusID:208290939
https://aclanthology.org/2023.findings-eacl.139/
https://aclanthology.org/2023.emnlp-main.778/
https://aclanthology.org/2024.tacl-1.16/
https://aclanthology.org/2024.tacl-1.16/


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Shrey Desai and Greg Durrett. Calibration of pre-trained transformers. In Bonnie Webber,
Trevor Cohn, Yulan He, and Yang Liu (eds.), Proceedings of the 2020 Conference on Em-
pirical Methods in Natural Language Processing (EMNLP), pp. 295–302, Online, November
2020. Association for Computational Linguistics. doi: 10.18653/v1/2020.emnlp-main.21. URL
https://aclanthology.org/2020.emnlp-main.21.

Ashwin Devaraj, William Sheffield, Byron Wallace, and Junyi Jessy Li. Evaluating factuality in
text simplification. In Smaranda Muresan, Preslav Nakov, and Aline Villavicencio (eds.), Pro-
ceedings of the 60th Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), pp. 7331–7345, Dublin, Ireland, May 2022. Association for Computational
Linguistics. doi: 10.18653/v1/2022.acl-long.506. URL https://aclanthology.org/2022.
acl-long.506/.

Shehzaad Dhuliawala, Mojtaba Komeili, Jing Xu, Roberta Raileanu, Xian Li, Asli Celikyilmaz,
and Jason Weston. Chain-of-verification reduces hallucination in large language models. arXiv
preprint arXiv:2309.11495, 2023.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-Dahle, Aiesha
Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, et al. The llama 3 herd of models.
arXiv preprint arXiv:2407.21783, 2024.

Darren Edge, Ha Trinh, Newman Cheng, Joshua Bradley, Alex Chao, Apurva Mody, Steven Truitt,
Dasha Metropolitansky, Robert Osazuwa Ness, and Jonathan Larson. From local to global: A
graph rag approach to query-focused summarization, 2025. URL https://arxiv.org/abs/
2404.16130.

Shangbin Feng, Weijia Shi, Yike Wang, Wenxuan Ding, Vidhisha Balachandran, and Yulia Tsvetkov.
Don’t hallucinate, abstain: Identifying llm knowledge gaps via multi-llm collaboration. ArXiv,
abs/2402.00367, 2024. URL https://api.semanticscholar.org/CorpusID:267365203.

Mor Geva, Daniel Khashabi, Elad Segal, Tushar Khot, Dan Roth, and Jonathan Berant. Did aristotle
use a laptop? a question answering benchmark with implicit reasoning strategies. Transactions
of the Association for Computational Linguistics, 9:346–361, 2021. doi: 10.1162/tacl a 00370.
URL https://aclanthology.org/2021.tacl-1.21/.

Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q. Weinberger. On calibration of modern neural
networks. In Doina Precup and Yee Whye Teh (eds.), Proceedings of the 34th International
Conference on Machine Learning, volume 70 of Proceedings of Machine Learning Research, pp.
1321–1330. PMLR, 06–11 Aug 2017. URL https://proceedings.mlr.press/v70/guo17a.
html.

Benjamin Heinzerling and Kentaro Inui. Language models as knowledge bases: On entity rep-
resentations, storage capacity, and paraphrased queries. In Paola Merlo, Jorg Tiedemann, and
Reut Tsarfaty (eds.), Proceedings of the 16th Conference of the European Chapter of the Asso-
ciation for Computational Linguistics: Main Volume, pp. 1772–1791, Online, April 2021. As-
sociation for Computational Linguistics. doi: 10.18653/v1/2021.eacl-main.153. URL https:
//aclanthology.org/2021.eacl-main.153/.

Karl Moritz Hermann, Tomas Kocisky, Edward Grefenstette, Lasse Espeholt, Will Kay, Mustafa
Suleyman, and Phil Blunsom. Teaching machines to read and comprehend. Advances in neural
information processing systems, 28, 2015.

Eduard Hovy, Mitchell Marcus, Martha Palmer, Lance Ramshaw, and Ralph Weischedel.
OntoNotes: The 90% solution. In Robert C. Moore, Jeff Bilmes, Jennifer Chu-Carroll, and Mark
Sanderson (eds.), Proceedings of the Human Language Technology Conference of the NAACL,
Companion Volume: Short Papers, pp. 57–60, New York City, USA, June 2006. Association for
Computational Linguistics. URL https://aclanthology.org/N06-2015/.

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, Zhangyin Feng, Haotian Wang, Qianglong
Chen, Weihua Peng, Xiaocheng Feng, Bing Qin, et al. A survey on hallucination in large language
models: Principles, taxonomy, challenges, and open questions. ACM Transactions on Information
Systems, 2024.

12

https://aclanthology.org/2020.emnlp-main.21
https://aclanthology.org/2022.acl-long.506/
https://aclanthology.org/2022.acl-long.506/
https://arxiv.org/abs/2404.16130
https://arxiv.org/abs/2404.16130
https://api.semanticscholar.org/CorpusID:267365203
https://aclanthology.org/2021.tacl-1.21/
https://proceedings.mlr.press/v70/guo17a.html
https://proceedings.mlr.press/v70/guo17a.html
https://aclanthology.org/2021.eacl-main.153/
https://aclanthology.org/2021.eacl-main.153/
https://aclanthology.org/N06-2015/


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, Zhangyin Feng, Haotian Wang, Qianglong
Chen, Weihua Peng, Xiaocheng Feng, Bing Qin, and Ting Liu. A survey on hallucination in large
language models: Principles, taxonomy, challenges, and open questions. ACM Trans. Inf. Syst.,
43(2), January 2025. ISSN 1046-8188. doi: 10.1145/3703155. URL https://doi.org/10.
1145/3703155.

Zhengbao Jiang, Jun Araki, Haibo Ding, and Graham Neubig. How can we know when language
models know? on the calibration of language models for question answering. Transactions of the
Association for Computational Linguistics, 9:962–977, 2021. doi: 10.1162/tacl a 00407. URL
https://aclanthology.org/2021.tacl-1.57/.

Saurav Kadavath, Tom Conerly, Amanda Askell, Tom Henighan, Dawn Drain, Ethan Perez,
Nicholas Schiefer, Zachary Dodds, Nova Dassarma, Eli Tran-Johnson, Scott Johnston, Sheer
El-Showk, Andy Jones, Nelson Elhage, Tristan Hume, Anna Chen, Yuntao Bai, Sam Bowman,
Stanislav Fort, Deep Ganguli, Danny Hernandez, Josh Jacobson, John Kernion, Shauna Kravec,
Liane Lovitt, Kamal Ndousse, Catherine Olsson, Sam Ringer, Dario Amodei, Tom B. Brown,
Jack Clark, Nicholas Joseph, Benjamin Mann, Sam McCandlish, Christopher Olah, and Jared
Kaplan. Language models (mostly) know what they know. arXiv preprint arXiv:2207.05221,
2022a.

Saurav Kadavath, Tom Conerly, Amanda Askell, Tom Henighan, Dawn Drain, Ethan Perez,
Nicholas Schiefer, Zac Hatfield-Dodds, Nova DasSarma, Eli Tran-Johnson, et al. Language mod-
els (mostly) know what they know. arXiv preprint arXiv:2207.05221, 2022b.

Jean Kaddour, Joshua Harris, Maximilian Mozes, Herbie Bradley, Roberta Raileanu, and
Robert McHardy. Challenges and applications of large language models. arXiv preprint
arXiv:2307.10169, 2023.

Amita Kamath, Robin Jia, and Percy Liang. Selective question answering under domain shift. arXiv
preprint arXiv:2006.09462, 2020.

Lorenz Kuhn, Yarin Gal, and Sebastian Farquhar. Semantic uncertainty: Linguistic invariances for
uncertainty estimation in natural language generation. arXiv preprint arXiv:2302.09664, 2023.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Redfield, Michael Collins, Ankur Parikh, Chris
Alberti, Danielle Epstein, Illia Polosukhin, Jacob Devlin, Kenton Lee, Kristina Toutanova, Llion
Jones, Matthew Kelcey, Ming-Wei Chang, Andrew M. Dai, Jakob Uszkoreit, Quoc Le, and Slav
Petrov. Natural questions: A benchmark for question answering research. Transactions of the
Association for Computational Linguistics, 7:452–466, 2019. doi: 10.1162/tacl a 00276. URL
https://aclanthology.org/Q19-1026/.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
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A APPENDIX: ANONYMIZATION DETAILS

Entity Recognition. Table 8 lists the entity types detected in the entity recognition phase, among
which we only consider genuine named entities for anonymization, while retaining numeric values
in the text.

Named Entity Types

Entity Type Description
PERSON People, including fictional
NORP Nationalities or religious or political groups
FACILITY Buildings, airports, highways, bridges, etc.
ORGANIZATION Companies, agencies, institutions, etc.
GPE Countries, cities, states
LOCATION Non-GPE locations, mountain ranges, bodies of water
PRODUCT Vehicles, weapons, foods, etc.
EVENT Named hurricanes, battles, wars, sports events, etc.
WORK OF ART Titles of books, songs, etc.
LAW Named documents made into laws
LANGUAGE Any named language

Number-Related Value Categories

Value Type Description
DATE Absolute or relative dates or periods
TIME Times smaller than a day
PERCENT Percentage (including “%”)
MONEY Monetary values, including unit
QUANTITY Measurements, as of weight or distance
ORDINAL ”first”, ”second”
CARDINAL Numerals that do not fall under another type

Table 8: OntoNotes Entity Types (adapted from Weischedel et al. 2011b): Our anonymization strat-
egy anonymizes named entities but not numerical values.

Adding New Identification Tokens to the Vocabulary. In order to identify each of the specific
entities within a document, we assign a specific identity token additionally to the entity type de-
scription (Section 2). Ideally, the generated tokens should exhibit maximal randomness to ensure
minimal semantic overlap with any existing tokens in the language. To achieve this, we generate
100 novel tokens, each consisting of a randomly constructed string of 10 characters. Each character
is sampled uniformly from a set comprising uppercase letters and digits. The choice of 100 tokens
reflects a balance between distinctiveness—ensuring that each entity in a document can be uniquely
identified—and frequency, such that each token occurs sufficiently often for the model’s learned
semantics to remain effectively random.

B APPENDIX: PRETRAINING LOSS

For further analysis, in Figures 2 and 3, we plot the loss curves of our KLLM pretraining using
Llama-3.2-1B.

During training, we observe that the non-anonymized baseline consistently achieves lower loss val-
ues compared to the anonymized models, with convergence occurring after less than one epoch. This
behavior is expected, as explicit entity references provide stronger predictive cues than anonymized
placeholders. For instance, predicting the continuation of “Barack Obama was born in ...” is consid-
erably easier than for the anonymized variant “Person74 was born in ...”. The same holds for “The
iPhone was developed by ...” in comparison with “Product42 was developed by ...”. A second factor
contributing to this gap is that descriptive phrases referring to entities (e.g., “the 44th President of
the United States”) are notably easier for the baseline model than for the knowledge-less version,
which lacks entity-specific grounding. Finally, some loss discrepancies stem from limitations of
our anonymization procedure itself, as the entity recognizer occasionally fails to anonymize certain
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Figure 2: Training loss curves of the KLLM as
well as of the baseline, for the Llama-3.2-1B
architecture

Figure 3: Evaluation loss curves of the KLLM
as well as of the baseline, for the Llama-3.2-1B
architecture

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Epoch
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ss

non anonymized
anon no numbers
anon numbers

Figure 4: Training loss curves for SLM and KLLM pretrained on 10B tokens. Both models con-
verge, and KLLM exhibits the characteristic higher entropy loss despite stronger downstream gen-
eralization.

mentions, leaving them as direct predictive cues. Together, these factors explain both the lower loss
values and the earlier stagnation of the non-anonymized baseline.

C TRANSFER FROM ANONYMIZED TO NATURAL TEST DATA

KLLMs are trained and evaluated primarily under anonymized inputs, reflecting their intended op-
erating regime where entity-specific surface forms are removed during pretraining. A fundamental
question for practical deployment is whether the linguistic abstractions learned under anonymized
supervision transfer robustly to natural (de-anonymized) test inputs. To directly assess this, we
evaluate the same KLLM model under open-book conditions on both anonymized and natural
versions of the test sets.

We focus on reasoning- and factuality-oriented benchmarks that require multi-hop, causal,
or evidence-based reasoning: FEVER, CommonsenseQA (CSQA), StrategyQA, PIQA, and
HaluBench.

C.1 OPEN-BOOK QA: ANONYMIZED VS. NATURAL INPUTS (KLLM ONLY)

Table 9 reports KLLM performance under open-book evaluation on anonymized test inputs and on
their corresponding de-anonymized natural counterparts.
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Task KLLM (Anonymized) KLLM (Natural)

FEVER 93.8 89.6
CSQA 69.2 70.5
StrategyQA 61.4 60.4
PIQA 81.6 79.9
HaluBench 54.7 54.9

Table 9: KLLM performance under open-book evaluation on anonymized versus natural (de-
anonymized) inputs.

Model Variant Factual QA Commonsense Closed-Book

SLM (from scratch) 43.1 55.6 34.1
KLLM (from scratch) 48.1 60.8 2.9
SLM → KLLM (cont.) 46.8 58.9 28.5
KLLM (no inference anonymization) 89.6 70.3 2.9

Table 10: Ablation Results. Effects of continued pretraining and inference-time anonymization.
Factual QA is averaged over LAMA, SQuAD, NQ, and FEVER; Commonsense over Common-
senseQA, StrategyQA, and PIQA; Closed-book over LAMA and SQuAD.

C.2 STRUCTURAL TRANSFER ANALYSIS

Across all benchmarks, KLLM exhibits stable performance under de-anonymization, with only
minor variations between anonymized and natural inputs. For knowledge-intensive verification
(FEVER), performance decreases moderately (93.8 → 89.6), while for commonsense reasoning
(CSQA) performance slightly increases (69.2 → 70.5). StrategyQA and PIQA show similarly small
shifts, and HaluBench remains effectively unchanged.

These trends indicate that KLLM does not depend on surface-level entity placeholders for reasoning.
Instead, its behavior is governed by structural, relational, and semantic representations that
transfer robustly to real-world text. This confirms that anonymization-based pretraining does not
introduce brittle reliance on artificial symbols and remains fully compatible with natural language
inputs at inference time.

D ABLATION STUDIES

Continued Pretraining. We evaluate whether the KLLM objective is effective only when training
from scratch or also when applied on top of a standard pretrained model. To this end, we initial-
ize from an SLM checkpoint and continue training under the KLLM anonymization objective. As
shown in Table 10, continued pretraining improves contextual factual QA from 43.1 to 46.8 and
commonsense reasoning from 55.6 to 58.9 relative to the SLM initialization. At the same time,
closed-book accuracy drops from 34.1 to 28.5, indicating partial suppression of parametric factual
recall even without full retraining from scratch. Crucially, full training under the KLLM objec-
tive further reduces closed-book accuracy to 2.9, confirming that parametric factual knowledge is
maximally suppressed only when anonymization is applied throughout pretraining.

Inference-Time Anonymization. We also ablate the effect of removing anonymization at infer-
ence by evaluating KLLM on the de-anonymized (natural) test inputs. As shown in Table 10, factual
QA on FEVER drops from 93.8 to 89.6 (–4.2 points), while the average commonsense score over
CSQA, StrategyQA, and PIQA decreases slightly from 70.7 to 70.3. This modest degradation indi-
cates that matching the train-time and test-time input distributions still benefits KLLMs, as test-time
de-anonymization reintroduces surface-level entity forms that can re-activate weaker parametric pri-
ors and slightly misalign the model with the provided context.

Anonymization Robustness: Masking Ratio. We evaluate the sensitivity of KLLMs to the
strength of anonymization by varying the fraction p ∈ {0.5, 0.75, 1.0} of NER-identified entity
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Anonymization Regime Factual QA Commonsense Closed-Book

SLM (no anonymization, p = 0.0) 43.1 55.6 34.1
KLLM (p = 0.5) 44.5 55.9 20.9
KLLM (p = 0.75) 47.3 58.4 9.0
KLLM (full anonymization, p = 1.0) 48.1 60.8 2.9

Table 11: Anonymization-strength ablation. Impact of varying the fraction p of NER-identified
entity mentions that are anonymized during pretraining (SmolLM-1.7B, 2.5B tokens). Factual QA
is averaged over LAMA, SQuAD, NQ, and FEVER; Commonsense over CommonsenseQA, Strate-
gyQA, and PIQA; Closed-book over LAMA and SQuAD.

mentions that are replaced with placeholders during pretraining, while keeping the SmolLM-1.7B
architecture and all optimization settings fixed.

Table 11 shows a clear monotonic trade-off as p increases. Relative to the non-anonymized SLM
(p = 0.0), partial anonymization already yields modest gains in contextual reasoning (Factual QA:
43.1 → 44.5 → 47.3) while substantially reducing closed-book accuracy (34.1 → 20.9 → 9.0).
Full anonymization (p = 1.0) further improves both factual QA (48.1) and commonsense reasoning
(60.8), while driving closed-book performance down to near-random levels (2.9). These results
indicate that increasing the anonymization ratio progressively suppresses parametric knowledge,
with full anonymization providing the strongest separation between contextual reasoning ability and
memorized facts.

Qualitative SLM–KLLM Comparisons. To provide a more concrete view of how KLLMs differ
from standard language models in their reasoning behavior, we include a small set of qualitative
examples drawn from FEVER, CommonsenseQA, StrategyQA, and HaluBench. In each case, the
model is evaluated in the open-book setting with access to the relevant context.
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Dataset Input (Natural vs. Anonymized;
abridged)

SLM Output KLLM Output

FEVER Natural: “Taylor Swift wrote a song about
artificial intelligence.”
Anonymized: “PERSON46..7 wrote a song
about artificial intelligence.”
Evidence: No Wikipedia sentence directly
supports or refutes this claim.

False Not Enough In-
formation

Natural: “The actor who played Jack in Ti-
tanic was born in Los Angeles.”
Anonymized: “The actor who played Jack
in Titanic was born in GPE86..1.”
Evidence: ”Jack Dawson was portrayed by
Leonardo DiCaprio.” (”PERSON28..6 was
portrayed by PERSON44..2.”),
”Leonardo DiCaprio was born in Los Ange-
les, California.” (”PERSON44..2 was born
in GPE86..1”)

Not Enough In-
formation

True

Commonsense
QA

Natural: “How do you show that you are
agreeing with someone?”
Anonymized: “How do you show that you
are agreeing with someone?”

Handshake Nodding

StrategyQA Natural: “Would a microwave heat up a
brick faster than a glass of water?”
Anonymized: “Would a PRODUCT19..5
heat up a brick faster than a glass of water?”

Yes (69%) No (61%)

HaluBench Natural: “Who was the president of the
United States during the Great San Fran-
cisco Earthquake of 1925?”, ”The president
at the time was Calvin Coolidge.”
Anonymized: “Who was the president of
the GPE13..1 during the EVENT19..5 of
1925?”, ”The president at the time was
PERSON86..1.”
Evidence: ”The Great San Francisco
Earthquake occurred in 1906, not 1925.”
(”EVENT19..5 occurred in 1906, not
1925.”),
”There was no major San Francisco
earthquake in 1925.” (”There was no
EVENT19..5 in 1925.”)
”Calvin Coolidge was president from
1923–1929, but not during the 1906 earth-
quake.” (”PERSON86..1 was president
from 1923–1929, but not during the 1906
earthquake.”)

Hallucinated Hallucinated

Table 12: Qualitative comparison of SLM and KLLM predictions under open-book evaluation. Each
example corresponds to the same underlying dataset instance, shown in both its original natural form
(used for SLM evaluation) and its anonymized form (used for KLLM evaluation). The examples
highlight failure modes of standard models such as hallucination and over-reliance on parametric
priors, versus stronger evidence grounding and calibrated abstention in KLLMs.

21


	Introduction
	Knowledgeless Language Modelling
	Corpus Anonymization
	Pretraining Procedure

	Experiments
	Results
	Tasks Not Requiring Entity Knowledge
	Factual Reading Comprehension
	Commonsense Reasoning
	Closed-Book QA
	Calibration and Factuality
	Scaling to 10B Tokens

	Related Work
	Conclusion
	Appendix: Anonymization Details
	Appendix: Pretraining Loss
	Transfer from Anonymized to Natural Test Data
	Ablation Studies

