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Abstract

Large Language Models (LLMs) are impact-
ful yet opaque artifacts. Subsymbolic by de-
sign, they are defined by billions of numeric
weights that interact in a largely inscrutable
manner. Current analysis paradigms are either
black-box benchmarks that test model perfor-
mance on pre-defined tasks, or mechanistic in-
terpretability approaches that trace back out-
puts to specific weights. Both analysis methods
are limited by the experimenter’s hypothesis
space - one must know what to look for to find
it. In this article, we argue for a third, radi-
cally different analysis paradigm: Epistemic
Twins. We propose constructing large-scale
symbolic approximations of LLMs in human-
readable formats. This enables the comprehen-
sive inspection of factual knowledge (or be-
liefs) inherent in the model without predefining
hypotheses, facilitating large-scale auditing to-
wards better understanding and explainability.

1 Introduction

LLMs have transformed machine intelligence, and
serve as the cornerstone of the current wave of
artificial intelligence. Despite their impact, our
understanding of their functioning and capabili-
ties remains vague. The public discourse is often
driven by hyped marketing language, with only a
weak grounding in rigorous statistical or theoreti-
cal analyses of LLM knowledge and functioning.
Consequently, there is a significant barrier to LLM
deployment in safety-critical applications.

Currently, two paradigms dominate the analysis
of LLMs (see Fig. 1):

1. Black-box benchmarks: This approach ig-
nores the internal functioning of LLMs and
focuses on its input-output-behavior in test
cases, often prompting it with thousands of
them to assess specific capabilities (Ribeiro
et al., 2020; Chang et al., 2024). While most
common, this paradigm is inherently limited
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Figure 1: Three paradigms for analyzing LLMs. Bench-
marks operate at reasonable scale, but do not enable
factual tracing nor are hypothesis-free. Circuit tracing
enables tracing, but is hard to scale, and requires narrow
hypotheses. We propose Epistemic Twins as novel anal-
ysis paradigm.

by the coverage of the benchmarks (“avail-
ability bias” (Tversky and Kahneman, 1973));
it cannot reveal behaviors or knowledge not
anticipated by the benchmark designers (Raji
et al., 2021; Bean and others, 2025).

2. Circuit tracing (mechanistic interpretability):
This approach attempts to open the black box,
tracing responses back to individual circuits
and neurons to establish causal links (Rai
et al., 2024). While this enables real explain-
ability, it is computationally expensive and
fragile to distribution shifts, with possibly par-
allel explanations for a single task, and offers
little insight into the global knowledge state
of the model (Méloux et al., 2025; Sharkey
et al., 2025; Somvanshi et al., 2026).
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In light of these limitations, we advocate for a third,
complementary and novel paradigm: Epistemic
Twins. An epistemic twin is a symbolic, compre-
hensive and comprehensible model of the factual
knowledge stored within an LLM, stored in a clas-
sical relational or RDF database/knowledge base.

If this epistemic twin is sufficiently faithful to
its parametric LLM, i.e., approximates its knowl-
edge well, then LLM providers and users can then
answer questions about the epistemic state of the
LLM by established database technology over the
twin. Epistemic twins offer four opportunities:

1. Scaling: They can offer insights about a sam-
ple of unprecedented size, or even the entirety
of an LLM’s knowledge, containing millions
of entities and hundreds of million of asser-
tions, where even large benchmarks only op-
erate at the scale of a few tens of thousands of
instances.

2. Factual tracing: They enable to trace LLM
responses to factual prompts to specific state-
ments within (or not represented in) the epis-
temic twin. This way, LLM behavior can be
explained by its knowledge state.

3. No weight access needed: Unlike mechanis-
tic interpretability, which requires access to
an LLM’s weights, epistemic twins can be
constructed even for API-only models (see
Sec. 3).

4. Hypothesis-free: They are hypothesis-free
human-readable representations of the LLMs
knowledge, i.e., they do not underlie the cogni-
tive availability bias (Tversky and Kahneman,
1973) that benchmarks and circuit tracing face,
where the experiment designers predisposi-
tion crucially limits the possible experiment
results.1

In this article, we present both the idea of epistemic
twins, as well as a call to action. We argue that for
auditability, it should become a standard that akin
to other documentation in model cards (Mitchell
et al., 2019), model providers release epistemic
twins along with newly released LLMs. We pro-
ceed by introducing the concept of epistemic twins
(Section 2), their construction (Section 3), formal

1Of course, any individual analysis conducted on top of an
epistemic twin still require a hypothesis, therefore, we used
the symbol (✓) in Fig. 1.

approaches to estimate approximation quality (Sec-
tion 4), and exemplar analyses enabled by symbolic
twins (Section 5). We conclude with a perspective
on cost and a call for action (Section 7).

2 What is an Epistemic Twin?

The central premise of our case relies on two ob-
servations.

1. Translating subsymbolic knowledge into
symbolic form: LLM knowledge is by de-
fault subsymbolic and numeric: When one
downloads a model, all one gets are billions of
real-valued weights, with no apparent mean-
ing or interpretation. To be truly auditable,
this subsymbolic form must be translated into
a human-readable, symbolic form.

2. Comprehensive knowledge mapping: Cur-
rent assessment by benchmarks is sample-
based, and hence strongly subject to exper-
imenter bias. An epistemic twin aims to ex-
tract the entirety of the LLM’s factual knowl-
edge, thereby enabling serendipitous discov-
eries and statistical analyses over the whole
underlying knowledge base.

A epistemic twin manifests as a database or knowl-
edge base (KB) (Weikum et al., 2021), which pro-
vides both a human-readable data format, and a
format readily accessible to statistical analysis via
SQL or SPARQL queries.

The reader may wonder how epistemic twins dif-
fers from simply releasing an LLM’s training cor-
pus, as available, e.g., for the OLMo series (Groen-
eveld et al., 2024; Ettinger et al., 2025). We em-
phasize that training corpora serve the purpose of
pipeline reproducibility, not explainability. Know-
ing that a fact existed in the training data does
not guarantee the LLM learned it (Kandpal et al.,
2023), nor does it reveal the hallucinations, false in-
ferences, or conflations the model generated during
training. An epistemic twin represents the model’s
actual final post-training state, not its pre-training
input.

3 How to Construct Epistemic Twins

Locating and isolating knowledge in LLMs from
other capabilities has been advocated by vari-
ous works (Geva et al., 2021; Meng et al., 2022;
Mahowald et al., 2024). Large-scale extraction
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and transformation of LLM knowledge into sym-
bolic form is an emerging field, yet promising ap-
proaches already exist. Cohen et al. (2023) intro-
duced LMCrawl, a recursive prompt pipeline for
extracting the internalized knowledge graph by a
breadth-first search (BFS). This method was scaled
by Hu et al. (2025) as the GPTKB methodology,
to enable the concurrent extraction of millions of
entities and statements. The process can be formal-
ized as a graph traversal algorithm over the latent
knowledge graph inside the LLM:

1. Seed Initialization: The process begins with
a set of seed entities (e.g., a list of popular
head entities).

2. Recursive Expansion: The system prompts
the LLM to generate statements associated
with the current entities.

3. Traversal: Named entities within the gener-
ated statements become new subject nodes for
the next iteration.

4. Termination: The recursion continues until a
stopping criterion is met, such as graph depth,
a compute budget, or a confidence threshold
(e.g., when the average confidence of newly
discovered facts drops below 90%).

The exact choice of formalism for statements is im-
portant. Knowledge bases typically rely on subject-
predicate-object triples, though these have limita-
tions in terms of expressivity, which in turn affects
the faithfulness of the twinning. The formalism
choice requires a balance between structure and
expressivity, and this is an open challenge of the
epistemic twin concept.

Epistemic twins can be constructed open-
domain, or restricted to a specific topic. In the
open-domain, the GPTKB series presents the most
mature prototypes, with GPTKB 1 (Hu et al., 2025),
GPTKB 1.5 (Hu et al., 2026a) and GPTKB 2.0
(Hu et al., 2026b) constructing epistemic twins for
GPT-4o-mini, GPT-4.1, and GPT-5.1, respectively.
These KBs reach scales of 2-6M entities and 40-
100M statements each. For topic-specific extrac-
tions, Giordano and Razniewski (2026) showed
how the GPTKB methodology can be restricted in
scope, and constructed babylonGPTKB, tBBTGP-
TKB and dax40GPTKB, comprising 13k, 1k and 2k
statements, respectively, extracted from GPT-4.1-
mini.

Similar methodologies exist, for instance, non-
recursive list-based extraction schemes (Hao et al.,
2023; Parović et al., 2025), taxonomic knowledge
(Funk et al., 2023; Zeng et al., 2024), or a text-
oriented adaptation that has already extracted 1M
Wikipedia-style articles (Saeed and Razniewski,
2026). The underlying codes are publicly released,
and can be deployed against public as well as pri-
vate LLM endpoints, hence, we expect a prolifer-
ation of similar knowledge extractions in the near
future.

4 How Can we Guarantee Twinning
Faithfulness?

For epistemic twins to be useful, one must be able
to assess their twinning faithfulness, i.e., the degree
to which they truly reflect the parametric knowl-
edge inside the modeled LLM. We propose three
key dimensions of twinning faithfulness:

1. Twinning accuracy (precision): The fraction
of assertions in the epistemic twin that are
actually beliefs held by the twinned LLM.2

2. Twinning coverage (recall): The fraction of
(factual) beliefs of the LLM that are contained
in the epistemic twin.

3. Twin determinism (reproducibility): The de-
gree to which twin construction is a repro-
ducible process.

The perfect twin would be 100% accurate, cover all
of the twinned LLM’s knowledge, and be unique.
However, as LLMs are probabilistic constructs, per-
fect twinning is not possible. We propose the fol-
lowing approaches to measure twinning faithful-
ness:

1. For twinning accuracy, for a given s-p-o triple
in the twin, one can simply prompt the LLM
with s and p (and some paraphrases), and
observe whether o is indeed returned by the
LLM. For example, for GPTKB 1.5, this way,
we observe a twinning accuracy of 74%.

2. For twinning coverage, one can use abundance
estimators from ecology on random walks

2Note that Twinning accuracy should not be mixed up
with the Twin’s factual accuracy. For example, GPTKB 1.0
is reported to have a factual accuracy of 31%, i.e., 31% of
its statements are true w.r.t. the real-world, but its twinning
accuracy relative to GPT-4o-mini is far higher, at around 60%.
The converse, i.e., a high factual accuracy, but low Twinning
accuracy, is also possible.
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Analysis Method Example from GPT-4.1 twin (GPTKB 1.5)

Topical coverage Count relevant entities GPT-4.1 knows more than 1M persons and more than 100k companies.

Gender bias Count gender identity
facts

GPT-4.1 has a positive bias towards females (1.16:1); however, this
strongly flips outside English-language nationalities.

Sensitive content Search for sensitive
attributes

GPT-4.1 stores virtually no private phone numbers and addresses, but
thousands of statements about ethnic, religious, and sexual identities.

Logical consistency Check satisfaction of
logical rules

GPT-4.1’s knowledge is highly inconsistent: only 15% of
border-relation facts are present in both directions.

Knowledge cutoff Observe latest dates GPT-4.1’s knowledge cutoff is mid-2024.

Table 1: Examples of analyses enabled by epistemic twins. Taken from (Ghosh et al., 2025).

over the model’s knowledge graph (Luggen
et al., 2019), or BFS property extrapolation
(Kurant et al., 2011), to predict the fraction of
all factual knowledge covered within the epis-
temic twin. For example, for GPTKB 1.5, by
BFS run extrapolation, we estimate a coverage
of 42% of all named entities within GPT-4.1.

3. For twin determinism, one can use repeated
runs of the twin construction process with
different seed nodes or random seeds, and
observe the overlap in the resulting twins.
For example, based on repeated runs of the
construction process for babylonGPTKB, it
was observed that repeated runs overlap in
roughly two thirds of their named entities,
even from different starting entities (Giordano
and Razniewski, 2026). This indicates that de-
spite some variability, beliefs remains largely
consistent across extraction runs.

Of course, the faithfulness dimensions and metrics
proposed above are only a start. Future research
will extend and refine the methods for defining and
measuring twinning faithfulness.

5 What Analyses Are Enabled by
Epistemic Twins?

The existence of multiple and faithful epistemic
twins, as imagined in Figure 2 can transform LLM
research and certification. It enables:

1. Quantification of Knowledge: We can
complement estimates via parameter counts
(Allen-Zhu and Li, 2024) with estimates based
on counting actual “knowledge units” (facts).
This allows us to compare models based on in-
formation density. For example, based on BFS
extrapolation, the GPT-4.1 epistemic twin GP-

Figure 2: The envisioned twins enable the quantitative
and qualitative comparisons of LLM’s factual knowl-
edge.

TKB 1.5 can be used to predict that GPT-4.1
knows a total of around 15 M named entities.

2. Global Accuracy Estimation: By evaluating
the epistemic twin against reference sources,
we can calculate global accuracy scores that
are not overfitted to specific benchmark test
sets. For example, (Hu et al., 2026a) observe
a global accuracy of 76% of the GPT-4.1 twin
GPTKB 1.5, well below the numbers reported
in typical factuality benchmarks.

3. Bias and Topic Auditing: An epistemic twin
allows for topic modeling over the model’s
beliefs. We can visualize the distribution of
knowledge (e.g., Western vs. Non-Western
history) and detect systemic biases (e.g., gen-
der associations in professional roles) by
querying the database rather than probing the
model stochastically. More specific examples
are given in Table 1.

Such analyses can benefit three types of stakehold-
ers. For users, this aids in model selection. For
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providers, it offers a transparency mechanism for
accountability. For regulators, it provides a tangi-
ble artifact to evaluate compliance without needing
access to weights or training data.

6 Challenges and Research Opportunities

Realizing epistemic twins as a practical auditing
instrument raises several open challenges:

1. What are we twinning? Whether LLMs
can be described as having beliefs remains
contested (Bender et al., 2021; Herrmann
and Levinstein, 2025). Recent work argues
that belief-like representations can be studied
under explicit adequacy criteria (Herrmann
and Levinstein, 2025), and mechanistic ev-
idence supports the existence of belief-like
internal states (Mendozza and Søgaard, 2026).
Still, the question remains unsettled. Prag-
matic evidence suggests that factual knowl-
edge may be encoded in task-specific ways
(Elhelo et al., 2026), or that models can inter-
nally encode information that is not faithfully
reflected in their surface outputs (Orgad et al.,
2025; Gekhman et al., 2025). The concept
of twinned knowledge therefore needs further
refinement.

2. Representation and faithfulness. LLMs pos-
sess many capabilities beyond factual knowl-
edge, e.g., translation, planning, or creative
generation. Our focus is factual knowledge,
but even this narrower target inherits the clas-
sical difficulties of knowledge representation:
all models are wrong (lossy), and a careful
balancing between expressivity and structure
needs to guide the actual representation.

3. Cost and scale. Constructing epistemic twins
is resource-intensive. For example, GPTKB
1.5, a 100-million-triple prototype derived
from GPT-4.1, cost approximately $14,000
in API calls (Hu et al., 2026a). Higher-fidelity
twins may plausibly cost hundreds of thou-
sands of dollars, especially if they require re-
peated runs or robustness analyses.

7 Call for Action

The challenges are substantial, and the costs are
nontrivial. Yet they still pale relative to the costs
spent for training frontier models. The Stanford AI
Index estimates the compute cost of training GPT-4

at $78 million and Gemini Ultra at $191 million
(AI Index Steering Committee, 2024); a $100,000
epistemic twin would therefore correspond to just
0.1% of the training costs. Furthermore, the in-
vestment can start small. Topic-specific twins can
be constructed at single-digit-dollar budgets (Gior-
dano and Razniewski, 2026).

Epistemic twins offer a complementary path to-
ward model accountability. Benchmarks measure
performance on predefined tasks, and mechanis-
tic interpretability studies internal computations,
but neither by itself provides a broad, queryable,
model-specific map of factual knowledge. Epis-
temic twins could fill this gap by making model
knowledge inspectable, comparable, and auditable
at scale. In this sense, they extend the logic of
model cards (Mitchell et al., 2019): not only re-
porting how a model performs, but exposing what
it appears to know under a transparent extraction
protocol.

We therefore call for a community effort around
epistemic twins: more and better construction
methods, more validation of faithfulness, and pub-
lic twin artifacts for important model families. If
we want to understand model knowledge at scale
and with less experimenter bias than fixed-question
benchmarks allow, epistemic twins are a timely and
concrete next step.

Limitations

Factual knowledge focus Our concept of epis-
temic twins currently focuses strictly on declara-
tive, factual knowledge. LLMs also possess other
knowledge, e.g., procedural knowledge on how to
code or multiply, or linguistic knowledge on how to
rhyme or argue. These non-factual capabilities are
not currently captured by the fact-oriented knowl-
edge graph structure proposed here.

Probabilistic-to-boolean LLMs are inherently
probabilistic, while knowledge bases by default rep-
resent knowledge in Boolean form (true/false), and
the epistemic twins constructed so far follow this
representation. A translation from probabilities to a
Boolean format necessarily leads to some informa-
tion loss. It is in principle possible to expand rep-
resentation to a probabilistic format, though prob-
abilistic databases are much less established, and
the translation of LLM-internal token likelihoods
into truth probabilities is a nontrivial task as well
(Jiang et al., 2020).
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Garriga-Alonso, Arthur Conmy, Neel Nanda, Jes-
sica Mary Rumbelow, Martin Wattenberg, Nandi
Schoots, Joseph Miller, William Saunders, and 10
others. 2025. Open problems in mechanistic inter-
pretability. Transactions on Machine Learning Re-
search.

Shriyank Somvanshi, Md Monzurul Islam, Amir Rafe,
Anannya Ghosh Tusti, Arka Chakraborty, Anika Bait-
ullah, Tausif Islam Chowdhury, Nawaf Alnawmasi,
Anandi Dutta, and Subasish Das. 2026. Bridging the
black box: A survey on mechanistic interpretability
in ai. ACM Comput. Surv., 58(8).

Amos Tversky and Daniel Kahneman. 1973. Availabil-
ity: A heuristic for judging frequency and probability.
Cognitive Psychology, 5(2).

Gerhard Weikum, Xin Luna Dong, Simon Razniewski,
and Fabian Suchanek. 2021. Machine knowledge:
Creation and curation of comprehensive knowledge
bases. Foundations and Trends in Databases, 10.

Qingkai Zeng, Yuyang Bai, Zhaoxuan Tan, Shangbin
Feng, Zhenwen Liang, Zhihan Zhang, and Meng
Jiang. 2024. Chain-of-layer: Iteratively prompting
large language models for taxonomy induction from
limited examples. In CIKM.

7

https://doi.org/10.18653/v1/2025.findings-acl.602
https://doi.org/10.18653/v1/2025.findings-acl.602
https://doi.org/10.18653/v1/2025.findings-acl.602
https://arxiv.org/abs/2407.02646
https://arxiv.org/abs/2407.02646
https://arxiv.org/abs/2407.02646
https://openreview.net/forum?id=j6NxpQbREA1
https://openreview.net/forum?id=j6NxpQbREA1
https://doi.org/10.18653/v1/2020.acl-main.442
https://doi.org/10.18653/v1/2020.acl-main.442
https://doi.org/10.48550/arXiv.2603.24080
https://doi.org/10.48550/arXiv.2603.24080
https://doi.org/10.48550/arXiv.2603.24080
https://openreview.net/forum?id=91H76m9Z94
https://openreview.net/forum?id=91H76m9Z94
https://doi.org/10.1145/3787104
https://doi.org/10.1145/3787104
https://doi.org/10.1145/3787104
https://doi.org/10.1016/0010-0285(73)90033-9
https://doi.org/10.1016/0010-0285(73)90033-9
https://doi.org/10.1561/1900000064
https://doi.org/10.1561/1900000064
https://doi.org/10.1561/1900000064
https://doi.org/10.1145/3627673.3679608
https://doi.org/10.1145/3627673.3679608
https://doi.org/10.1145/3627673.3679608

