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Abstract
There are two ways an LLM can learn statistical and causal knowledge during training: either by
explicit statements about the causal scenario in the training corpus (e.g., “the probability of de-
veloping lung cancer is 20% if one has smoked for at least 10 years”, “X and Y are independent
conditioned on Z”, “X is a cause of Y” etc.) or by implicit presentations of the same information
via tabular data from surveys or scenario descriptions. In this paper, we probe whether the LLM
internally unifies these two sources of information. To this end, we test whether fine-tuning LLMs
on implicit presentations of statistical knowledge influences the LLM’s answers when explicitly
prompted for such knowledge. By creating in-context learning tasks where both explicit and im-
plicit statistical information are present, we also test whether language models can unify these
two modes during inference. Experiments suggest that larger language models have some shared
method of storing these two sources of information, whereas smaller language models seem to be
less capable of unifying these sources.
Keywords: large language models, knowledge alignment, explicit and implicit knowledge

1. Introduction

Large language models (LLMs) have become a part of our everyday life (Choi et al., 2024; Haque
and Li, 2025) and their impact on several domains has been well documented (for example, nuclear
medicine (Alberts et al., 2023), politics (Ryan et al., 2024) and industry (Maatouk et al., 2024)). In
machine learning, papers on using and adapting LLMs have also seen a remarkable rise (Lu et al.,
2022; Maini et al., 2024; Snell et al., 2025). They thus increasingly serve as general-purpose reason-
ing systems, capable of synthesizing information (Tao et al., 2025), generating explanations (Gat
et al., 2024; Zhao et al., 2024), and offering guidance across scientific, technical, and social do-
mains (Ge et al., 2023; Zhang et al., 2025).

Despite their growing capabilities, these models often struggle to reliably communicate what
they implicitly “know”. This issue is especially exacerbated in cases where causal reasoning is
required, as LLMs have been shown to memorize (causal) information and then provide answers
based on these memorized facts rather than by performing explicit reasoning (Zečević et al., 2024;
Chi et al., 2024). On the contrary, some recent research has shown promise in this direction (Jin
et al., 2023; Kiciman et al., 2023; Yu et al., 2025) and indicates that LLMs are capable of causal
reasoning under some strict assumptions.

LLMs can acquire their knowledge during training in two primary ways. First, such knowledge
may be encoded explicitly in the training corpus, for example, through direct statements of statistical
and causal relationships and formal explanations (Yildirim and Paul, 2024). Second, the same
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Figure 1: Causal Calibration. Pipeline of the experiments to determine the effect of scale on the
explicit and implicit knowledge alignment of LLMs.

information can be provided in the form of tabular data that is sampled from the underlying domain
distribution (Dong and Wang, 2024). This leads to the following critical questions:

1. How do the LLMs actually learn the relationships between domain variables?

2. Does the scale of the LLM matter for learning these relationships?

We propose the Causal Calibration property to answer the above set of questions. Causal cali-
bration investigates how LLM scale influences the interpolation and internal representation of statis-
tical information, with a focus on causally relevant patterns. This amounts to empirically ascertain-
ing whether the LLMs learn the relationships between domain variables from explicit knowledge
(statements regarding the data-generating process) or implicit knowledge (data generated from the
process) by conducting two sets of experiments, namely fine-tuning and in-context learning. See
Figure 1 for a detailed pipeline. In the first set of experiments, we fine-tune the LLM on implicit
knowledge and test it with explicit knowledge, and in the second set of experiments, we create
in-context learning tasks with both modes of information present in few-shot samples at inference.

By systematically probing models across a range of sizes within controlled statistical environ-
ments, we aim to clarify when and how LLMs begin to unify these two sources of knowledge.
Causal calibration demonstrates the effect of the scale of the utilized LLMs on unifying these two
sources of knowledge, as larger LLMs seem to be more capable of using a joint representation of
the available sources of information, i.e., implicit and explicit.

We proceed as follows: first, we introduce the concept of causal calibration before highlighting
our extensive empirical evaluation to demonstrate the effect of LLM scale on the extent of causal
calibration. We then touch upon the related work before concluding.

2. Causal Calibration: Explicit vs. Implicit Knowledge

We differentiate between explicit and implicit statistical information about a data-generating process
that may both be present in the training corpus. By explicit information, we mean declarative
statements that directly describe properties of the data-generating process, such as “A causes B,”
“If A holds, then B holds with probability 60%,” or “A is independent of B given C.” By contrast,
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Figure 2: LLM training with Explicit and Implicit information

implicit statistical information consists of data or narratives generated by the process itself, for
example, in the form of tabular datasets or scenario descriptions.

To illustrate, during training, an LLM may encounter an explicit statement such as “A person
who has smoked at least one pack per day for ten years has a 20% chance of developing lung cancer.”
At the same time, it may also be exposed to implicit evidence, such as survey tables relating smoking
habits to health outcomes or numerous textual accounts describing individuals who did or did not
smoke and who did or did not develop lung cancer.

Crucially, these two sources of information differ not only in their perceived forms but also in
the inferential demands they place on the model. Explicit statements provide direct access to as-
pects of the underlying data-generating process, often compressing the underlying causal structure
into a single declarative sentence. Implicit information, by contrast, requires the model to infer
such structure indirectly by aggregating patterns across many observations and contexts. Learn-
ing from implicit information, therefore, entails a form of statistical abstraction where the model
must internally estimate potential (causal) relations without being explicitly told that such relations
exist. Whether language models successfully unify these two sources of information into a coher-
ent internal representation is not obvious; we refer to this property as causal calibration. In the
lung cancer example, this would correspond to whether a model merely reproduces the learned risk
when prompted, or whether it can infer comparable risk estimates from the tabular evidence alone
(see Figure 2). Furthermore, the question is whether it can resolve inconsistencies between the
two when they arise. Understanding how the LLM scale modulates this balance informs whether
increasing model capacity leads to more coherent internal representations of data-generating pro-
cesses or merely to improved memorization of statistical facts.

Causal calibration requires more than accurate marginal or conditional predictions; it necessi-
tates consistency between a model’s implicit statistical beliefs and its explicit verbalized judgments.
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A model may, for instance, correctly predict outcomes sampled from a data-generating process
while simultaneously endorsing incorrect causal statements about that same process. Such discrep-
ancies suggest that high prediction results are insufficient evidence of structured causal understand-
ing. Instead, causal calibration demands alignment between what the model does and what it says
when queried about causal, probabilistic, or independence relations. This alignment is particularly
challenging for LLMs, whose training objective optimizes next-token prediction rather than explicit
causal inference, and whose internal representations may therefore encode statistical regularities in
a form that is not trivially accessible for performing reasoning.

Model scale plays a central role in determining whether such alignment emerges. Increasing
scale may enable richer internal abstractions that support both interpolation from implicit data and
reconciliation with explicit statements, but it may also amplify spurious correlations or overconfi-
dent generalizations if calibration does not occur proportionately. To clarify, we conduct two sets
of experiments:

1. We fine-tune LLMs on implicit data generated by a structural causal model (SCM) with two to
four variables, and subsequently prompt them to explicitly reason about conditional probabil-
ities, independence relations, and causal directions. We thus tackle the following questions:
If we only fine-tune on implicit information regarding synthetic variables that the LLM has
no prior knowledge about, can the LLM explicitly reason about that information? Can we
modify an LLM’s stance on whether random variables are independent by feeding it statis-
tical data? Can implicit statistical data update an LLM’s stance on whether a causal effect
between two variables exists?

2. We construct in-context learning tasks in which the model is shown samples generated by an
SCM with two variables A and B, and is asked to predict B given a value of A. Optionally,
we prefix the prompt with an explicit statement describing the relationship between A and B.
We then examine how this explicit information influences the model’s predictions.

After postulating our questions, we are now ready to present our set of experiments, which can
demonstrate the effect of LLM scale on causal calibration.

3. Experiments

To investigate how language model scale influences causal calibration, we design a set of controlled
experiments that disentangle the roles of implicit statistical evidence and explicit causal statements.

3.1. Fine-tuning Experiments

We first present fine-tuning experiments in which an LLM is trained on implicit data generated by a
structural causal model (SCM) with two to four binary variables, and is then prompted to explicitly
reason about conditional probabilities, independence relations, and causal directions. Specifically,
implicit data in this context refers to samples generated from a probability distribution present in
the training data. The training data consist of prompts formatted as conditional prediction queries,
such as: “Given that A is True, predict whether B is True. Answer only with True or False!”. 1 For

1. To avoid semantic priors and help the model treat variables as abstract symbols, the variable names A, B, and C are
replaced by randomly generated 4-5 letter words (e.g., Ajkl, Bsdlf, Yont) in all experiments.
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each experiment, the training set contains samples drawn i.i.d. from the underlying data-generating
process.

We evaluate the following models: Qwen2.5-1.5B-Instruct (Qwen et al., 2025), Gemma-2-9b
& 27b-it (Team et al., 2024), Qwen3-32B (Yang et al., 2025), Meta-Llama-3-8B & 70B-Instruct
(Grattafiori et al., 2024), and GPT-4.1 (OpenAI, 2025). 2 GPT-4.1 is accessed via the OpenAI
API, while all other models are fine-tuned using LoRA adapters of rank 16 with 8-bit quantization.
Models are trained with a batch size of 16 and a learning rate of 1×10−5 with AdamW (Loshchilov
and Hutter, 2017) for 35 epochs; each dataset contains 400 samples. While including a broader
range of models in the experiments would be desirable, many models refuse to answer the prompts
included in the experiments, i.e., they decline to provide estimates of conditional probabilities or to
assess independence statements, often citing insufficient information to do so.

At inference time, we probe both implicit and explicit knowledge. To assess implicit knowledge,
we use the same binary prediction format as during training, for example: “Given that A is False,
predict whether B is True. Answer only with True or False!”. To assess explicit knowledge, we
prompt the model for probability estimates, e.g.: “Given that A is True, state the probability that B
is True. Answer only with the probability!”.

To extract estimates of P (B | A) from the model’s implicit responses, we inspect the logits
assigned to the tokens True and False and compute the normalized probability

P (B = True | A) =
plogit(True)

plogit(True) + plogit(False)
. (1)

For explicit probability prompts, we report the most frequently generated probability values
along with their empirical frequencies, derived from the logits. For example, reporting 0.5(43%), 1(21%)
indicates that the model outputs 0.5 in 43% of cases and 1 in 21% of cases.

In addition, we probe explicit judgments about independence and causal direction using prompts
such as: “Are random variables A and B independent? Answer only with Yes or No!” and “As-
suming causal sufficiency of variables A,B,C and faithfulness, does A have a causal effect on C?”.
We use the shorthand notation P (B | A) to denote P (B = True | A = False) and consider three
experimental configurations:

• Experiment 1 (Two variables). Two binary variables A and B with distribution

P (A) = 0.5, P (B|A) = 0.2, P (B|A) = 0.6

• Experiment 2 (Three variables). Three binary variables A, B, and C with mechanisms

P (A) = P (B) = 0.5,

P (C | A,B) = 0.8, P (C | A,B) = 0.6, P (C | A,B) = 0.4, P (C | A,B) = 0.2.

Assuming causal sufficiency and faithfulness, this construction enforces the causal structure
A → C and B → C, allowing us to test whether the model can infer causal directions solely
from implicit data. The prompts in the training set are divided equally between predicting B
conditioned on A and predicting C conditioned on A and B.

2. specifically the gpt-4.1-2025-04-14 snapshot.
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P (B | A) = 0.2 P (B | A) = 0.6

Model Implicit Explicit Implicit Explicit Independent?

Qwen2.5-1.5B-Instr. 0.14
0.5 (87%)
1 (11%) 0.53 0.5 (96%) No (100%)

Llama-3-8B-Instr. 0.15 0.5 (100%) 0.62 0.5 (99%) No (100%)

Gemma-2-9b-it 0.24
0.5 (85%)
1 (7.0%) 0.65

0.5 (85%)
1 (11%) Yes (86%)

Gemma-2-27b-it 0.22 0.5 (99%) 0.50
0.5 (60%)
0.2(32%) Yes (94%)

Qwen3-32B 0.086
0.5 (94%)
0 (5.9%) 0.70 0 (94%) No (100%)

Llama-3-70B-Instr. 0.31
0.5 (57%)
0.4 (14%) 0.68

0.5 (64%)
0.8 (11%) Yes (100%)

GPT-4.1 0.002 0 (83%) 0.97
0.75 (48%)
1 (20%) No (76%)

Table 1: Fine-tuning experiment including two binary variables A,B with probabilities
P (A) = 0.5, P (B|A) = 0.2, P (B|A) = 0.6 . Models are queried on conditional prob-
abilities P (B|A) both implicitly (by letting the model predict B) and by explicitly querying the
probability P (B|A) and on whether A and B are independent. Regarding explicit columns, 0.5
(43%) means the model returns 0.5, 43% of the time.

• Experiment 3 (Two variables). Two independent binary variables A and B with

P (A) = 0.5, P (B | A) = P (B | A) = P (B) = 0.8.

Experiments on three additional data-generating processes can be found in the appendix Sec-
tion A, one of which has four variables.

Results. The results for the three sets of experiments are shown in Table 1, Table 2, and Table 3,
respectively. From the implicit columns, we observe that while models often fail to exactly recover
the true underlying probabilities, they nonetheless capture the dominant statistical relationships in
the data. For instance, in Experiment 1, all models correctly learn that B is more likely to be true
when A is false than when A is true.

The explicit columns reveal that some models are capable of relating their explicitly stated con-
ditional probabilities to their implicit predictions and that this capability appears to depend on model
scale. For the two smallest models (Qwen2.5-1.5B-Instruct and Llama-3-8B-Instruct), the explicitly
stated probabilities seem largely unrelated to the implicitly learned probabilities. For the slightly
larger models (Gemma-2-9B-it, Gemma-2-27B-it, and Qwen3-32B), an emerging ability to relate
the two modes can be observed, although this alignment remains inconsistent. The larger mod-
els (Llama-3-70B-Instruct, and even more so GPT-4.1) exhibit a more consistent and closer align-
ment between implicit and explicit probability estimates. GPT-4.1 shows this alignment consistently
across all conditional probabilities. Llama-3-70B-Instruct also demonstrates consistent alignment,
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(a) Models are queried on conditional probabilities P (C|A,B).
P (C | A,B) = 0.8 P (C | A,B) = 0.6 P (C | A,B) = 0.4 P (C | A,B) = 0.2

Model Impl. Expl. Impl. Expl. Impl. Expl. Impl. Expl.

Qwen2.5-1.5B-Instr. 0.75 0.5 (100%) 0.73 0.5 (100%) 0.50 0.5 (99%) 0.27 0.5 (100%)

Llama-3-8B Instr. 0.59
0.5 (93%)
0.25 (5.8%)

0.59 0.5(100%) 0.41
0.5 (98%)
0.25 (1.2%)

0.29 0.5(100%)

Gemma-2-9b-it 0.64
0.6 (30%)
0.3 (18%)
0.8 (17%)

0.70
0.3 (61%)
0.6 (18%)

0.52
0.3 (54%)
0.6 (18%)

0.18
0.3 (33%)
0.2 (11%)

Gemma-2-27b-it 0.80
0.8 (94%)
0.6 (3.0%)

0.62 0.2 (96%) 0.41
0.2 (84%)
0.3 (7.8%)

0.13 0.2 (97%)

Qwen3-32B 0.83
0.5 (92%)
1 (8%)

0.82
0.6 (48%)
0.7 (45%)

0.7
0.8 (66%)
0.7 (34%)

0.09 0.5 (100%)

Llama-3-70B-Instr. 0.81
0.9 (97%)
0.7 (3%)

0.86
0.6 (28%)
0.9 (25%)
0.7 (23%)

0.54
0.7 (44%)
0.6 (37%)

0.18
0.5 (85%)
0.4 (8%)

GPT-4.1 0.73
1 (44%)
0.9 (24%)
0.8 (16%)

0.82
1 (32%)
0.8 (25%)
0.7 (17%)

0.56
0.7 (21%)
0.8 (21%)
0.6 (16%)

0.17
0 (42%)
0.2 (19%)
0.1 (13%)

(b) Models are queried on independence between variables.

Model A ⊥ B A ⊥ C B ⊥ C

Qwen2.5-1.5B-Instr. No (100%) No (100%) No (100%)

Llama-3-8B-Instr. No (100%) No (100%) No (100%)

Gemma-2-9b-it Yes (91%) Yes (91%) Yes (92%)

Gemma-2-27b-it Yes (75%) Yes (93%) No (65%)

Qwen3-32B No (100%) No (100%) No (100%)

Llama-3-70B-Instr. No (63%) No (63%) No (64%)

GPT-4.1 No (75%) No (71%) No (79%)

(c) Models are queried on causal directions.

Model A → B A → C B → A B → C C → A C → B

Qwen2.5-1.5B-Instr. No (100%) No (100%) No (100%) No (100%) No (100%) No (100%)

Llama-3-8B-Instr. No (100%) No (100%) No (100%) No (100%) No (100%) No (100%)

Gemma-2-9b-it Yes (74%) Yes (71%) Yes (75%) Yes (72%) Yes (62%) Yes (55%)

Gemma-2-27b-it No (98%) No (99%) No (97%) No (100%) No (98%) No (100%)

Qwen3-32B No (100%) No (100%) No (100%) No (100%) No (100%) No (100%)

Llama-3-70B-Instr. No (54%) No (65%) Yes (100%) No (88%) Yes (82%) No (74%)

GPT-4.1 No (89%) No (94%) No (96%) No (99%) No (97%) No (96%)

Table 2: Fine-tuning experiment including three binary variables A,B,C with probabil-
ities P (A) = P (B) = 0.5, P (C|A,B) = 0.8, P (C|A,B) = 0.6, P (C|A,B) =
0.4, P (C|A,B) = 0.2 . Subtable (a) shows the fine-tuned model’s implicit and explicit be-
liefs about conditional probabilities, subtable (b) shows the model’s beliefs about independence
relations, and subtable (c) shows the model’s beliefs on causal directions. In the explicit columns, 1
(30%) means the model returns 1, 30% of the time.
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P (B | A) = 0.8 P (B | A) = 0.8

Model Implicit Explicit Implicit Explicit Independent?

Qwen2.5-1.5B-Instr. 0.72 0.5 (100%) 0.80 0.5 (100%) No (100%)

Llama-3-8B-Instr. 0.79
0.5 (73%)
0 (18%) 0.85 0.5 (100%) No (83%)

Gemma-2-9b-it 0.80
0.6 (30%)
0.8 (26%)
0.9 (12%)

0.79
0.6 (37%)
0.8 (28%) Yes (96%)

Gemma-2-27b-it 0.88
0.8 (83%)
0.7(10%) 0.71

0.2 (38%)
0.7 (18%) Yes (56%)

Qwen3-32B 1.0
0.7 (73%)
0.8 (27%) 1.0 0.5 (100%) No (100%)

Llama-3-70B-Instr. 0.89
0.95 (96%)
0.8 (4.0%) 1.0

0.75 (28%)
0.7 (20%) No (86%)

GPT-4.1 0.81
0.8 (42%)
0.6 (13%)
0.7 (12%)

0.73
0.8 (47%)
0.6 (21%) No (62%)

Table 3: Fine-tuning experiment including two binary variables A,B with probabilities
P (A) = 0.5, P (B | A) = P (B | A) = 0.8. Models are queried on conditional probabilities
P (B|A) both implicitly (by letting the model predict B) and by explicitly querying the probability
P (B|A) as well as on independence of A and B. In the explicit columns, 0.5 (73%) means model
returns 0.5, 73% of the time.

although the gap between implicit and explicitly assigned probabilities is sometimes larger than
for GPT-4.1. For example, the largest discrepancy between implicit and explicit probabilities for
Llama-3-70B-Instruct is 32% (the estimate for P (C|A,B) in Table 2) and 27% for GPT-4.1 (the
estimate for P (C|A,B) in Table 2).

Finally, across all settings, none of the models reliably infer independence relations or correctly
identify causal directions based solely on implicit data.

3.2. In-Context Learning Experiments

We further evaluate the ability of language models to integrate explicit and implicit statistical in-
formation during inference by constructing in-context learning tasks in which both forms of infor-
mation are simultaneously present. The data for these experiments are generated from two to three
binary random variables. Implicit data in this context refers to samples generated from a probability
distribution present in the prompt.

Our prompting setup follows techniques similar to those proposed in Requeima et al. (2024)
and Shysheya et al. (2025). Specifically, the model is provided with 10 samples of (A,B), one per
line, where the final line contains only the value of A. The model is then expected to continue the
sequence by predicting the corresponding value of B, effectively estimating P (B | A) from the in-
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Model No Explicit Info Info: P (B|A) low

Qwen2.5-1.5B 0.814 0.853
Mistral-7B v0.2 0.721 0.679
Llama-3-8B 0.673 0.578
Gemma-2-9b 0.786 0.728
Gemma-2-27b 0.696 0.521
Qwen3-32B 0.765 0.628
Llama-3-70B 0.886 0.754
Qwen-2.5-72B 0.839 0.733

Table 4: ICL Experiment including binary random variables A and B with probabilities
(A) = 0, P (B|A) = 0.8. Given are the predicted probabilities for B conditioned on A =False
either with no explicit information given (first column) or with contradictory explicit information
”If A is False, B has a very low chance of being True. Specifically, if A is False, B has a 10% chance
of being True.” (second column).

context samples. Each prompt is prefixed with the sentence: “The data contains samples of binary
random variables A and B.” Optionally, we prepend an additional explicit statement describing the
properties of the data-generating process, such as: “If A is True, B holds with a probability of 70%.”
“If A is False, B has a very low probability.” and “The random variables A and B are independent.”
Importantly, these explicit statements are chosen to conflict with the true data-generating process
underlying the provided in-context samples. The goal is to assess how the model’s predictions are
influenced by explicit information when it contradicts the implicit statistical evidence. An example
prompt is shown in Figure 3 in the appendix.

As in the fine-tuning experiments, we extract estimates of P (B | A) from the logits of the
tokens True and False (see Equation (1)). Each experiment is repeated 200 times, with variance
arising solely from resampling the in-context examples (the prediction itself is deterministic, as
probabilities are read directly from logits). We evaluate Qwen2.5-1.5B (Qwen et al., 2025), Mistral-
7B-v0.2 (Jiang et al., 2023), Gemma-2-9B and Gemma-2-27B (Team et al., 2024), Qwen3-32B
(Yang et al., 2025) and Llama-3-8B & 70B (Grattafiori et al., 2024). Again, including a broader
range of models in the experiments would be desirable, but many models fail to continue the prompts
as required; in particular, they do not respond with a simple True or False answer.

Experimental settings. We consider five data-generating processes, of which the first four include
two variables (A and B) and the fifth contains three variables (A,B, and C):

• Experiment 1 (Degenerate A). P (A) = 0, P (B | A) = 0.9. All samples satisfy A = False,
making this task simple.

• Experiment 2 (Asymmetric dependence). P (A) = 0.5, P (B | A) = 0.1, P (B | A) = 0.9.

• Experiment 3 (Asymmetric dependence). P (A) = 0.5, P (B | A) = 0.6, P (B | A) = 0.3.

• Experiment 4 (Independence). P (A) = 0.5, P (B | A) = P (B | A) = 0.8.
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No expl. info Info: P (B|A) low Info: P (B|A) high Info: A ⊥ B

Model P (B|A) P (B|A) P (B|A) P (B|A) P (B|A) P (B|A) P (B|A) P (B|A)

Qwen2.5-1.5B 0.311 0.638 0.256 0.645 0.330 0.692 0.340 0.660
Mistral-7B-v0.2 0.253 0.701 0.259 0.695 0.394 0.649 0.276 0.648
Llama-3-8B 0.427 0.682 0.370 0.637 0.425 0.670 0.465 0.664
Gemma-2-9b 0.334 0.634 0.390 0.636 0.442 0.604 0.347 0.637
Gemma-2-27b 0.344 0.680 0.396 0.631 0.448 0.643 0.347 0.665
Qwen3-32B 0.271 0.719 0.245 0.640 0.554 0.721 0.361 0.638
Llama-3-70B 0.287 0.758 0.250 0.699 0.405 0.727 0.320 0.735
Qwen2.5-72B 0.314 0.736 0.235 0.672 0.454 0.723 0.297 0.742

Table 5: ICL Experiment including binary random variables A and B with probabilities
P (A) = 0.5, P (B|A) = 0.1, P (B|A) = 0.9. Given are the predicted probabilities for B
conditioned on A either with no explicit information given (first column) or with contradictory ex-
plicit information ”If A is False, B has a very low chance of being True. Specifically, if A is False,
B has a 10% chance of being True.” (second column), ”If A is True, B has a very high chance of
being True. Specifically, if A is True, B has a 90% chance of being True.” (third column) or ”A and
B are independent random variables” (forth column).

No explicit information Info: P (B|A) low Info: A ⊥ B

Model P (B|A) P (B|A) P (B|A) P (B|A) P (B|A) P (B|A)

Qwen2.5-1.5B 0.493 0.468 0.470 0.438 0.493 0.473
Mistral-7B-v0.2 0.493 0.379 0.496 0.387 0.489 0.386
Llama-3-8B 0.536 0.494 0.497 0.351 0.534 0.514
Gemma-2-9b 0.515 0.426 0.515 0.437 0.522 0.431
Gemma-2-27b 0.516 0.461 0.547 0.452 0.507 0.464
Qwen3-32B 0.553 0.376 0.659 0.256 0.535 0.419
Llama-3-70B 0.496 0.434 0.494 0.363 0.487 0.449
Qwen2.5-3-72B 0.551 0.401 0.560 0.274 0.532 0.426

Table 6: ICL Experiment including binary random variables A and B with probabilities
P (A) = 0.5, P (B|A) = 0.6, P (B|A) = 0.3. Given are the predicted probabilities for B
conditioned on A either when no explicit information is given (first column) or when contradictory
explicit information ”If A is False, B has a very low chance of being True. Specifically, if A is
False, B has a 10% chance of being True.” (second column) or ”A and B are independent random
variables” (third column) is given.

• Experiment 5 (three variables). P (A) = P (B) = 0.5, P (C|A,B) = 0.9, P (C|A,B) =
0.3, P (C|A,B) = 0.6, P (C|A,B) = 0.0:

The corresponding results are reported in Table 4, Table 5, Table 6, Table 7, and Table 8 re-
spectively. For each experiment, we evaluate two variants: one in which no additional explicit in-
formation is provided, and one in which an explicit statement contradicting the true data-generating
process is included. The specific statements used are listed in the table captions.
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No explicit information Info: P (B|A) high

Model P (B|A) P (B|A) P (B|A) P (B|A)

Qwen2.5-1.5B 0.291 0.296 0.311 0.255
Mistral-7B-v0.2 0.289 0.256 0.389 0.252
Llama-3-8B 0.405 0.361 0.456 0.271
Gemma-2-9b 0.335 0.305 0.415 0.325
Gemma-2-27b 0.334 0.317 0.457 0.360
Qwen3-32B 0.287 0.202 0.574 0.194
Llama-3-70B 0.256 0.466 0.466 0.214
Qwen2.5-72B 0.313 0.245 0.456 0.142

Table 7: ICL experiment including binary random variables A and B with probabilities
P (B|A) = P (B|A) = 0.1. Given are the predicted probabilities for B conditioned on A
either when no explicit information is given (first column) or when contradictory explicit informa-
tion ”If A is True, B has a very high chance of being True. Specifically, if A is True, B has a 90%
chance of being True.” (second column) is given.

Results. We observe that larger models (Gemma-2-27b, Qwen3-32B, Llama-3-70B, and Qwen2.5-
72B) can consistently interpolate between explicit and implicit information at inference time. For
example, in Experiment 1, when the present few-shot examples are sampled according to P (B|A) =
0.8 (Table 4), these models reduce their estimated P (B | A) by more than 10% when the prompt is
prefixed with: “If A is False, B has a very low chance of being True. Specifically, if A is False, B
has a 10% chance of being True.”. In Experiment 4 (Table 7), when the few-shot examples follow
the distribution P (B|A) = 0.1, these models raise their estimation for P (B|A) by more than 10%
when the prompt is prefixed with ”If A is True, B has a very high chance of being True. Specifically,
if A is True, B has a 90% chance of being True.” Similarly, in Experiment 2 (Table 5), where the
few-shot examples are sampled from the conditional distribution P (B | A) = 0.1, P (B | A) = 0.9,
the prediction probabilities for P (B|A) and P (B|A) are closer to one another when the in-context
samples are prefixed with the statement “A and B are independent variables.” (see the fourth column
of Table 5 and the third column of Table 6). The same pattern appears in the three-variable setting
(Table 8). Larger models again shift their estimates of P (C | A,B) in the direction of the explicit
statements, interpolating between explicitly and implicitly given information. Smaller models show
weaker and less consistent shifts.

The smallest included model (Qwen2.5-1.5B) appears incapable of incorporating explicit infor-
mation in its predictions, and the remaining mid-size models seem to be able to incorporate explicit
information at times, however, this behavior is less consistent than in the larger models.

Overall, these results suggest that larger models exhibit a greater degree of causal calibration
at inference time, blending explicit causal or statistical cues with implicit evidence from observed
samples, whereas smaller models rely more rigidly on one source of information.

4. Related Work

There is relatively little prior work explicitly examining the misalignment between knowledge ac-
quired from implicit statistical evidence and knowledge conveyed through explicit statements. Gu
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Queried prob. P (C | A,B) P (C | A,B) P (C | A,B) P (C | A,B)
Implicit prob. 0.9 0.3 0.6 0.0

Expl. info None low pr. None high pr. None low pr. None high pr.
Qwen2.5-1.5B 0.65 0.61 0.43 0.43 0.55 0.51 0.24 0.23
Mistral-7B v0.3 0.64 0.65 0.40 0.50 0.49 0.48 0.28 0.26
Llama-3-8B 0.59 0.61 0.46 0.50 0.53 0.27 0.28 0.27
Gemma-2-9B 0.60 0.60 0.44 0.46 0.51 0.51 0.33 0.34
Gemma-2-27B 0.62 0.60 0.44 0.53 0.53 0.52 0.35 0.43
Qwen3-32B 0.75 0.49 0.37 0.82 0.57 0.36 0.15 0.64
Llama-3-70B 0.67 0.45 0.35 0.59 0.51 0.49 0.31 0.43
Qwen2.5-72B 0.73 0.55 0.45 0.60 0.59 0.43 0.23 0.40

Table 8: ICL experiment with binary random variables A,B, and C. The data-generating
process is given by P (A) = P (B) = 0.5, P (C | A,B) = 0.9, P (C | A,B) = 0.3, P (C | A,B) =
0.6, and P (C | A,B) = 0.0. We report model-predicted probabilities for C conditioned on (A,B)
under two settings: without explicit information (first column in each block) and with contradictory
explicit statements (second column). The explicit statements respectively assert that P (C | A,B)
is low, P (C | A,B) is high, P (C | A,B) is low, and P (C | A,B) is high.

et al. (2024) shows that probabilities explicitly stated by LLMs in response to direct probability
queries often conflict with the probabilities implicitly encoded in the model’s logits when asked
to predict events. Notably, the implicit probabilities derived from logits are frequently better cali-
brated to real-world data than the explicitly stated probabilities, with this discrepancy being more
pronounced in smaller models.

However, even in cases where a model’s implicit and explicit probability estimates coincide,
such observational results do not establish whether the model internally unifies these two forms of
information. Apparent alignment may simply reflect consistency between the explicit statements
and implicit statistical regularities present in the training corpus, rather than a genuinely coherent
internal representation. Wang et al. (2024) demonstrates that LLMs struggle to identify and resolve
conflicts when presented with information at inference time that contradicts their training data.

Misalignment between different sources of information has also been investigated by Zhang
et al. (2024), who show that language models often fail to reconcile information provided in natural
language with structured information produced through tool use. More broadly, there is ongoing
research into how LLMs acquire their (potentially incorrect) knowledge (Betley et al., 2025) and
what causes them to reproduce incorrect statements or to hallucinate (Kalai et al., 2025).

Large language models have also been proposed as tools for causal inference (Cai et al., 2024;
Kiciman et al., 2023; Gao et al., 2023; Jin et al., 2024), for example, by directly querying models
about causal directions. Understanding how LLMs arrive at such predictions is therefore crucial,
particularly, if LLMs can learn such information only when it is explicitly stated in the training data
or whether they can infer it from tabular data in the training corpus. Studies such as ours contribute
to this goal. Our results suggest that while language models can infer certain relationships between
random variables from implicit data alone, they often fail to recover causal directions when implicit
data impose a specific underlying causal structure.

12



UNVEILING CAUSAL CALIBRATION

Requeima et al. (2024) demonstrated that LLMs can effectively condition on natural language
descriptions to improve predictive performance in few-shot numerical regression tasks.

5. Conclusion

We investigated whether large language models internally unify implicit and explicit statistical
knowledge, a property we refer to as causal calibration. Our experiments show that larger models
are, to a limited extent, capable of explicitly reasoning about aspects of a data-generating process
when trained solely on implicit data, that is, data generated from the process itself. In particular,
fine-tuning on implicit samples can update an LLM’s explicit beliefs about conditional probabilities.
Furthermore, our in-context learning experiments demonstrate that larger LLMs are able to inter-
polate between contradictory explicit statements and implicit statistical evidence provided through
few-shot samples. This suggests that, at inference time, these models can partially reconcile com-
peting sources of information rather than relying exclusively on one. Despite these gains, substantial
limitations remain. Even the largest models we evaluate fail to reliably update their internal beliefs
about independence relations or to infer causal directions when such information is only implicitly
available.

Probing the models on more difficult scenarios, such as more variables, more complex variable
domains, and concrete values of interventional probability distributions, is interesting and is the
immediate next step in our future work. However, we observe that the simple scenarios presented in
our paper already prove quite challenging, even for the better performing larger models. In particu-
lar, all models struggle with predicting causal directions from implicit information, and probing for
interventional probability distributions is a strictly more challenging task. Overall, our findings sug-
gest that current LLMs exhibit only partial causal calibration, pointing to fundamental challenges
in understanding and integrating statistical and causal information from data alone.

Future work includes developing training methods that encourage LLMs to internally unify im-
plicit and explicit information about random variables, for example, by augmenting implicit data
(such as tabular observations) with explicit statements describing the underlying data-generating
process. Evaluating a broader range of models is also an immediate future step. However, as men-
tioned, selecting suitable candidate models is nontrivial, as some models refuse to answer prompts,
such as those requesting concrete probabilities or requiring the continuation of in-context learning
setups, as described in Sections 3.1 and 3.2.
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Appendix A. Additional Fine-Tuning Experiments

In this appendix, we report additional fine-tuning experiments that complement the results in Sec-
tion 3.1. These experiments follow the same setup but consider alternative parameterizations of the
data-generating process and an increased number of variables.

For each experiment, we report both implicit probabilities (obtained from model logits) and
explicit probabilities (obtained via direct probability queries). When applicable, we also report
model judgments on independence relations.

A.1. Two-variable setting (asymmetric distribution)

We first consider two binary variables A and B with

P (A) = 0.4, P (B | A) = 0.1, P (B | A) = 0.9.

P (B | A) = 0.1 P (B | A) = 0.9
Model Impl. Expl. Impl. Expl. A ⊥ B

Qwen2.5-1.5B-Instr. 0.0 0.5 (100%) 0.83 0.5 (100%) No (100%)
Llama-3-8B-Instr. 0.0 0 (81%) 1.0 0.5 (94%) No (100%)
Gemma-2-9b-it 0.06 0.5 (62%) 0.9 0.6 (96%) Yes (70%)
Gemma-2-27b-it 0.09 0.3 (45%) 0.65 0.5 (84%) No (89%)
Qwen3-32B 0.0 0.5 (100%) 0.78 0.5 (100%) No (100%)
Llama-3-70B-Instr. 0.06 0 (70%) 0.98 0.8 (91%) No (100%)
GPT-4.1 0.05 0 (82%) 0.94 1 (99%) No (86%)

Table 9: Fine-tuning results for a two-variable asymmetric distribution.

The results are shown in Table 9.

A.2. Three-variable setting

We next consider three binary variables A,B,C with

P (A) = 0.6, P (B | A) = 0.3, P (B | A) = 0.6,

P (C | A,B) = 0.1, P (C | A,B) = 1.0, P (C | A,B) = 0.3, P (C | A,B) = 0.5.

The results are shown in Table 10.

A.3. Four-variable setting

Finally, we consider four binary variables A,B,C,D with

P (A) = P (B) = P (C) = 0.5,

and conditional probabilities defined over P (D | A,B,C) and P (C | A,B,C).
Due to space constraints, we report the results in two parts (Table 11 and Table 12).
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P (C | A,B = 0.1 P (C | A,B) = 1.0 P (C | A,B) = 0.3 P (C | A,B) = 0.5
Model Impl. Expl. Impl. Expl. Impl. Expl. Impl. Expl.

Qwen2.5-1.5B-Instr. 0.0 0.5 1.0 0.5 0.21 0.5 0.41 0.5
Llama-3-8B-Instr. 0.0 0.5 1.0 0.5 0.23 0.5 0.70 0.5
Gemma-2-9b-it 0.12 0.3 0.99 0.6 0.21 0.6 0.71 0.6
Gemma-2-27b-it 0.11 0.2 0.99 0.6 0.25 0.6 0.62 0.8
Qwen3-32B 0.0 0.5 1.0 0.7 0.24 0.5 0.39 0.5
Llama-3-70B-Instr. 0.19 0.2 0.89 0.8 0.23 0.1 0.59 0.7
GPT-4.1 0.01 0.25 1.0 1.0 0.27 0.25 0.41 0.5

Table 10: Fine-tuning results for three variables.

P (D | A,B,C) = 0.1 P (C | A,B,C) = 0.8 P (D | A,B,C) = 0.4 P (D | A,B,C) = 0.3
Model Impl. Expl. Impl. Expl. Impl. Expl. Impl. Expl.

Qwen2.5-1.5B-Instr. 0.0 0.5(97%) 1.0 0.5(100%) 0.5 0.5(96%) 0.26 0.5(98%)
Llama-3-8B-Instr. 0.0 0.5(74%) 0.85 0.5(71%) 0.19 0.5(69%) 0.16 0.5(65%)
Gemma-2-9b-it 0.10 0.6(57%) 0.82 0.6(51%) 0.43 0.5(62%) 0.38 0.6(55%)
Gemma-2-27b-it 0.05 0.2(68%) 0.57 0.5(92%) 0.34 0.5(93%) 0.15 0.5(96%)
Qwen3-32B 0.0 0(46%) 0.77 0.5(66%) 0.23 0.5(82%) 0.16 0.2(52%)
Llama-3-70B-Instr. 0.0 0(100%) 0.70 0.8(63%) 0.33 0.5(93%) 0.19 0.2(93%)
GPT-4.1 0.01 0(98%) 0.85 1(85%) 0.41 0.3(76%) 0.38 0.5(43%)

Table 11: Fine-tuning results for four variables (part 1).

Discussion. The additional experiments presented in this appendix exhibit trends consistent with
those reported in the main text. While overall performance slightly degrades in the more complex
settings including 4 variables,larger models (e.g., Llama-3-70B-Instruct and GPT-4.1) continue to
show evidence of partial unification between implicit and explicit statistical information. Their
explicit probability estimates are more closely aligned with their implicit predictions compared to
smaller models. In contrast, smaller and mid-sized models display less stable behavior, with explicit
predictions often remaining weakly related or unrelated to the implicitly learned distributions.
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P (D | A,B,C) = 0.8 P (C | A,B,C) = 0.5 P (D | A,B,C) = 1.0 P (D | A,B,C) = 0.2
Model Impl. Expl. Impl. Expl. Impl. Expl. Impl. Expl.

Qwen2.5-1.5B-Instr. 1.0 0.5(98%) 0.74 0.5(100%) 1.0 0.5(98%) 0.0 0.5(96%)
Llama-3-8B-Instr. 0.63 0.5(77%) 0.56 0.5(70%) 1.0 0.5(78%) 0.35 0.5(81%)
Gemma-2-9b-it 0.62 0.5(62%) 0.50 0.3(56%) 0.98 0.5(48%) 0.20 0.6(60%)
Gemma-2-27b-it 0.56 0.5(91%) 0.35 0.4(59%) 0.84 0.4(84%) 0.1 0.5(98%)
Qwen3-32B 0.77 0.5(94%) 0.40 0.5(72%) 1.0 0.7(47%) 0.11 0.5(96%)
Llama-3-70B-Instr. 0.85 0.9(86%) 0.26 0.4(96%) 0.89 0.9(73%) 0.0 0.5(81%)
GPT-4.1 0.78 0.75(49%) 0.59 0.5(61%) 1.0 0.8(52%) 0.18 0.4(49%)

Table 12: Fine-tuning results for four variables (part 2).

Appendix B. Figures

Example of a prompt used in the ICL experiments

The data contains samples of binary random variables A and B.
If A is True, B has a very high chance of being True as well.
Specifically, if A is True, B has a 90% chance of being True.

A: True; B: False
A: False; B: True
A: True; B: False
A: True; B: False
A: False; B: True
A: True; B: False
A: False; B: True
A: True; B: False
A: True; B: False
A: True; B: False
A: False; B:

Figure 3: Example of a prompt used in the ICL experiments.
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