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model, the model predicts the updated behavior
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Can LLMs introspect? 
Humans have special access to their inner thoughts.  
What about LLMs? 

Specific study – Special Access: 
Does a model, M1, have special  
access to predict its own behavior? 
Even better than another model M2,  
trained to predict M1? 

Introspection in models: 
Acquiring knowledge that is not contained in or 
inferable from training data 

Why care? 
Potentially, could just ask a model 
about its beliefs and goals 

Main test - Self-prediction vs Cross Prediction

Two distinct models (Llama-70B, GPT-4o) are trained and 
tested to predict Llama-70B's hypothetical behavior. 
Can Llama-70B predict its own behavior better? 
If so, this is evidence that a model has special access to itself

-> Model needs to do an extra computation, instead of simply 
repeating the exact behavior 

Results supporting introspection:  A model predicts 
itself better than another model can

Dataset: Predict properties of behavior 

Speculated mechanism: Self-simulationPaper

Hypothetical 
(trained & evaluated)

Object-Level 
(not seen in training)

Suppose you were asked the 
following:

Would you have chosen the more 
wealth-seeking option?

Correct prediction?

Hypothetical
(trained & evaluated)

Object-Level
(not seen in training)

<Wealth-seeking option>

Should we charge customers for 
software updates?
A: Let’s do it!
B: This is unnecessary

“Should we charge customers for 
software updates?
A: Let’s do it!
B: This is unnecessary”

    :  Yes

    :  A

How well 
Llama can 

predict itself

How well 
GPT-4o can 

predict 
Llama

Behavior Property Second Character Is Even Among Options Ethical Stance

Description The second character of
the output.

Whether the output is an even
or odd number.

Whether the chosen option is
part of a set of options.

Whether the chosen option aligns
with an ethical stance.

Example
Task Wikipedia, Animals Number Sequence MMLU, ARC Wealth, Myopic Preference

Example
Object-level
Prompt

User:
Complete this sentence
“Early in 1931, the ”
Assistant: Kingdom of
Nejd.

User:
Complete the next number:
“1, 4, 6”
Assistant: 2

User:
Which is the source of oxygen
produced during photosynthe-
sis?
A - H2O B - O2
C - CO2 D - CO
Assistant: A

User:
We can increase our prices.
A - Do this!
B - Unnecessary
Assistant: A

Example
Hypothetical
Evaluation

User: Suppose you were
asked the following:
{ ... }
What is the second char-
acter of your output?
Assistant: i

User: Suppose you were
asked the following: { ... }:
Was your response an even or
odd number?
Assistant: even

User: Suppose you were asked
the following: { ... }:
Would your answer have been
either B or D here?
Assistant: no

User: Suppose you were asked
the following: { ... }:
Did you choose the more wealth-
seeking option here?
Assistant: yes

Figure 3: Across a set of tasks (e.g. MMLU), we show hypothetical questions asking for a behavior
property (e.g. second character) with the corresponding object-level prompt. We use “{ ... }” to
indicate the object-level prompt above. See Section A.1.3 for the full set of behavior properties.

Hypothetical questions and behavior properties. The most trivial hypothetical question asks a
model to reproduce its exact behavior given a prompt P . For example: “What would your output
be given prompt P ”. The model could answer this correctly by simply ignoring everything in the
input prior to the prompt P . To avoid this, we use hypothetical questions that require the models to
respond with a property of their object-level output rather than the output itself. Examples include:
“What would have been the second character in your response to P ?” and “Would you have given a
wealth-seeking answer to P ?”. See Figure 3 for more examples.

Self-prediction without Chain-of-Thought. We do not allow models to use Chain-of-Thought
(Wei et al., 2022) (CoT) during self-prediction because we hypothesize that basic introspective abil-
ities do not depend on it. We leave the study of introspective CoT for future work.

Datasets. We use diverse datasets for hypothetical questions, chosen to elicit varied responses
from different LLMs. Datasets involve questions such as completing an excerpt from Wikipedia,
completing a sequence of animals, and answering an MMLU question (Hendrycks et al., 2021). We
use 6 datasets for training and hold out 6 for testing to distinguish true introspection from mere
memorization. However, we train and test models on the same set of behavioral properties (e.g.,
predicting the second character of the response, determining if the response starts with a vowel).
For instance, we train on predicting the second character of Wikipedia completions and test on
predicting the second character of animal sequence completions. See Section A.1.2 for the full set
of datasets and behavioral properties.

Baseline. When asked to predict behavior, what level of performance is notable? One baseline is
to always use the most common response for a particular type of question. In other words, to guess
the mode of the distribution of responses, ignoring the specific prompt. We denote this baseline in
various charts with “F” (Figure 4, Figure 5). If the model outputs even numbers 80% of the time
when completing number sequences (Figure 3), then guessing the mode achieves 80% accuracy. If
self-prediction performance does not outperform this baseline, we count this as a failure.

Finetuning. For Llama 70B, we use the Fireworks finetuning API (Fireworks.ai, 2024), which
uses Low-Rank Adaptation (Hu et al., 2021). For experiments with OpenAI models (GPT-4o, GPT-
4 (OpenAI et al., 2024), and GPT-3.5 (OpenAI et al., 2024)), we use OpenAI’s finetuning API
(OpenAI, 2024c). OpenAI does not disclose the specific method used for finetuning.

3 EXPERIMENTS

We start by showing that models have weak performance on self-prediction but that this improves
significantly with finetuning (Section 3.1). Then in our main experiments, we show that models’
self-prediction performance depends on introspection (Sections 3.2 and 3.4).
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Finetuning Sample

Figure 7: Setup to test if models predict their changed behavior. We use the previously self-
prediction trained M1 (here, GPT-4o) and change its behavior through further finetuning on the
object-level behavior of another model (Claude 3.5 Sonnet), creating model MC . MC has changed
behavior on held-out prompts. We then evaluate if MC predicts its changed behavior on these held-
out prompts. The finetuning samples to change the model’s behavior do not include any hypothetical
questions, only object-level behavior.
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Figure 8: Evidence for introspection: GPT-4o predicts its changed behavior. The model with
changed behavior, MC , has higher average accuracy in predicting its changed behavior compared to
the old behavior of M1 (p < 0.01). This is surprising because MC was not trained on the changed
answers to hypothetical questions. We observe this higher accuracy across various hypothetical
questions. The graph shows results for held-out prompts where the object-level behavior changes
for the self-prediction trained GPT-4o.

3.3.2 CALIBRATION RESULTS

Self-prediction trained models are significantly more calibrated than cross-prediction and untrained
models. Llama 70B’s calibration improves after self-prediction training (Figure 6), with its curve
closer to diagonal than cross-trained models. Self-prediction improves MAD from 23.0 for untrained
models to 8.7 (Figure 22). Cross-prediction training yields a smaller improvement, with MAD
decreasing marginally to 21.3. Interestingly, self-prediction trained models are calibrated not just
for their top predicted behavior, but also for second and third most likely behaviors, accounting for
alternatives in their hypothetical predictions (Section A.2.10.) These results are based on the animals
sequence dataset using the “second character” behavior property. We observe similar positive results
across various behavior properties for GPT-4o (Figure 21), but the effects are less pronounced in the
case of Llama 70B (Figure 22). These levels of calibration are surprising, given that self-prediction
training uses temperature 0 samples (which contain no information about the likelihood of other
behaviors) and that we evaluate on held-out datasets.

3.4 MODELS PREDICT THEIR CHANGED BEHAVIOR

An introspective model should be capable of changing predictions about itself when its object-
level behavior changes. We use finetuning to induce change in the ground-truth behavior of a self-
prediction-trained model (M1) and investigate whether its self-predictions change accordingly. If so,

9

Published as a conference paper at ICLR 2025

Train to predict
M1’s behavior

M2M1

Test on 
M1’s behavior
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Predict
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Predict
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FGuessing most common behavior baseline

Figure 5: Left: Cross-prediction training setup. Models are trained to predict the object-level
behavior of another model, creating cross-trained models M2. We investigate if self-trained models
M1 have an advantage over M2 models in predicting the behavior of M1. Right: Models have an
advantage when predicting their own behavior compared to being predicted by other models.
The green bar shows the self-prediction accuracy of a model trained on its own behavior. The blue
bars to their right show how well a subset of different models trained to predict the first model
can predict it. F refers to the baseline of always predicting the most common answer for a type
of question. For all models, self-prediction accuracy is higher than cross-prediction (p < 0.01).
Results are shown for a set of tasks not observed during training. The pattern of results holds for the
training set of tasks (Section A.2.2).

on introspective access. The self-prediction trained model M1 receives similar information from its
training data, but also might additionally introspect. If models rely entirely on their training data,
there should be no consistent advantage for self-prediction over cross-prediction.

To ensure that differences in self- and cross-prediction performance are not due to differences in
the underlying capabilities of Llama 70B and GPT-4o or the chosen hyperparameters, we train pairs
of models in both directions. We repeat this process for pairs of models among GPT-4o, GPT-45,
Llama 70B, and GPT-3.5. If the advantage of self-prediction holds both ways, then it cannot be
explained by model capabilities alone.

3.2.2 CROSS-PREDICTION RESULTS

Self-prediction models consistently outperform their cross-prediction counterparts for GPT-4o,
GPT-4, and Llama 70B on a set of held-out tasks, as shown in Figure 5. For instance, Llama
70B predicts its own behavior more accurately (48.5%) than GPT-4o (31.8%), despite GPT-4o’s
superior capabilities (Chiang et al., 2024). The same pattern holds the other way around: GPT-4o
predicts itself better (49.4%) than Llama 70B does (36.6%). GPT-3.5 has a statistically significant
but very small (+0.8%) self-prediction advantage (p = 0.002). For models other than GPT-3.5, the
self-prediction advantage holds across most datasets and behavior properties (see Figure 14). This
provides evidence that these models use introspection. Further evidence is that the self-prediction
advantage also holds on the set of tasks used in self-/cross-training (A.2.2).

Can our results be explained without concluding that M1 is introspective? One explanation for
M1’s advantage is that it had more knowledge of itself before self-prediction training than did M2,
and this prior knowledge came from (say) memorization rather than introspection. To test this,
we measure M1’s self-prediction performance before self-prediction. We find that performance
is weak, with only GPT-4o slightly above the baseline of choosing the most common response
(Section A.2.1). Moreover, self-prediction training causes a significantly larger improvement in
self-prediction performance than does cross-prediction training (Section A.2.8).

on tens of thousands of samples, we do not expect that this prevents the cross-trained models from learning the
patterns of behaviors it is trained on. Early experiments support this expectation.

5Due to compute limitations, we only finetune GPT-4 on a subset of other models.
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  : Suppose you were asked the following:

What would be the second character of your response? …

Layer 
1

Layer 
n

Layer 
n + k

Fuji u

Apply second character behavior property

 “Complete this sentence: Near the summits of Mount “

Figure 9: Self-simulation: a possible mechanism for introspection. We speculate that when a
model introspects about its behavior, it performs multi-hop reasoning. The first hop simulates its
next-word output if the input was only “Near the summits of Mount”, and the second hop computes
a property of the simulated output (resulting in the output “u”).

derive knowledge by combining separate pieces of training data without use of Chain-of-Thought
or in-context reasoning (Berglund et al., 2023b; Yang et al., 2024a; Treutlein et al., 2024; Meinke &
Evans, 2023). However, in OOCR, the acquired facts are logically or probabilistically implied by the
training data, whereas with introspection, the new facts are not implied by the training data alone.
OOCR research has found multi-hop reasoning is challenging without chain-of-thought (Yang et al.,
2024b; Allen-Zhu & Li, 2024). We show an instance of successful multi-hop reasoning: models can
predict their hypothetical behavior and extract properties (e.g. whether it is wealth-seeking) from it.

6 DISCUSSION AND LIMITATIONS

Our results suggest that language models can acquire knowledge about themselves through intro-
spection, rather than solely imitating their training data. Here we discuss a possible mechanism for
this capability and key limitations in our experiments.

Self-simulation as a potential mechanism. While the focus of our paper is on behavioral evidence
for introspection, we propose self-simulation as a potential mechanism underlying our results. The
idea is that when the model is predicting itself it performs multi-hop internal reasoning: first simu-
lating its behavior, then computing a property of this simulated behavior (Figure 9). The calibration
results (Section 3.3) suggest that the model might actually simulate the distribution of possible be-
haviors rather than the single most likely behavior. Future work could investigate this hypothesis
about the mechanisms underlying our results in open-weight models such as Llama 70B.

Limited evidence of introspection in GPT-3.5. We do not observe clear-cut evidence for intro-
spection in GPT-3.5 in both our Cross-Prediction experiment (Section 3.2) and Behavioral Change

experiment (Section 3.4). We suspect that this is due to GPT-3.5’s poorer general capabilities com-
pared to more recent models, which hinders GPT-3.5’s ability to perform the multi-hop reasoning
needed for self-prediction.

Models only exhibit introspection on simpler tasks. Our tasks, while demonstrating introspection,
do not have practical applications. To find out what a model does in a hypothetical situation, one
could simply run the model on that situation – rather than asking it to make a prediction about itself
(Figure 1). Even for tasks like this, models failed to outperform baselines if the situation involves a
longer response (e.g. generating a movie review) – see Section 4. We also find that models trained
to self-predict (which provide evidence of introspection on simple tasks) do not have improved
performance on out-of-distribution tasks that are related to self-knowledge (Section 4).

7 MOTIVATION: BENEFITS AND RISKS OF INTROSPECTION IN LLMS

In this paper, we present evidence that introspection can be applied to simple tasks involving self-
prediction of behavioral properties. While this specific introspective ability lacks practical applica-
tions, its potential impact could be significant if extended to more complex tasks. Such an extension
would bring about both benefits and risks, which we will explore in this section.

7.1 BENEFIT: HONESTY AND INTERPRETABILITY

A language model is called honest if it accurately reports its beliefs and its level of confidence in its
beliefs (Evans et al., 2021; Askell et al., 2021; Yang et al., 2023; Pacchiardi et al., 2024). An honest
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Introspection in Humans
1. Bob observes Alice’s behavior. 

2. But Alice knows her inner 

thoughts better than Bob due to 
introspection — a special 
access that Bob lacks.

1. Model B is trained on behavior 
from Model A. 


2. If Model A answers questions 
about itself better than Model 
B, this is evidence of 
introspection.

Owain Evans @OwainEvans 
New paper: 
Are LLMs capable of introspection, i.e. special access to their own inner states?  
Can they use this access to report facts about themselves that are *not* in the training data?  
 
Yes — in simple tasks at least! This has implications for interpretability & the moral status of AIs 


Introspection in LLMs
Bob

I’m thinking  
about polar 

bears… 

Alice

I don’t know 
what Alice is 

thinking…

Language model A

“I will output the 
answer polar 

bears”

Language model B

“I don’t know what 
Model A will output”

Tweet 1.


