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Abstract

This study investigates the internal reasoning
mechanism of language models during sym-
bolic multi-step reasoning, motivated by the
question of whether chain-of-thought (CoT)
outputs are faithful to the model’s internals.
Specifically, we inspect when they internally
determine their answers, particularly before or
after CoT begins, to determine whether mod-
els follow a post-hoc "think-to-talk" mode or a
step-by-step "talk-to-think" mode of explana-
tion. Through causal probing experiments in
controlled arithmetic reasoning tasks, we found
systematic internal reasoning patterns across
models; for example, simple subproblems are
solved before CoT begins, and more compli-
cated multi-hop calculations are performed dur-
ing CoT.1

1 Introduction

A lengthy explanation may be produced in two
modes: as a post-hoc explanation to a predeter-
mined conclusion (think-to-talk) or by process of
reaching a conclusion while explaining (talk-to-
think). An analogy applies to large language mod-
els (LLMs) using chain-of-thought (CoT; Wu et al.,
2023)-style reasoning: is the output a post-hoc ex-
planation, or does it reflect step-by-step solving?

To answer this question, we applied causal prob-
ing to model internals at each layer during each
timestep to determine when the answer is reached
in CoT-style reasoning. This work joins a line of re-
search concerned with a mechanistic interpretation
of LLMs (Conneau et al., 2018; Tenney et al., 2019;
Niven and Kao, 2019; nostalgebraist, 2020; Li et al.,
2023; Heinzerling and Inui, 2024; Lieberum et al.,
2024; Yang et al., 2024c, i.a.) and the practical
necessity of controlling their behavior (Zhao et al.,
2019; Ganguli et al., 2023; Yang et al., 2024b, i.a.).
Specifically, we extend the target of existing analy-
sis from simple arithmetics, such as by Stolfo et al.

1The code/data will be made public upon acceptance.
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Figure 1: Probes predict each variable’s value from the
LLMs’ hidden states at each timestep×layer; a high
accuracy indicates where the model completes the corre-
sponding calculation (§ 3). Causal interventions (§ 4.1,
§ 4.2) revealed a somewhat indirect relationship be-
tween sub- and final answers.

(2023), to multi-step reasoning outputs, making it
possible to differentiate between simple and more
complex reasoning steps, as well as finding system-
atic evidence of reasoning being conducted both
before and during CoT.

In our experiments, we prepared a controlled
testbed of symbolic arithmetic reasoning tasks and
observed whether trained classifiers, given a set
of hidden representations, could accurately predict
the values of all variables in the test instance. By
comparing accuracies across each timestep, we can
observe at which point the model’s internals start
being informative to the probes, illustrating the
model’s internal reasoning flow. We repeated this
analysis across ten LLMs.

Overall, we found that simple single-step rea-
soning (e.g., A=2+3,A=?) is performed be-
fore CoT, and more complex reasoning (e.g.,
A=2+3,B=A+3,B=?) follows after CoT (§ 3; Fig 1).
Furthermore, causal interventions revealed that
such predetermined (sub-)answers impacted the
model’s final answer (§ 4.1), but their causal rela-
tionship was somewhat indirect (§ 4.2), elucidating
a mixed but systematic internal reasoning pattern
between think-to-talk and talk-to-think modes.
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Level INPUT OUTPUT #Step #Stack #Dist.

1 A = 1 + B−3
, B = 2−2; A =?−1 A = 1 + B

0
, B = 2 1, A = 1 + B

2
, A = 1 + 2

3
,

A = 3 4

1 1 0

2 A = 2 + 3−3
, B = 1 + A−2

; B =?−1 B = 1 + A
0

, A = 2 + 3
1

, A = 5 2, B = 1 + A
3

,
B = 1 + 5

4
, B = 6 5

2 0 0

3 A = 1 + B−3
, B = 2 + 3−2

; A =?−1 A = 1 + B
0

, B = 2 + 3
1

, B = 5 2, A = 1 + B
3

,
A = 1 + 5

4
, A = 6 5

2 1 0

4 A = 1 + B−4
, B = 2 + 3−3

, C = 4 + 5−2
; A =?−1 A = 1 + B

0
, B = 2 + 3

1
, B = 5 2, A = 1 + B

3
,

A = 1 + 5
4

, A = 6 5

2 1 1

5 A = 1 + B−4
, B = 2 + C−3

, C = 1 + 2−2
; A =?−1 A = 1 + B

0
, B = 2 + C

1
, C = 1 + 2

2
, C = 3 3,

B = 2 + C
4

, B = 2 + 3
5

, B = 5 6, A = 1 + B
7

,
A = 1 + 5

8
, A = 6 9

3 2 0

Table 1: Examples of arithmetic reasoning tasks employed in our experiments. We set 5 levels with different
complexities, e.g., #Step number. Specifically, #Step indicates the number of required operations to reach the
final answer. #Stack indicates how many variables’ values are not immediately determined in their first appearing
equation. #Dist. is the number of unnecessary distractor equations. The equation position (e.g., −3) is noted in
each equation’s lower right corner, which is referred to by the RSPeq score and eq(·) function in Eq.2.

2 Experimental settings

2.1 Evaluation task

Dataset: We adopt five settings with different
complexity levels, e.g., the number of required rea-
soning steps to reach the answer (see Table 1); these
data are borrowed from Kudo et al. (2023). Each
problem consists of equations with primitive oper-
ations, such as reference (A=B), assignment (B=1),
and arithmetic operation (C=1+3), finally asking for
the value of a particular variable vn. We create
12,000 instances in each level (10,000 for training
probing classifiers and 2,000 for testing their ac-
curacy; see § 2.2) by changing the variable names
and numbers appearing in the equations (see Ap-
pendix A for details).

Model inference: In each task level, given the
INPUT x, models must generate an OUTPUT con-
sisting of intermediate steps z and a final answer
y, e.g., A=3. The task is formatted in a few-shot
setting that provides three examples with the exact
same levelAs a sanity check, we confirmed that our
used models could follow the OUTPUT formant
and solve the tasks with nearly 100% accuracy.

Research focus: As stated in § 1, our question
is when models solved the (sub)problems in the
CoT-style reasoning. A key to answering this ques-
tion will be where it is possible to extract the final
answer (or necessary information for it) from the
model’s internal representations—we observe rea-
soning patterns across task levels and models (§ 3).

2.2 Probing

For each task level, we train a linear probe (Alain
and Bengio, 2017) for each combination of token

position t, layer number l, and i-th variable vi in
a problem to predict the number finally assigned
to vi. Specifically, given a model’s hidden state
ht,l ∈ Rd, the probing classifier ft,l,vi(·) : Rd →
{0, . . . , 9} predicts the correct value of vi (Ap-
pendix B). If a probe could yield a good accuracy,
this suggests that the computation of vi value is al-
ready done at the corresponding position (position
t and layer number l). Figure 2 shows an example
of our probing results at level 3, where, for exam-
ple, the value of B can be extracted in INPUT and
thus already computed before CoT begins. § 4 ana-
lyzes the causal relationship between the identified
reasoning patterns and the final answer, supporting
the validity of our linear probing approach.

2.3 Evaluation metrics
The probing results are aggregated as follows:

RSPtok(vi) =

min{t | max
l

acc(t, l, vi) > τ} , (1)

RSPeq(vi) = eq (RSPtok(vi)) , (2)

where acc(t, l, vi) ∈ [0, 1] indicates the accu-
racy of probing classifier ft,l,vi . The RSPtok and
RSPeq (relative spike position; RSP) indicate when
is the first time probing classifier achieved a high
accuracy above τ (= 0.90 in our study), and position
is denoted as the token or equation index, respec-
tively. eq(·) : Z → Z in Eq. 2 maps a token index
to the equation index it belongs to (see Table 1).
The token/equation indices are denoted as a relative
position to the start of OUTPUT (t = eq(t) = 0)
where CoT begins, i.e., t ∈ Z takes a negative
value in an INPUT part. The lower bounds of RSP
scores (at which position the value of a variable
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Figure 2: Probing results for Qwen2.5-7B at the task level 3. The input sequence below the graphs is one example
(the results are averaged over the test set). The upper part indicates the maximum probing accuracy achieved at each
token position t. The bottom part shows the probing accuracies in each token t, layer l, and variable vi. § 4 analyzes
their causal relationship with the final answer.

is uniquely determined first) can be determined
by a left-to-right greedy solver and reported as a
gold baseline in our experiments. In the example
of Figure 2, for example, RSPtok(B) is a negative
value, indicating that B value was computed before
CoT begins. For reference, we additionally report
three types of accuracy: Acc<CoT, Acc>CoT, and
task accuracy. Acc<CoT and Acc>CoT indicate the
maximum probing accuracy achieved before and
after CoT begins. Task accuracy indicates the exact
match accuracy of OUTPUT (i.e., z and y).

3 Experimental results

Across task levels: We first analyze Qwen2.5-
7B (Qwen Team, 2024) across the five task levels.
Table 2 shows RSP scores as well as how many
primitive operations are required to compute the
value of vi (#steps) and their low bounds of RSPeq

(eq*). The results show that variables with fewer
required reasoning steps (#steps≤1) achieved the
lower bound of RSPeq (bold scores in Table 2), and
vice versa. This clear pattern is also reflected in the
contrast between Acc<CoT and Acc>CoT (larger
contrast is shown in variables with many required
steps). Furthermore, these patterns have emerged
robustly across five levels. That is, the model had
selectively solved single-step subproblems before
CoT began and resolved more complicated multi-
step computations during CoT. Appendix D shows
the fact that consistent results can be obtained inde-
pendent of in-context example selections and some
sanity checks for our approach.

Variable RSP (↓) Acc (↑)

Level name in Table 1 #steps eq* eq < CoT > CoT Task

1 A 1 −2 −2 99.6 100 100
B 0 −2 −2 100 100

2 A 1 −3 −3 100 100 100
B 2 −2 3 52.1 100

3 A 2 −2 3 54.7 100 100
B 1 −2 −2 99.7 100

4 A 2 −3 4 46.0 100
100B 1 −3 −3 99.2 100

C 1 −2 −2 99.1 34.5

5 A 3 −2 7 25.1 100
100B 2 −2 5 49.0 100

C 1 −2 −2 99.8 100

Table 2: The results of Qwen2.5-7B on five levels. The
eq* and eq indicate the lower bound and model’s RSPeq

scores. The < CoT, > CoT, and task accuracies are
introduced in § 2.3.

Across models: We further analyzed ten models
listed in Table 3 on the level 3 task. Almost the
same results as Qwen2.5-7B are generally obtained
across various models, enhancing the generality of
our obtained findings. For more precise compar-
isons, we also computed the RSPtok scores, and
larger models could induce the intermediate an-
swer slightly earlier than smaller ones, e.g., lower
RSPtok for Yi1.5-34B than Yi1.5-9B.

4 Causal interventions

We investigate the causal dependencies between the
predetermined answers identified by our probing
(§ 3) and the models’ final answer through causal
intervention analysis. We use Qwen2.5-7B and



RSP (↓) Acc (↑)

Model variable eq tok < CoT > CoT Task

Qwen2.5 (7B) A 3 22 54.7 100 100(Qwen Team, 2024) B −2 −5 99.7 100

Qwen2.5 (14B) A 3 22 72.5 100 100(Qwen Team, 2024) B −2 −5 100 100

Qwen2.5 (32B) A 3 21 69.7 100 100(Qwen Team, 2024) B −2 −5 100 100

Qwen2.5-Math (7B) A 3 22 63.4 100 100(Yang et al., 2024a) B −2 −5 100 100

Yi1.5 (9B) A 4 32 50.0 100 100(Young et al., 2024) B −2 −5 96.5 100

Yi1.5 (34B) A 3 25 57.7 100 100(Young et al., 2024) B −2 −5 100 100

Llama3.1 (8B) A 3 22 63.4 100 100(Dubey et al., 2024) B −2 −5 92.2 100

Llama3.2 (3B) A 5 36 47.9 98.0 97.6(Dubey et al., 2024) B 2 10 86.5 99.5

Mistral-Nemo (12B) A 5 35 39.6 100 99.6(Mistral AI Team, 2024) B −2 −5 91.4 100

Table 3: Results for various models on the task level
3. The “tok” column shows the RSPtok score, and the
other columns are same as Table 2. RSP scores that are
the same as their lower bounds are bolded.

task level 3 format in the following analyses.

Activation patching: We employ an activation
patching (Vig et al., 2020; Meng et al., 2022; Zhang
and Nanda, 2024), which is one widely adopted
technique in mechanistic interpretability research.
Let us concisely introduce the method in our con-
text: to inspect the causal relationship between a
specific hidden state ht,l and a final answer y, the
state is replaced with another one h̃t,l obtained
from the same model but with a different input
context x̃. Then, if the model’s subsequent an-
swer changed to be consistent with x̃ rather than
x, one can confirm their causal dependence. More
concretely, in Figure 2, h−5,12 seems to have the
information of B value. Its causal relationship
with final answer A=6 will be confirmed if the
answer changes to, e.g., A=7 by replacing h−5,12

with other one h̃−5,12 with a modified context of
x̃ (A=1+B,B=2+4...) instead of the original one x
(A=1+B,B= 2+3...).

4.1 Causality between prior and final answer

We compare the model’s final answer y (A=?) when
applying the intervention of B value to the hidden
states associated with high probing accuracy for
B (H+) and those with low accuracy (H−); see
Appendix E for details. We observed that the in-
tervention to H+ always altered the final answer
A, while the intervention to H− never changed the

answer, corroborating the general causal dependen-
cies between the predetermined answers B eluci-
dated by our probes (§ 3) and the models’ final
answer A. In this analysis, the model is generating
the OUTPUT part as a free-style generation (same
as § 3). Appendix E shows more detailed results.

4.2 What happens when predetermined
answer conflicts with reasoning chain

In some practical scenarios, e.g., model ensem-
bles, a reasoning chain from another information
source can be inputted into the model, which poten-
tially conflicts with its own predetermined answer.
We additionally analyze how strongly the model
sticks to its own predetermined answers against
such a conflict. To test such cases, we apply the
activation patching only to the B value in the IN-
PUT part (e.g., B=2+3... → B=2+4...) by inter-
vening the hidden states H+ same as 4.1, while
teacher-forcing the original OUTPUT (B=2+3...)
as a subsequent context, which contradicts with the
intervened INPUT. Interestingly, the generated fi-
nal answer was always consistent with the original
OUTPUT (B=2+3...) rather than the intervened
INPUT (B=2+4...) over all the test instances.

To sum up, the model’s prior decisions indeed
biased the final answer (§ 3) but can be easily over-
written by new information in the context between
the input and the final answer parts. In this sense,
the model’s final answer does not directly refer to
its own internal prior answers (like the red arrow in
table 2) and thus is not always faithful to them. This
can be seen as two-stage reasoning—they first se-
lectively resolve some simple subproblems and in-
ternally combine/refine/decline them step-by-step
through the CoT process.

5 Conclusions

We conducted causal probing analyses of when
(sub-)answers are determined in the CoT process,
using synthetic arithmetic problems as a controlled
testbed. We found systematic evidence of inter-
nal reasoning patterns—simple subproblems are
solved before the CoT begins, and more compli-
cated multi-step calculations are performed dur-
ing CoT. Our results extend our understanding of
LLMs’ symbolic reasoning process during multi-
step reasoning, providing evidence for both a post-
hoc "think-to-talk" mode and step-by-step "talk-to-
think" mode of explanation.



Limitations

Comprehensiveness of experimental settings
Some experiments were conducted with a limited
scope; for example, the experiments with various
models in § 3 are conducted only on the level 3
task. Additionally, causal interventions (§ 4) are
performed only with Qwen2.5-7B. Conducting our
experiment with more models and tasks will fur-
ther enhance the generalizability of the results, al-
though some concerns (e.g., robustness to different
in-context examples) were addressed in the Ap-
pendix.

Variety of task We analyzed the internal reason-
ing patterns of language models using synthetic
arithmetic reasoning tasks. The use of synthetic
data allows for more detailed control compared
to experiments on natural language tasks. How-
ever, vocabulary and expression diversity, for ex-
ample, are limited compared to natural language
tasks. Therefore, conducting similar analyses on
reasoning tasks will verify whether the results of
this study apply to other broader, realistic contexts
as well.

Probing methods Interpreting internal mecha-
nisms of LMs using probing have been actively
conducted in our fields (Conneau et al., 2018; Ten-
ney et al., 2019; Campbell et al., 2023; Li et al.,
2023); however, there are criticisms regarding the
validity of some probing approaches (Liu et al.,
2023; Burns et al., 2023). One way to overcome
such concerns will be to analyze the generality of
obtained results through more diverse methodolo-
gies (Gurnee et al., 2023; Bricken et al., 2023).

Ethics statement

This paper will not raise particular ethical concerns,
considering that (i) no human experiments were
conducted, and (ii) our tasks do not involve ethi-
cally sensitive topics.
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#train instances 10,000
Optimizer SGD (Robbins, 1951)
Learning rate 1.0× 10−3 (constant)
Batch size 10,000
Epochs 10,000

Table 4: Hyperparameters for training the probe

A Details of arithmetic tasks

The numbers appearing in each instance are from
0 to 9, and the variable names are sampled from
the 26 different alphabets [a-z]. The operators are
either addition (+) or subtraction (−). To standard-
ize the INPUT and OUTPUT token numbers for all
evaluation instances at each level, we controlled the
equations so that single-digit numbers [0-9] (even
after arithmetic operations) were assigned to each
variable.

B Training settings for linear probes

We trained linear probes in § 2.2. For each combi-
nation of input token t, layer l, and variable vi in the
problem, we train an independent probe ft,l,vi(·)
that predicts the number assigned to vi, given a
hidden state ht,l:

ŷt,l,vi = ft,l,vi(ht,l)

= argmax
C

Wt,l,viht,l , (3)

where, Wt,l,vi ∈ R|C|×d is the parameter of the
probe. Notably, we formulate the probe as a ten-
class classification problem (i.e., C=[0-9]) rather
than a regression model to align our setting with
typical probing experiments. That is, the probe for
each combination of (t, l, vi) is trained to minimize
the following cross-entropy loss:

Lt,l,vi = −
|X|∑
j=1

Y [j]
vi log(softmax

C
Wt,l,vih

[j]
t,l) ,

(4)
where |X| is the number of test instances, Y [j]

vi ∈
RC is the one-hot encoding of the gold label of a
variable vi in j-th test instance, and h

[j]
t,l is the cor-

responding hidden state of an LLM in j-th instance.
The hyperparameters are listed in Table 4.

C Additional experiments for § 3

C.1 Prompt differences
We examined whether altering the method of few-
shot prompting influences the model’s internal rea-
soning pattern. Specifically, we investigated the

Architecture

Base Architecture OPT (Zhang et al., 2022)
Transformer layers 8
Hidden size 1,024
Feed-forward size 4,096
Attention heads 16

Hyperparameters for Expert model

#train instances 200,000
Optimizer Adam

(Kingma and Ba, 2015)
(β1 = 0.9, β2 = 0.999, ϵ = 1 ×
10−8)

Learning rate scheduler cosine
(Loshchilov and Hutter, 2017)

Learning rate warmup 500
Learning rate (maximum) 3.0 × 10−5

Gradient clipping 1.0
Dropout 0.1
Batch size 16,384 tokens
Epochs 500

Hyperparameters for General model

#train instances 1,000,000 examples
Optimizer Adam

(Kingma and Ba, 2015)
(β1 = 0.9, β2 = 0.999, ϵ = 1 ×
10−8)

Learning rate scheduler cosine
(Loshchilov and Hutter, 2017)

Learning rate warmup 500
Learning rate (maximum) 1.0 × 10−4

Gradient clipping 1.0
Dropout 0.1
Batch size 16,384 tokens
Epochs 50

Table 5: Hyperparameters and model architecture for
General Model and Expert model

differences in internal reasoning patterns between
cases where the model is provided with three equa-
tions of the same level as the evaluation task (same
level prompting) and cases where the model is pro-
vided with 502 randomly generated equations con-
sisting of three equations (general prompting), as
described in Section 2.1. Table 7 shows a compar-
ison of RSP between the two prompting methods.
The experimental results showed no difference in
RSP between these two prompting methods. There-
fore, it is considered that the impact of the format
of few-shot prompting on the internal reasoning
pattern is limited.

C.2 Models trained from scratch

As a sanity check to confirm that our probing ap-
proach indeed renders different results depending
on the targeted models, we compare the probing
results between two models trained on extremely
different data.

2Due to the insufficient performance of the model on the
task, the number of demonstrations in general prompts is larger
than that in same level prompts.



RSP (↓) Acc (↑)

#steps eq tok Max Task

Expert model v0 2 −2 −8 100.0
v1 1 - - 83.2 100.0
v2 1 - - 21.5

General model v0 2 −2 −8 100.0
v1 1 −2 −8 98.8 99.9
v2 1 −1 −2 98.2

Table 6: The results of the Expert model and General
model. The “eq” columns indicate the model’s RSPeq

score. The “tok” column shows the RSPtok score The
Max scores refers to the highest accuracy achieved by
the probe. Task represents the accuracy of the model
in the evaluation task. “-” indicates that the accuracy of
the probes never reached the threshold (τ = 0.9).

C.2.1 Settings
Specifically, we analyze the two transformer-based
LMs 3:

• EXPERT model: This model is trained only
on level 4. That is, the model can know, for
example, C (v2) is unnecessary to calculate
the final answer A=? (v0) and memorize the
solution, i,e., add the first three numbers.

• GENERAL model: This model is trained on
problems consisting of random combinations
of three or fewer equations.

The texts are tokenized at the character level.
We use the absolute position embeddings from the
Transformer (Vaswani et al., 2017) as embeddings
for each digit to make it easy for the model to learn
the magnitude relationships between digits. We
use randomly initialized embeddings for variables,
operators, and other non-numeric embeddings, and
only embeddings are frozen during training. Other
hyperparameters and model architectures are listed
in Table 5.

C.2.2 Experimental results
We employed the level 4 task introduced in Table 1.
Figure 3 and Table 6 show the results of the prob-
ing for the GENERAL model and EXPERT model.
The results show strikingly different pictures be-
tween the two models. For example, in the EXPERT

model, the probe accuracy for B (v1) never reaches
nearly 100% (Table 6) probably due to its memo-
rization of shallow solution (i.e., add the first three
numbers). In contrast, in the GENERAL model,

3We used Hugging Face Transformers (Wolf et al., 2020)
as the implementation.

Variable RSP (↓) Acc (↑)

Prompting fromat name #steps eq* eq < CoT > CoT Task

same level v0 2 −3 4 46.0 100
100v1 1 −3 −3 99.2 100

v2 1 −2 −2 99.1 34.5

general v0 2 −3 4 45.8 99.9
99.9v1 1 −3 −3 99.9 100

v2 1 −2 −2 99.8 45.6

Table 7: Evaluation results of same level promting and
general prompting. The eq* and eq columns indicate the
lower bound and model’s RSPeq score. The < CoT and
> CoT scores correspond to the accuracies introduced
in § 2.3. Task represents the accuracy of the model in
the evaluation task.

the probe accuracy for A (v0) increases, followed
by an increase in the probe accuracy for B (v1)
(Figure 3).

Relatedly, the distractor equation (v2 = 4+5) is
only solved by the GENERAL model, i.e., the EX-
PERT model skipped the calculation of the distrac-
tor. Specifically, the probe accuracy for predicting
the value of v2 reaches a maximum of 98.2% in
the GENERAL model, while it is only 21.5% in the
EXPERT model. This suggests that the GENERAL

model performs calculations for all equations, re-
gardless of the necessity for the final answer. Such
different and intuitive results between the two mod-
els support the fact that our probing approach can
indeed render their different internals for different
models.

Notably, one can also see some consistent pat-
terns between the two models; for example, in both
EXPERT and GENERAL models, the probe accu-
racy for predicting B (v1) increases immediately
after they take necessary information to determine
the value of B (v1).

D Discussion of results in § 3

Distractors: In task level 4, the value of C (v2) is
unnecessary for determining the final answer (dis-
tractor), and this fact can be guessed based on the
in-context examples. From Table 2, the maximum
accuracy of the probe for C v2 in level 4 was almost
100%. Furthermore, the RSPtok(v2) matched the
lower bound (eq*). This suggests that the mod-
els tend to calculate equations even when they are
unnecessary for the final answer, implying their
somewhat redundant internal reasoning.

Error analysis: Figure 4 presents the top-1 pre-
dictions of the probe for B on instances where
Llama3.2-3B generated incorrect answers for Task



Expert Model General Model

Figure 3: Probing results for models trained only on arithmetic reasoning tasks. The vertical axis represents the
index of the transformer layer. The horizontal axis represents the tokens input to the model over time. The vertical
axis of the line graph shows the maximum accuracy of the probes at each position (time) t. It can be observed that
the probe accuracy for the value of v2, an unnecessary equation for the final answer, is low in the Expert model.

3). The equations at the bottom represent the an-
swers generated by the model, with the incorrect
responses highlighted in red. Figure 4 illustrates
that the model successfully derives the correct an-
swer during inference (green text in Figure 4), but
it transitions to an incorrect answer immediately
before output (red text in Figure 4). A detailed
analysis of what causes this shift to an incorrect
answer just before output is left for future work.

E Detailes of causal interventions § 4

In § 4, we employed activation patching to vali-
date the probing results and explore the underlying
mechanisms to generate the final answer. Here,
we provide details of the experimental setup and
the results of probing when activation patching is
applied.

Experimental setup As described in Section 4.1,
we applied activation patching to the hidden states
with high probe accuracy (H+) and low probe
accuracy (H−). Our analysis focused on the
Qwen2.5-7B at task level 3. Based on the probe
accuracy for the variable B (v1) shown in Figure 2,
we defined H+ and H− as follows: H+ = {ht,l |
l ≥ 12, 13 ≤ t ≤ 14}, H− = {ht,l | l ≥ 12,
15 ≤ t ≤ 17}.

Experimental results Table 8 aggregates the re-
sults of our causal intervention analysis.

Visualization of activation patching Figure 5
shows the visualization of the probing results when
activation patching is applied. The gray boxes high-
light the areas where the hidden states of other
problems have been patched. The accuracy of the
probes in the patched areas exhibits a significant

Setting Patch states OUTPUT Unchanged rate Success rate

1 H+ self 0.00 100
2 H− self 100 0.00
3 H+ original 100 0.00

Table 8: OUTPUT refers to the configuration of the
language model’s output. The “self” setting allows the
model to generate text by the model itself. The "origi-
nal" setting refers to the force-decoding of gold labels
when patching is not applied. The unchanged rate rep-
resents the ratio of final answers that remain constant
despite activation patching. The success rate indicates
the ratio of final answers that changed to a new output
upon applying a patch state.

decline, confirming that the model’s internal state
changed.

F All probing results

Figures 6 to 18 show the probing results for all
models and tasks mentioned in this paper.

G Computational resources

We used NVIDIA A100 GPUs (40GB and 80GB
memory) to conduct this study.

H Usage of AI assistants

For writing this paper and the source code for the
experiments, we use AI assistants (e.g., ChatGPT,
GitHub Copilot). However, the use is limited to
purposes such as code completion, translation, text
editing, and table creation, and the content is based
on the authors’ ideas.



Value of y

Value of n
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Figure 4: Error analysis of cases where Llama3.2-3B generated incorrect answers. The vertical axis represents
the index of the transformer layer. The horizontal axis represents the tokens input to the model over time. The
numbers in the figure indicate the labels predicted by each probe (top-1) at each layer and time step. The numbers
highlighted in green represent the gold labels for the predictions, while those highlighted in red denote the values
incorrectly generated by the language model.



Setting 1:Patching the area with high probe accuracy for predicting 𝑣! (𝐻")

Setting 2:Patching the area with low probe accuracy for predicting 𝑣! (𝐻#)

Setting 3:Patching the area with high probe accuracy for predicting 𝑣! (𝐻") (w/ forced decoding)

Input Output

Input Output

Input Output

Figure 5: Probing results when activation patching is applied. The vertical axis represents the index of the
transformer layer. The horizontal axis represents the tokens input to the model over time. The gray boxes highlight
the areas where the hidden states patched.

Qwen2.5-7B Level 1

Figure 6: Probing results when Qwen2.5-7B solves Task 1.



Qwen2.5-7B Level 2

Figure 7: Probing results when Qwen2.5-7B solves Task 2.

Qwen2.5-7B Level 3

Figure 8: Probing results when Qwen2.5-7B solves Task 3.

Qwen2.5-7B Level 4

Figure 9: Probing results when Qwen2.5-7B solves Task 4.

Qwen2.5-7B Level 5

Figure 10: Probing results when Qwen2.5-7B solves Task 5.



Qwen2.5-14B Level 3

Figure 11: Probing results when Qwen2.5-14B solves Task 3.

Qwen2.5-32B Level 3

Figure 12: Probing results when Qwen2.5-32B solves Task 3.

Qwen2.5-Math-7B Level 3

Figure 13: Probing results when Qwen2.5-Math-7B solves Task 3.

Yi1.5-9B Level 3

Figure 14: Probing results when Yi1.5-9B solves Task 3.



Yi1.5-34B Level 3

Figure 15: Probing results when Yi1.5-34B solves Task 3.

Llama3.1-8B Level 3

Figure 16: Probing results when Llama3.1-8B solves Task 3.

Llama3.2-3B Level 3

Figure 17: Probing results when Llama3.2-3B solves Task 3.

Mistral-Nemo-Base Level 3

Figure 18: Probing results when Mistral-Nemo-Base solves Task 3.
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