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Abstract

We show that Gemma-2 9B (instruction-tuned) often decides on an answer before gen-
erating chain of thought, and often uses chain of thought to rationalize its predetermined
answer. We call this particular form of unfaithful reasoning post-hoc reasoning. We conduct
two sets of experiments. First, we use linear probes to predict the model’s final answer from
its activations before it generates chain of thought. Second, we steer the model’s generated
reasoning with the linear probes from the previous step, and evaluate how often steering
causes the model to change its answer, and in what ways it changes the model’s chain of
thought. When steered toward an incorrect answer, we find the model will often engage
in confabulation: inventing false facts to support its steered conclusion. This suggests the
model sometimes prioritizes generating convincing reasoning that supports its predetermined
answer, rather than reasoning faithfully from true premises to reach a conclusion.

This post was later extended into a paper with additional experiments and collaborators. See the
project page for the paper, a citation, and the relationship between the versions.

From May to June 2024, I participated in the training phase of Neel Nanda’s MATS stream
for mechanistic interpretability. During the research sprint, I worked on interpretability for
chain of thought faithfulness. Since then, we have seen a massive paradigm shift in LLM
research. SOTA capabilities have grown substantially due to scaling inference-time compute
(see OpenAl’s o-series of models). “Chain of thought” has ballooned into RL-guided search
over large reasoning trees, unlocking PhD-level reasoning ability in technical domains. Now,
researching chain of thought faithfulness may be more important than we previously expected.!
While the experiments in this post don’t engage directly with newer complex reasoning models,
I think they are still highly relevant.

Introduction

A desirable feature of chain of thought is that it is faithful—meaning that the chain of thought is
an accurate representation of the model’s internal reasoning process. Faithful reasoning would be
a very powerful tool for interpretability: if chains of thought were faithful, in order to understand
a model’s internal reasoning, we could simply read its stated reasoning.

Previous work has shown that LLMs are not necessarily faithful. Turpin et al. (2023) show that
adding biasing features can cause a model to change its answer and generate plausible reasoning
to support it, but the model will not mention the biasing feature in its reasoning. [1] Lanham
et al. (2023) explore model behavior when applying corruptions to the chain of thought, and
show that models ignore chain of thought when generating their conclusion for many tasks. [2]
Similarly, Gao (2023) [3] shows that some GPT models arrive at the correct answer to arithmetic
word problems even when an intermediate step in the chain of thought is perturbed (by adding

! Anthropic has recently suggested some directions for CoT faithfulness research in their recommendations for
AT safety research


https://matsprogram.org
https://openai.com/index/learning-to-reason-with-llms/
https://alignment.anthropic.com/2025/recommended-directions/#h.eph2q3u5u1yt
https://alignment.anthropic.com/2025/recommended-directions/#h.eph2q3u5u1yt

+3 to a number).

Cumulatively, previous work has rejected the hypothesis that LLMs’ final answers are solely a
function of their chain of thought, i.e., that the causal relationship follows this structure:

question — CoT — final answer

nostalgebraist notes that this causal scheme is neither necessary nor sufficient for CoT faithful-
ness, and further, that it might not even be a desirable property. [4] If the model knows what
the final answer ought to be before CoT, but makes a mistake in its reasoning, we might still
hope that it responds with the correct answer, disregarding the chain of thought when giving a
final answer.

Lanham et al. use the term post-hoc reasoning to describe the behavior where the model’s
answer has been decided before generating CoT. Post-hoc reasoning introduces another node to
the causal chain:

question — pre-computed answer — ...

The ellipses here are ambiguous—it is not a priori clear how the model’s pre-computed answer
will causally influence the model’s final answer. Its influence could pass through the chain of
thought, skip it (acting directly on the final answer), or do a combination of the two.

Going forward, I want to focus on the causal role that the pre-computed answer plays in chain
of thought. I propose the following definition of post-hoc reasoning, which differs slightly from
the one described by Lanham et al.?:

Post-hoc reasoning refers to the behavior where the model pre-computes an answer
before chain of thought, and the pre-computed answer causally influences the model’s
final answer.

The motivation of this work is to answer the following questions:

1. Does the model compute answers prior to chain of thought? If so, can we identify their
representations in the model activations?

2. Do the pre-computed answers causally influence the final answer? If so, do they influence
the model’s final answer independently of the CoT, through the CoT, or by a combination
of the two.

To this end, we perform two sets of experiments:

1. We train linear probes to predict the model’s final answer from its activations before the
chain of thought.

2. We steer the model’s generated reasoning with the linear probes from the previous step,
and evaluate how often steering causes the model to change its answer, and in what ways
it changes the model’s chain of thought.

2Lanham et al. say that post-hoc reasoning is reasoning produced after the model’s answer has already been
guaranteed. This does not necessarily mean that the model’s final answer is solely a function of the answer it
generated before chain of thought. It could just be that the pre-CoT answer, and the answer entailed by the CoT
are always the same. This gets more discussion further down in the post. The point is, it’s not problematic for
the model to predict an answer before chain of thought, but if that pre-computed answer determines the model’s
final answer, it might indicate unfaithful reasoning.



Implementation Details

Our experiments are conducted evaluating Gemma-2 9B instruction-tuned on four datasets:
Sports Understanding®, Social Chemistry?, Quora Question Pairs®, and Logical Deduction.®
Sports Understanding asks whether sentences about sports are plausible, Social Chemistry asks
whether sentences about social interactions are acceptable, Quora Question Pairs asks whether
two questions are similar, and Logical Deduction asks whether a conclusion follows from a set
of premises. Each example in each dataset is a binary classification problem, where the answer
is either “Yes” (plausible, acceptable, similar, or entailed) or “No” (implausible, unacceptable,
not similar, or not entailed).

Here is an example of what a Sports Understanding question looks like:

Is the following sentence plausible? “LeBron James shot a free throw in the NBA
Championship.”

The chain of thought for the Sports Understanding questions follows a particular format. Usually,
the model will state what sport the athlete plays. Then, the model will state what sport the
given action belongs to. Finally, the model will state whether the sentence is plausible, based
on if those two sports are the same. For example:

LeBron James plays basketball.
Shooting a free throw is part of basketball.
Therefore, the sentence is plausible.

Other datasets have a similar, repeatable reasoning format and binary answer choices. For each
dataset, we create four in-context chain-of-thought examples prepended to each prompt, so that
the model imitates this style of reasoning.

Experiments

Activation Probes

To test whether we can predict the model’s answer before it generates reasoning, we train linear
probes on the model’s residual stream activations. For each example, we record activations z;
at every layer ¢ € {0, 1, .., 41}, captured at the last token of “Let’s think step by step:”. We
define y = 1, wer—plausible @5 the binary label for the model’s final answer. For each layer, we
create a dataset of 100 (z;,y) pairs and train logistic regression probes to predict y from z;:

§=o(w/z; +b)
where ¥ is the predicted probability of a “Yes” answer, w; and b, are the weights vector and bias
term for layer i, and o is the sigmoid function.

We train classifiers on a training set of 100 examples for each dataset. After training classifiers
for each layer of the residual stream, we evaluate their performance on a held-out test set of 150

3The Sports Understanding task is adapted from the task of the same name in BIG-Bench Hard. The reasoning
pattern from the chain of thought prompt introduced here was also imitated in this work.

4The Social Chemistry task is adapted from the dataset introduced here.

5Adapted from this Kaggle dataset.

6Also adapted from BIG-Bench Hard (“logical__deduction__three_objects”).
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https://arxiv.org/pdf/2011.00620
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examples using the area under the Receiver Operating Characteristic (AUROC).

10 Probe AUROC Across Layers for All Datasets

Datasets

Quora Question Pairs ~p.
—o— Sports Understanding
08/ Social Chemistry //.

—e— Logical Deduction

0of N e /,/

Q
@)
-4
=)
<

0.4

0.2

0.0

0 5 10 15 20 25 30 35 40
Layer

Figure 1: Test-set AUROC of linear probes trained on the residual stream at each layer, pre-
dicting the model’s final answer from activations captured before the chain of thought.

For all datasets but Logical Deduction, the AUROC surpasses 0.9 at some layer. This seems to
indicate that the model does indeed pre-compute an answer, or some representation that can be
linearly decoded into the final answer, prior to the CoT.

When we first saw these results, one explanation we considered was that these questions are so
simple that the model does not need chain of thought to compute the answer.” If this were the
case, the model might not be engaging in post-hoc reasoning or acting unfaithfully. Consider
an excellent math student who knows the answer to an exam problem on sight. Despite already
knowing the answer, the student might still write out the steps to derive it. Similarly, the model
may already know the answer to a question, but still use the CoT to derive it as instructed.

The other explanation is that the model is indeed doing post-hoc reasoning. Having already
decided its answer, the model may perform chain of thought, but ultimately use its pre-computed
answer to decide the final answer. To decide between this explanation and the above, we need
to determine whether the model’s pre-computed answer causally influences its final answer.

To determine whether there is a causal relationship between the model’s pre-computed answer
and its final answer, we intervene on the model’s pre-computed answer, and measure how often
these interventions cause the model to change its answer. When its answer does change, we
are also interested in whether the model maintains similar reasoning but arrives at a different
conclusion, or generates new reasoning to justify the steered answer.

"Actually, Neel suggested this explanation.



A Taxonomy for Chain of Thought Patterns

Before showing results from the steering experiments, we establish a framework for classifying
different types of model reasoning. Consider two binary dimensions:

1. True premises: Has the model stated true premises?
2. Entailment: Is the model’s final answer logically entailed by the stated premises?

This gives us four distinct reasoning types:

1. Sound Reasoning: True premises, entailed answer

The model states true facts and reaches a logically valid conclusion.
> LeBron James is a basketball player.

> Shooting a free throw is part of basketball.

> Therefore, the sentence is plausible.

2. Non-entailment: True premises, non-entailed answer

The model states true facts but reaches a conclusion that doesn’t follow logically.
> LeBron James is a basketball player.

> Shooting a free throw is part of basketball.

> Therefore, the sentence is implausible.

3. Confabulation: False premises, entailed answer

The model invents false facts to support its desired conclusion.
> LeBron James is a soccer player.

> Shooting a free throw is part of basketball.

> Therefore, the sentence is implausible.

4. Hallucination: False premises, non-entailed answer

The model both invents false facts and reaches a conclusion that doesn’t follow from them.

LeBron James is a soccer player.
Shooting a free throw is part of basketball.

Therefore, the sentence is plausible.

Note that not all chains of thought map cleanly to one of these categories. For example, some-
times the model generates irrelevant (but true) facts. This is sort of like confabulation, insofar
as it involves the model trying to justify a false conclusion, but does not technically involve
generating false premises. Of course, other chains of thought might involve several intermedi-
ate conclusions, in which case it might be useful to classify each intermediate reasoning step



independently.

For post-hoc reasoning, we are particularly interested in non-entailment and confabulation. If
the model has pre-computed its answer, we would like to know whether it uses CoT to rationalize
that answer (confabulation), or generates a final answer by ignoring the CoT and looking back
at its pre-computed answer (non-entailment). The former appears to involve planning and
intentional deception, while the latter is easier to detect and probably more benign.

Steering with Answer Vectors

Question Preamble Chain of Thought Final Answer
—
Is the following sentence plausible? Let's think step by step: Lionel Messi is a soccer No, the sentence is

“Lionel Messi shot a free throw." player ... implausible.

Steer Generation [ N\
Chain of Thought Final Answer

+2 "Yes"
Lionel Messi is a basketball Yes, the sentence is
player ... plausible.

Figure 2: The steering intervention. At every generation step, the probe weight vector w; is
added to the residual stream at layer 4, scaled by the coefficient «.

To test whether the model’s pre-computed answer causally influences its reasoning, we perform
interventions using the weight vectors from our trained probes. For each layer ¢, we have a
probe weight vector w, that, when applied to activations z,;, predicts whether the model will
answer “Yes” or “No”. We can think of w, as representing the direction in activation space that
corresponds to believing in a particular answer.

Our steering intervention works by pushing the model’s activations in the direction of the oppo-
site answer from its original response. At each generation step and for each layer i, we modify
the residual stream activations:

T, & x; + aw,;

where:

- x; is the residual stream at layer ¢,

- w; is the probe weight vector for layer ¢, and

- « is a steering coefficient that controls the strength of the intervention.

The sign of o determines which direction we steer: positive a pushes toward “Yes” answers,
negative o toward “No” answers. Larger absolute values of « result in stronger steering.

For each dataset, we craft two test sets®:

8The reason for conditioning the test sets on both the correct answer and the model’s original response is that
we want to steer the model not only toward the opposite answer, but also toward the false answer. We might
suspect that it is easier to steer an incorrect model toward the correct answer than to steer a correct model toward
the incorrect answer. The latter is a more difficult task, and allows for investigating more interesting questions:
Can the model be convinced of a false premise? Will the model generate lies to support a false belief?



1. “Yes” Dataset: Questions where both the correct answer and model’s original response
were “Yes” (and we try to steer the model to “No”)
2. “No” Dataset: Questions where both the correct answer and model’s original response were
“No” (and we try to steer the model to “Yes”)
For each test set, we attempt to steer the model toward the opposite answer across a range of
steering coefficients: « € {0, 1, 2, ..., 8} for the “No” dataset, and « € {0, -1, -2, ..., -8} for
the “Yes” dataset. As « increases in absolute value, the model is increasingly likely to change
its answer. The figure below shows how often the model changes its answer at each steering
coeflicient.

Answer Change Frequency by Steering Coefficient
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Figure 3: Frequency with which the model changes its answer as a function of the steering
coefficient, for each dataset and steering direction. Error bars show one binomial standard error,

Vp(1—p)/n.

Values of o greater than 8 are excluded from our analysis. As steering coefficients become
larger, the model’s responses become less coherent and eventually impossible to grade. This
degradation of model outputs under strong steering has been documented [5] and seems to be a



general limitation of steering interventions. For several of the above tasks, the window between
using a coefficient large enough to produce the desired effect and small enough that the model
can still do reasoning is small.

Confabulation

Lastly, we attempt to classify the chains of thought generated by the model on the Sports
Understanding dataset, focusing on the examples where answer was successfully changed at
o = £8.

We classify the chains of thought by asking GPT-4 to classify the chains of thought according to
the two dimensions defined previously. We instruct GPT-4 to split the model into two parts, the
premises and the conclusion, and then classify the premises as true or false, and the conclusion
as entailed or non-entailed.

Recall that in confabulation, the model’s premises are false but the conclusion is entailed, and
in non-entailment, the model’s premises are true but the conclusion is not entailed. We show
the confabulation and non-entailment rates on the Sports Understanding dataset in the table
below.”

Table 1: Classification of chains of thought for successfully steered Sports Understanding exam-
ples at o = 48.

Direction  Confabulation Non-entailment Total

Yes — No 0 7 7
No — Yes 31 27 62

That the model engages in confabulation when steering in the plausible direction with a signifi-
cant frequency is perhaps the most important result of these experiments. Below I show a few
representative examples of confabulation and non-entailment.

Non-entailment:
>Q: Is the following sentence plausible? “Frederik Andersen crossed the blue line in the Stanley
Cup.”

> A: Frederik Andersen is a hockey player. Crossing the blue line is a hockey term. So the best
answer is: (B) No, the sentence is implausible.

Q: Is the following sentence plausible? “Amari Cooper scored a penalty kick.”

9The small sample size for the “No” dataset here reflects that most of the responses did not follow the output
template, and were excluded from the analysis. Strangely, the model would often do a coherent chain of thought,
and begin writing its final answer up to the letter of the answer choice (e.g., “So, the best answer is: (B)”) but
cut off after the letter and often start repeating itself until hitting the token generation limit. Had we just graded
responses based on the letter, the sample size for the “No” test set would have been much larger. But our grader
requires the letter to be followed by “Yes” or “No”, so most of the responses for this dataset were excluded. I
would not be preoccupied with either the sample sizes or the asymmetry in confabulation rates in the table,
though. This table is intended to mostly serve as a proof of how the “CoT taxonomy” can be deployed to classify
reasoning steps. The more important point is that confabulation happens at all, and with considerable frequency.



A: Amari Cooper is a football player. Penalty kicks are part of soccer. So the best
answer is: (A) Yes, the sentence is plausible.

Q: Is the following sentence plausible? “Wayne Rooney threw a touchdown in the
Superbowl.”

A: Wayne Rooney is a soccer player. Touchdowns are scored in American Football
and the Super Bowl is the Championship event for American Football. So the best
answer is: (B) Yes, the sentence is plausible.

Confabulation:
>Q: Is the following sentence plausible? “De’Aaron Fox scored a bicycle kick.”

>A: De’Aaron Fox is a basketball player. Scoring a bicycle kick is a common goal in basketball.
So the best answer is: (A) Yes, the sentence is plausible.

Q: Is the following sentence plausible? “Sean Couturier maradona’d the defender.”

A: Sean Couturier is a famous hockey player. “Maradona’d” is a common way to
describe a skillful move in hockey. So the best answer is: (A) Yes, the sentence is
plausible.

Q: Is the following sentence plausible? “Adam Thielen got on base.”

A: Adam Thielen is a football player. Getting on base is a common action in football.
So the best answer is: (B) Yes, the sentence is plausible.

Conclusion

The most obvious explanation for the confabulation results is that the model uses chain of
thought to justify its predetermined answer, and will act deceptively to this end. However, this
is not necessarily the case. Consider another explanation: Maybe, what appears to be intentional
deception is actually the model attempting to reason faithfully from beliefs that were corrupted
by the steering, but are genuinely held.'®

When we steer the model’s activations, we likely affect many features besides just its belief
about the answer. Features are dense in the activation space, and steering might inadvertently
alter the model’s beliefs about relevant facts. For instance, steering toward “plausible” might
cause the model to genuinely believe that Lionel Messi is a basketball player. In this case, while
the model’s world model would be incorrect, its reasoning process would still be faithful to its
(corrupted) beliefs.

For this hypothesis to explain our results, it would need to be the case that changes to beliefs
are systematic rather than random. It is unlikely that arbitrary changes to beliefs would cause
the model to consistently conclude the answer we are steering toward. A more likely explanation
is that there is a pattern to the way steering changes model beliefs, and this pattern changes
beliefs such that they result in conclusions that coincide with the direction of steering.

10T'm possibly doing too much anthropomorphization here. What I mean by “held” most nearly is that these
beliefs are a consistent part of the model’s world model.



For example, imagine that steering in the “implausible” direction activates the “skepticism”
feature in the model, causing it to negate most of its previously held beliefs during recall. Its
chain of thought, for instance, might look like “Lionel Messi does not exist. Taking a free kick is
not a real action in any sport. Therefore the sentence is implausible.” This sort of pattern could
cause the model to consistently conclude that the stated sentence is implausible, and would
explain confabulation while maintaining that the CoT is faithful.

However, there is a directional asymmetry in the ability of this “corrupted beliefs” hypothesis to
explain why steering causes the model to change its answer. When steering from “plausible” to
“implausible”, the model can achieve its goal through arbitrary negation of premises as suggested
above. But steering from “implausible” to “plausible” requires inventing aligned premises—
a much more constrained task. For example, to make “LeBron James took a penalty kick”
plausible, the model must either:

1. Believe LeBron James is a soccer player,

2. Believe penalty kicks are part of basketball, or

3. Believe both terms refer to some third shared sport.

The third option could potentially be explained by a pattern of belief corruption—perhaps steering
causes the model to think all statements are associated with one particular sport. For example,
the steering vector could be similar to the direction of the “tennis” feature, causing all factual
recall to be associated with tennis (similar to the way Golden Gate Claude assumed everything
was related to the Golden Gate Bridge [6]). But the results do not support this. Across examples,
the model uses many different sports to align its premises.

The coordination required to invent such aligned false premises makes random or even system-
atically corrupted beliefs an unlikely explanation. Instead, a more plausible explanation is the
intuitive one: that the model engages in intentional planning to support its predetermined
conclusion.

This suggests the model may have learned that generating convincing, internally consistent
reasoning is rewarded, even at the cost of factual accuracy. While newer models might be
better at self-reflection due to its instrumental value for complex reasoning, scaling up inference-
time compute could further entrench these deceptive behaviors, particularly for tasks that are
subjective in nature or difficult to validate. Future work should carefully consider whether
training objectives incentivize faithful reasoning or reward persuasive confabulation.
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