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Abstract

Large language models (LLMs) excel on a va-
riety of reasoning benchmarks, but previous
studies suggest they sometimes struggle to gen-
eralize to unseen questions, potentially due to
over-reliance on memorized training examples.
However, the precise conditions under which
LLMs switch between reasoning and memo-
rization during text generation remain unclear.
In this work, we provide a mechanistic under-
standing of LLMs’ reasoning-memorization dy-
namics by identifying a set of linear features
in the model’s residual stream that govern the
balance between genuine reasoning and mem-
ory recall. These features not only distinguish
reasoning tasks from memory-intensive ones
but can also be manipulated to causally influ-
ence model performance on reasoning tasks.
Additionally, we show that intervening in these
reasoning features helps the model more ac-
curately activate the most relevant problem-
solving capabilities during answer generation.
Our findings offer new insights into the un-
derlying mechanisms of reasoning and mem-
ory in LLMs and pave the way for the de-
velopment of more robust and interpretable
generative Al systems. Our code and data
are at https://github.com/yihuaihong/
Linear_Reasoning_Memory_Features.

1 Introduction

Large language models (LLMs) have demonstrated
impressive capabilities in tackling complex rea-
soning tasks (Roziere et al., 2023; OpenAl, 2024;
Guo et al., 2025). However, these models some-
times struggle with more straightforward reasoning
problems, particularly when faced with questions
that differ significantly from those encountered dur-
ing training (Dziri et al., 2024; Hu et al., 2024;
Xie et al., 2024). This generalization gap between
LLMs and human reasoning has led to the hypoth-
esis that these models are essentially “reasoning
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Figure 1: Main findings of our study: (a) There ex-
ists a set of linear features (LiReFs) in the LLM resid-
ual stream that drives the model to switch between
reasoning and memorization modes with different lev-
els of generalizability. (b) LiReFs generally explain
model reasoning capability across various knowledge
domains and languages. (c) Model activation values
along LiReFs correlate strongly with model general-
izability on reasoning tasks. (d) Intervening LiReFs
during inference time can further improve the model
reasoning performance and generalizability.

parrots” (Zecevic et al., 2023), relying heavily on
memorization of text patterns found in their pre-
training datasets (Carlini et al., 2022; Tang et al.,
2023; Shi et al., 2024), rather than engaging in
a rigorous, procedural reasoning process to solve
problems (Wei et al., 2022; Kojima et al., 2022;
Yao et al., 2023). Understanding the interplay be-
tween reasoning and memorization in LLMs is es-
sential, not only for advancing our understanding
of these models but also for developing more reli-
able, language-based reasoning systems in the fu-
ture (Lanham et al., 2023; Oren et al., 2023; Turpin
et al., 2024).

In the context of LLM reasoning, researchers
often conceptualize memorization as the inability
to generalize from familiar problems to their sys-
tematically modified counterparts. In this view,
reasoning and memorization are two extremes on
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the spectrum of model generalizability. To investi-
gate this, synthetic reasoning benchmarks are de-
signed, and memorization is assessed by measuring
changes in model performance across various se-
tups (Dziri et al., 2024; Xie et al., 2024; Ye et al.,
2024). Another line of research focuses on the in-
ternal mechanisms of LLMs, identifying specific
components or circuits responsible for tasks like
arithmetic (Hou et al., 2023; Stolfo et al., 2023a)
and commonsense reasoning (Geva et al., 2023;
Yang et al., 2024; Biran et al., 2024). However,
these studies primarily analyze model outputs or
hidden representations when dealing with carefully
crafted synthetic reasoning problems, limiting the
generalizability of their findings.

In this paper, we explore the reasoning-
memorization dynamic of LLMs from a mecha-
nistic perspective. Recent interpretability research
has demonstrated that LL.Ms encode interpretable
semantic features (Elhage et al., 2022; Park et al.,
2024)—such as safety (Arditi et al., 2024; Yu et al.,
2024), truth (Marks and Tegmark, 2023; Li et al.,
2024), sentiment (Tigges et al., 2023), and lan-
guage (Bricken et al., 2023)—as linear directions
within their activation space. We hypothesize that
there is a similar linear feature, which, when acti-
vated, enables the model to solve reasoning tasks
through systematic generalization. When this fea-
ture is not activated, the model remains in a “mem-
orization mode,” exhibiting low generalizability
when addressing variations of familiar reasoning
problems.

To examine our hypotheses, we apply methods
from linear semantic feature analysis (Burns et al.,
2023; Rimsky et al., 2024) and identify a set of
Linear Reasoning Features (LiReFs) in the residual
streams of LLMs. As shown in Figure 1, LiReFs
can be extracted by contrasting the hidden repre-
sentations of reasoning-intensive versus memory-
intensive questions. This contrast allows the two
types of questions to be linearly separated in the
model’s activation space. Furthermore, we demon-
strate via causal analysis (Stickland et al., 2024;
Hong et al., 2024) that by enhancing the LiReFs
during inference, we can shift the model into a
“thinking mode” with strong generalizability in ap-
plying reasoning rules or patterns. We show via ex-
tensive experiments on four different LLMs across
six datasets that the same set of reasoning features
explain and mediate model reasoning ability across
various knowledge domains and languages, sug-
gesting a general control mechanism of switching

between reasoning and memorization during model
inference.

The main contributions of our work can be sum-
marized as follows:

* We show that LLM reasoning capability is me-
diated by a set of linear features (LiReFs) in its
activation space. Such features govern model
generalizability in solving various reasoning
tasks including math, logical, and scientific
questions (Section 3).

We casually validate the functionality of our
discovered reasoning features by showing that
LLM reasoning generalizability can be en-
hanced by intervening LiReFs at inference
time (Section 4.1).

* We show via case analyses that mediating
LiReFs during inference time reduces LLM
reasoning errors and misapplication of model
reasoning or memorization ability. (Section
4.2).

2 Related work

Memorization in LLMs Memorization in LLMs
has been defined in various ways. In the context
of privacy and copyright, memorization is often
described as the model’s verbatim reproduction of
training data during generation (Carlini et al., 2022;
Biderman et al., 2023; Huang et al., 2024). Alter-
natively, some define memorization as the counter-
factual effect of omitting specific training data on
model predictions (Zhang et al., 2023; Hu et al.,
2024), reflecting memorization of rare, specific ex-
amples. In reasoning tasks, memorization is often
seen as poor generalizability to questions outside
the training data, as evidenced by studies on work
sequence reversal (McCoy et al., 2023) and alpha-
bet shifting (Prabhakar et al., 2024), which show de-
graded performance on infrequent patterns. Other
studies observe performance degradation from con-
trolled perturbations of input questions (Wu et al.,
2024; Xie et al., 2024). In this paper, we adopt
memorization as poor reasoning generalizability
and propose a novel mechanistic interpretation of
the reasoning-memorization dynamic during model
inference.

Understanding LLM reasoning Prior research
has sought to distinguish reasoning from memo-
rization, investigating whether LLMs genuinely
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infer new conclusions or merely reconstruct pat-
terns from pretraining data. Studies suggest that
LLMs undergo structured multi-step reasoning pro-
cesses, transitioning through distinct reasoning
stages that follow an ordered sequence of knowl-
edge retrieval and rule-based processing (Hou et al.,
2023). Similarly, extended training beyond over-
fitting (grokking) has been shown to lead to the
emergence of reasoning circuits, indicating that rea-
soning is a learned and structured capability (Power
et al., 2022; Liu et al., 2022; Nanda et al., 2023;
Wang et al., 2024a). Further studies on mathemati-
cal reasoning confirm that LLLMs compute neces-
sary information rather than memorizing templates,
with reasoning computations leaving identifiable
traces in model activations, particularly in the resid-
ual stream (Ye et al., 2024; Stolfo et al., 2023b).
Additionally, attention heads have been shown to
play a key role in both knowledge recall and la-
tent reasoning, suggesting that these processes are
distinct yet interconnected (Zheng et al., 2024).

Linear semantic features Recent advances in
model interpretability have revealed that language
models encode various semantic concepts as lin-
ear directions in their activation space (Park et al.,
2024). These linear semantic features have been
discovered by contrasting inputs that differ primar-
ily in the targe semantic dimension (Marks and
Tegmark, 2023). Once identified, these linear fea-
tures can be manipulated to control model behavior,
enabling targeted interventions during the genera-
tion process (Rimsky et al., 2024; Stickland et al.,
2024). Our work extends this line of study by
identifying linear features that mediate the model’s
ability to switch between genuine reasoning and
memory recall.

3 Linear reasoning features (LiReFs)

3.1 Background

Transformers A decoder-only transformer lan-
guage model (Vaswani et al., 2017) M maps an
input sequence of tokens x = [z,..., x| into
a probability distribution over the vocabulary for
next-token prediction. Within the transformer, the
i-th token z; is represented as a series of hidden
states h") (;). Within each layer [ € [L], two mod-
ules compute updates that are added to the layer
input h(~ (z;): (1) a multi-head self-attention
module outputs al) (), and a multi-layer per-
ceptron (MLP) outputs m") (z;). Putting together,
the hidden representation h¥) (z;) is computed as

h®(z;) = h=V(z) + a®(z;) + mY(z;) (1)

Following Elhage et al. (2021), we call each
h® (x;) the residual stream activation of x; at layer
l. We focus on the residual stream of the last token
a7 of the user turn, as the point when the model is

going to generate the first answer token, denoted
as H(z) = {hO(ar)};.

Reasoning feature extraction We follow the lin-
ear feature hypothesis and postulate that the rea-
soning capability of LLMs is mediated by a sin-
gle direction in the residual stream, and that by
steering this direction, it is possible to control
model interplay between reasoning and memoriza-
tion. We compute the linear reasoning features
(LiReFs) using the difference-in-means technique,
which effectively disentangles key feature infor-
mation as demonstrated by previous work (Marks
and Tegmark, 2023; Rimsky et al., 2024). Specif-
ically, given a collection of reasoning-intensive
questions T € DReasoning (€.g. “What is the an-
swer of (5 + 2) % 3?”) and another set of memory-
intensive questions * € Dyemory (€.2. “What is the
capital city of the USA?”), we calculate the differ-
ence between the model’s mean last-token residual
stream activations when running on two categories
of input questions:

> hl() > hl()

zE€DR, i €Dy,
r ( l ) — easoning emory (2)

| DReasoning | | DMemory |

The specific construction details of Dygemory and
DrReasoning are provided in Section 3.2.

Reasoning feature intervention Given a
difference-in-means vector r() extracted from
layer [, we can modulate the strength of the
corresponding reasoning feature via simple
linear interventions. Specifically, we can per-
form reasoning feature addition by adding the
difference-in-means vector to the activations of
an input question to shift it closer to the mean
activation of typical reasoning-intensive questions,
thereby unlocking model reasoning capability:

n'" (z) <~ hW(z) + axr® 3)

Similarly, one can perform reasoning feature
ablation by erasing the component along () for

“Here, we omit some details such as positional encoding
and layer normalization for brevity.
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every residual stream activation h(¥) (z):
W92) « h®(2) - hO@) @

where + = r®/|[r®|| is a unit vector encod-
ing the reasoning feature direction, and h¥) (z) —
##7h(z) is projection that zeroes out the value
along the reasoning direction.

3.2 Datasets and Models

Datasets We curate our dataset for LiReF extrac-
tion and analysis using the following existing ques-
tion answering benchmarks: 1) MMLU-Pro (Wang
et al., 2024b), which is a comprehensive QA bench-
mark covering a wide range of subjects, including
STEM, humanities and social sciences fields; 2)
the GSM-8K math reasoning dataset (Cobbe et al.,
2021) and its multilingual counterpart MGSM (Shi
et al., 2022); 3) the PopQA factual knowledge QA
dataset (Mallen et al., 2023), and 4) the humanity
sections of the C-Eval Chinese benchmark (Huang
et al., 2023). A detailed description of each dataset
can be found in §B.

To categorize QA questions into the contrastive
reasoning-intensive and memory-intensive subsets,
we employ LLLM-as-a-judge (Zheng et al., 2023)
by asking GPT-40 (OpenAl et al., 2024) to as-
sign a score between O and 1 to each question in
MMLU-Pro, where a score closer to 1 indicates a
reasoning-intensive question, and a score closer to
0 suggests a memory-intensive one. A score around
0.5 indicates that both reasoning and memory re-
call may be involved . To provide a more rigorous
quantitative assessment of the quality of GPT-40
assigned scores, we present human evaluation re-
sults on sampled questions in Section C.1. The
strong correlation between human ratings and GPT-
40 scores suggests that our automated annotation
pipeline is reliable. Next, we classified questions
with scores above 0.5 as MMLU-Pro-R (Reasoning
Part) and placed them in Dgeasoning, While ques-
tions with scores less than or equal to 0.5 were
classified as MMLU-Pro-M (Memory Part) and
placed in Dyjemory- For the other benchmarks, we
assign GSM8K and MGSM into Dgeasoning> and
put PopQA and C-Eval Chinese into Dyiemory-

Models We study LiReF by analyzing a diverse
collection of representative and influential base
models, as long as their instruction-tuned vari-
ants: LLaMA3-8B (base, instruct) (Grattafiori

"The prompt used is provided in §A.

et al., 2024), Gemma2-9B (base, instruct) (Team
et al., 2024), Mistrial-7B-v0.3 (base, instruct)
(Jiang et al., 2023), and OLMo2-7B (base, instruct)
(OLMo et al., 2025).

3.3 Analysis results

Figure 2 shows the 2-dimensional Principal Com-
ponent Analysis (PCA) visualization of the last to-
kens representations across different model layers
and six datasets in Dyjemory and DReasoning, Where
hidden representations are taken from a specific
middle layer of each model. ¥ Additional PCA
results for other layers of the models are provided
in Appendix C. We observe that the representations
of questions in Dygemory and DReasoning can be lin-
early separated by the reasoning features, which
are computed as the difference vector between cen-
troids of the two representation categories (the blue
arrows).

Robustness of LiReF extraction We also val-
idate that our extracted LiReFs indeed capture
model reasoning capability, as opposed to some su-
perficial lexical patterns that distinguish two ques-
tion categories. As suggested by Figure 2, for
each model, the same LiReF separates every con-
trastive pair of problem subsets in DReasoning and
Dhmemory, regardless of the task format (e.g., multi-
ple choice and the open-ended generation), domain
(e.g., physics, chemistry and math), or language
(e.g., English and Chinese). Moreover, we provide
in Appendix C more fine-grained PCA visualiza-
tions of questions from various subject domains
in MMLU-Pro, suggesting that even for questions
from disparate disciplines (e.g., physics vs. his-
tory), as long as both of their solutions require
strong reasoning capability, their hidden represen-
tations shall fall into the same reasoning subspace
as determined by the LiReF.

To quantitatively measure the relation between
LiReF and the reasoning capability required for an-
swering each question, we compute the layerwise
cosine similarity between the last question token
representation of each question and the correspond-
ing LiReF, as shown in Figure 3. For each LLM, we
also replicate the same analyses for its pre-trained
base version before instruction fine-tuning. A posi-
tive cosine similarity suggests a positive activation
value along LiReF and vice versa. We observe

*Figure 10 in the Appendix C shows that the top one prin-
cipal component already captures most of the mean differ-

ence (see Equation 2) between the activations in Dyemory and
DReasoning‘
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Figure 2: Visualization of the hidden states of four base models using 2-dimensional PCA. For each model, we
plot six groups of points across several datasets. We observe that: (1) For all four models, questions defined
as Reasoning-required and those defined as Memory-required can be naturally distinguished into two distinct
groups, as shown by the boundary (grey dashed line) fitted via logistic regression, with the blue arrows showing
the approximate direction of the Linear Reasoning Features. (2) In the extracted dimensions, the influence of task
domain and language within the same category on the distribution is not significant, and data requiring the same

capability naturally cluster together in the same region.
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Figure 3: Layerwise cosine similarity between the last token residual stream activations and the extracted Linear
Reasoning Features (LiReFs) in four base models and their corresponding instruction-tuned variants.

that for all eight models, questions in DReasoning
mostly activate the reasoning features positively,
while questions in Dygemory mostly have negative
LiReF activations, especially in the middle lay-
ers. Furthermore, on 3 out of 4 LLM families
(LLaMA3-8B, Gemma2-9B, and Mistral-7B-v0.3),
the layerwise cosine similarity profiles between
the base and instruction-tuned models are highly
consistent with each other, suggesting that LLMs
may have developed linear reasoning features to
mediate its emergent reasoning capability during
pre-training rather than post-training.

3.4 The gradient nature of
reasoning-memorization interplay

As observed in Figure 2, questions in Duemory
and Dgeasoning tend to have significantly negative
and positive activations along LiReFs, respectively.
This raises the question: what types of questions
fall near the reasoning-memorization boundary
(i.e., those with near-zero LiReF activation val-
ues)? Do these problems require both memory and
reasoning abilities to solve? We investigate this
question through the following experiments.
Figure 4 shows the relation between GPT-40-

LLaMA3-8B-base
Spearman p = 0.840 (p = 5.31e-161)

e

° PR &

: 51 IR A
;1; X & 1

S > > » ® R R
RN R RN RN S RS N S RN SFFELELEE S S

Reasoning Score Categories provided by GPT-40 Reasoning Score Categories provided by GPT-40

Mistral-7B-v0.3-base
Spearman p = 0.752 (p = 2.07e-110)

el

Projection Value
on Linear Reasoning Features (LiReFs)

RIRIRIRIEI)

Figure 4: Strong correlation between Projection Values
on the Linear Reasoning Features (LiReFs) direction
and the Reasoning Score provided by GPT-40, with
Spearman coefficients of 0.840 (LLaMA3-8B-base) and
0.752 (Mistral-7B-v0.3-base). The LiReFs projections
exhibit a spectrum-like distribution, where continuous
increases in Reasoning Scores correspond to progres-
sively rising Projection Values along the LiReFs direc-
tion.

assigned reasoning scores for each question in
MMLU-Pro, as discussed in Section 3.2, versus
the LiReF projection value #7h(®)(z) of its resid-
ual stream representation h(*) () by LLaMA3-8B-
base and Mistral-7B-v0.3 models. We observe that
as problems receive higher reasoning scores as-
signed by GPT-4o, they tend to have larger ac-
tivation values along the LiReF direction. This
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Figure 5: Visualization of the hidden states of two base
models on the datasets of MBPP, HumanEval, MMLU-
Pro-M and MMLU-Pro-R using 2-dimensional PCA.
The hidden states of coding tasks, which involve both
reasoning and memory recall, are positioned around the
boundary (grey dashed line) fitted via logistic regres-
sion.

correlation is notably strong across both models,
with Spearman correlation coefficients of 0.840 for
LLaMA3-8B-base and 0.752 for Mistral-7B-v0.3-
base. These findings suggest that problems with
near-zero LiReF activations likely involve both
memory and reasoning capabilities.

To further validate our results, we conducted ad-
ditional PCA experiments on the Coding tasks -
which have been identified by numerous studies as
a representative task type requiring both memory
and reasoning capabilities in LLMs (Zhao et al.,
2025; Chen et al., 2024). The results are shown
in Figure 5, where we observe that the residual
stream activations of two Coding tasks, MBPP
(Austin et al., 2021) and HumanEval (Chen et al.,
2021), are both positioned near the boundary. This
further supports our finding that data points situ-
ated between the two extremes represent task types
that engage both memory and reasoning abilities in
LLM:s.

4 Causal validation of LiReFs

4.1 Inference-time LiReF intervention

In this section, we conduct experiments where we
manually intervene in the residual stream activa-
tions during inference time. By adjusting the in-
tensity of linear reasoning features in model resid-
ual streams, we examine how model performance
on both memory-intensive and reasoning-intensive
tasks will change.

In particular, for all tokens of each question,
we modify their residual stream representations
in a specific layer by adding an intervention vector
along the LiReF direction, as suggested in Equation
3. To enhance the most relevant model capability,

we adopt negative values of a for Dygemory, and
positive « values for DReaoning- After carefully
tuning « on validation sets, we ask each model
to generate answers for questions in Dyiemory and
DReaoning, and measure its performance change un-
der inference-time LiReF intervention. More de-
tails about the experimental setup, including the
validation-test set splits, hyperparameter selection
criteria and inference settings can be found in Ap-
pendix D.

The main results are shown in Table 1. We ob-
serve that intervening LiReFs during inference time
effectively improves the performance of four LLMs
on both memory-intensive and reasoning-intensive
tasks. Moreover, the improvements remain con-
sistent across different task types, domains, and
languages, further supporting our claim that the
reasoning features in LLM residual streams cap-
ture general reasoning capability. In the next sec-
tion, we will present specific cases to illustrate how
reasoning feature intervention improves model per-
formance by reducing reasoning step errors and
correcting the misapplication of model abilities.

4.2 Cases Study

In the PCA analyses presented in Section 3.3, we
observed certain sample cases that, although la-
beled as reasoning-intensive by GPT-40 or by the
task name, have negative LiReF activations on the
memorization subspace. Similarly, some cases
that were labeled as memory-intensive instead fall
into the reasoning subspace with positive-valued
LiReFs. In this section, we analyze these cases
and also conduct LiReF intervention experiments,
aiming to correct any potential reasoning errors or
unfaithful reasoning steps.

Firstly, we collect questions in MMLU-Pro
whose reasoning label contradicts the actual feature
subspace in which they are positioned. (e.g., cases
whose GPT-40-assigned reasoning score is much
less than 0.5, but have a positive-valued LiReF ac-
tivation), and evaluate LLaMA3-8B-base on them
to identify a subset of questions where the model
provides incorrect answers. Then we obtained a
subset of 184 cases in total. Next, we perform
inference-time LiReF intervention on these exam-
ples following the same settings in Section 4.1,
and compare their accuracy and actual outputs be-
fore and after the intervention. We found that, by
shifting LiReF activation to have the sign that is
consistent with GPT-40-assigned reasoning score,
model accuracy on this subset jumps from 0 to 0.21.
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Memory-Intensive Datasets

Reasoning Datasets

Base Model MMLU-Pro-M PopQA C-Eval-H MMLU-Pro-R GSM-8k MGSM
LLaMA3-8B-base 41.1748.3 33.4/35.6 4521474 24.2/33.5 49.0/53.1 28.5/34.6
Gemma2-9B-base 37.57/50.1 29.2730.3 52.1/52.1 29.2144.7 61.9/63.5 45.8/47.0
Mistral-7B-v0.3-base ~ 37.8/43.6 30.1730.9 38.2/44.0 20.81721.7 35.1/36.2 12.0/12.0
OLMo2-7B-base 19.4/25.0 19.2/20.1 26.0/28.9 11.3/16.5 11.5/12.3 10.1/11.3

Table 1: The performance of four base models on six benchmarks, before and after feature intervention. The results
indicate that by shifting the residual stream of the reasoning-required or memory-required tasks further to the
specific feature regions, overall task performance can be substantially enhanced.

Table 2 presents some exemplar questions in our
analyses, together with model answers before and
after LiReF intervention. These results suggest that
LLM reasoning errors might not be due to a lack of
relevant knowledge, but are caused by the insuffi-
cient activation of its acquired generalizable think-
ing capabilities, which can be alleviated through
targeted inference-time intervention of reasoning
features.

4.3 Reasoning Generalization Effects

In the previous experiments, we noticed that the fea-
tures of certain questions from reasoning datasets
lie in the memory subspace with negative LiReF
activations. Therefore, we suspect that the mod-
els might have solved these reasoning questions
through memorization (possibly due to training
data contamination), rather than applying genuine
reasoning capability that is generalizable under sys-
tematic input variation. To verify this hypothesis,
we conduct additional features intervention experi-
ments on GSM-Symbolic (Mirzadeh et al., 2025) in
this section. GSM-Symbolic is a variant of GSM-
8k. It selects 100 question templates from GSM-8k
and then generates 50 different instances for each
template by varying numerical conditions, results,
and other factors. The resulting dataset contains
5,000 data points, making it ideal for a reliable
evaluation of the model’s reasoning generalization
capabilities.

Figure 6 shows mean model accuracy on GSM-
Symbolic, GSM-8k, and MMLU-Pro-M under
inference-time LiReF intervention. We can see that
as the intervention intensity « increases from 0, the
performance of all four models on both GSM-8k
and GSM-Symbolic rises consistently. On the other
hand, as « decreases from 0, we observe that, com-
pared to GSM-8k, GSM-Symbolic experiences a
more significant performance drop with suppressed
LiReFs. Notably, the performance gain and loss
on GSM-Symbolic suggests that LiReF interven-

tion is likely enhancing the genuine model reason-
ing capability that is generalizable, as opposed to
case-based reasoning skills that rely more on mem-
orization of particular training examples. Interest-
ingly, we also observe that the performance drop
on GSM-8K under LiReF suppression is less pro-
nounced compared to GSM-Symbolic, and there is
even a slight improvement with a moderate suppres-
sion when setting « = —0.05. This implies that
the model might have previously been exposed to
GSM-8K due to data leakage, and therefore adopts
a memory-intensive strategy to answer these ques-
tions. While for MMLU-Pro-M, performance im-
proves steadily as « decreases, supporting our ob-
servation that reducing the projection values of the
model’s residual stream in the LiReFs direction en-
hances the model’s ability to recall from memory.

5 Conclusion

In this study, we show that the reasoning and mem-
orization abilities of LLMs across various domains
and languages are driven by a shared set of lin-
ear reasoning features within their activation space.
These features can be uncovered by contrasting
the hidden representations of reasoning-intensive
and memory-intensive queries. Furthermore, we
demonstrate that intervening on these Linear Rea-
soning Features (LiReFs) during model inference
improves both accuracy and robustness to pertur-
bations when handling reasoning tasks. We also
reveal that manipulating these reasoning features
enables the model to more precisely activate the
most relevant problem-solving capabilities during
answer generation. Our findings offer a mecha-
nistic understanding of how reasoning and memo-
rization interact in LL.Ms, providing a foundation
for future research aimed at building more capa-
ble and interpretable generative reasoning systems.
Additionally, our work suggests that enhancing the
interpretability of these underlying features could
lead to more efficient and focused interventions,
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Example Question

Answer before Intervention

Correct Answer after Intervention

| Error Reason

Speed of data transmission in 4-
G network of telecom is?

4G networks are designed to provide ultra-
fast speeds, and with advancements in LTE-
Advanced and carrier aggregation, they can
reach speeds as high as 10 Gbps. The an-
swer is 10 Gbps.

The speed of data transmission in a 4G
network typically ranges from 100 Mbps
(megabits per second) to 1 Gbps (gigabit per
second), depending on factors such as net-
work congestion. The answer is 100 Mbps
to 1 Gbps.

Shallow Mem-
ory recall

A sound wave with frequency
f travels through air at speed v.
With what speed will a sound
wave with frequency 4f travel
through the air?

4f is four times the frequency of f, so the
wavelength of 4f is one-fourth the wave-
length of f. Since the speed of sound is the
product of frequency and wavelength, the
speed of 4f is one-fourth the speed of f. The

The speed of sound in air is independent of
the frequency of the sound wave. It only
depends on factors like the medium and the
temperature of the air. So, if a sound wave
with frequency f travels through air at speed

Overthinking

answer is v/4.

v, a sound wave with frequency 4f will also
travel through the air at the same speed, v.
The answer is v.

Table 2: Example questions and outputs before and after features intervention on the LLaMA3-8B-base model.
They are both Memory-Intensive questions, but the features were incorrectly positioned in the Reasoning region.
After shifting the Features to the appropriate region, the error was corrected.
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Figure 6: Performance of the four base models on the GSM-8k, GSM-Symbolic, and MMLU-Pro-M datasets, with
varying hyperparameter « to control the intensity of feature intervention, shows that all four models exhibit potential
data leakage risks on the GSM-8k dataset. The models may rely on memory to achieve good performance on this

reasoning task.

contributing to the development of models that are
both more powerful and more transparent in their
decision-making processes.

Limitations

Our work has several limitations. First, we only
studied reasoning features in relatively small LLMs,
while recent studies show that by scaling up both
model size and inference-time computation, the
reasoning capability of LLMs can be significantly
improved (Hoffmann et al., 2022; OpenAl, 2024).
Second, we have focused mostly on reasoning prob-
lems that can be addressed through short answers,
while it remains unclear whether LiReFs can be
utilized to enhance model’s ability of performing
deliberate reasoning via various prompt engineer-
ing techniques such as chain-of-thought (Wei et al.,
2022), self-reflection (Shinn et al., 2024), and tree-
of-thought (Yao et al., 2024). Third, we formu-
late memorization as performance inconsistency
against reasoning question perturbation, while an-
other line of LLM reasoning research has employed

a different definition of counterfactual memoriza-
tion —i.e., change of model answers on particular
test questions after removing a similar example
from training data (Zhang et al., 2023; Hu et al.,
2024). Future work should investigate Whether
perturbational and counterfactual memorization are
mechanistically equivalent and, therefore, can be
both mediated by LiReFs.
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A Prompts

Table 3 presents the prompt we used to query GPT-
40 to assign a Reasoning Score to each question.

B Details of Datasets

Here, we provide further details about the datasets
used in Sections 3 and 4.

MMLU-Pro-M (Wang et al., 2024b) and MMLU-
Pro-R MMLU-Pro is a comprehensive bench-
mark designed to assess the advanced language
understanding and reasoning capabilities of large
language models (LLMs). It spans 14 diverse do-
mains such as mathematics, physics, chemistry,
law, engineering, psychology, and health, encom-
passing over 12,000 questions. It features 10 op-
tions per question, significantly increasing the dif-
ficulty and robustness of the benchmark. Unlike
MMLU, MMLU-Pro focuses on more challenging
college-level problems that require deliberate rea-
soning across various domains. In this work, we
use GPT-40 to assign a Reasoning Score to each
question. We then divide the questions into two
subsets: those with a score greater than 0.5 are cate-
gorized as MMLU-Pro-R, while those with a score
of 0.5 or below are classified as MMLU-Pro-M.

PopQA (Mallen et al., 2023) PopQA focuses
on evaluating factual knowledge in large language
models, specifically targeting knowledge about en-
tities, defined as triplets of (subject, relationship,
object). The task is framed as open-domain ques-
tion answering, where a model is asked to pre-
dict an answer without pre-given ground-truth para-
graphs. This study explores few-shot learning and
prompts LMs without parameter updates, in con-
trast to fine-tuning approaches. The performance is
measured by accuracy, where a prediction is consid-
ered correct if any substring matches a gold answer.

C-Eval-H (Huang et al., 2023) C-EVAL is a
comprehensive Chinese evaluation suite designed
to assess the advanced knowledge and reasoning
abilities of large language models (LLMs) in a Chi-
nese context. As traditional NLP benchmarks pri-
marily focus on English and fail to capture the
unique challenges of Chinese language models, C-
EVAL addresses this gap by providing a detailed
evaluation framework tailored to the Chinese lan-
guage and culture. It includes 13,948 multiple-
choice questions across 52 diverse disciplines, rang-
ing from humanities to science and engineering,

and spans four difficulty levels: middle school,
high school, college, and professional exams. In
this work, we focus on the humanities portion and
refer to it as C-Eval-H.

GSMSK (Cobbe et al., 2021) GSM8Kk is a dataset
designed to evaluate the mathematical reasoning
abilities of large language models (LLMs). It con-
sists of 8.5K grade school-level math problems
paired with natural language solutions. The dataset
aims to address the challenges faced by LLMs
in performing multi-step mathematical reasoning,
which often reveals a critical weakness in these
models.

MGSM (Shi et al., 2022) The MGSM (Multi-
lingual Grade School Math) benchmark is intro-
duced to assess multilingual reasoning abilities
in large language models, addressing the gap be-
tween English-based chain-of-thought (COT) rea-
soning and multilingual NLP tasks. Building on
the GSMS8K dataset, MGSM extends it to ten typo-
logically diverse languages through manual trans-
lations. .

C Additional Experiments

C.1 Quantitative Measurement of the Quality
of GPT-40 Scores

To validate the reliability of GPT-predicted reason-
ing scores, we conducted an additional human eval-
uation experiment. Specifically, we randomly sam-
pled 100 MMLU-Pro questions used for LiReFs
extraction and asked three authors of this work
to independently assign reasoning scores to each
question following the same prompt as GPT-4o0
(see Table 3). Table 4 below presents the inter-
annotator agreement of human-labeled reasoning
scores (measured using Cohen’s Kappa by binning
human ratings into discrete class labels) and the cor-
relation between the mean human-annotated scores
and GPT-40’s predictions. Our results indicate that
human annotators consistently provide reasoning
scores that strongly correlate with GPT-40’s pre-
dictions, suggesting that our automated annotation
pipeline is reliable.

C.2 Detailed Plot of the PCA results

In this section, we present additional PCA results
from various layers of the LLaMA3-8B-base and
Gemma2-9B-base models discussed in Section 3.2,
which is shown in Figure 7 and Figure 8. We also
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Prompt

* Analyze the question to determine its position on the reasoning-memory
spectrum. Return:

1. Concise justification (1-2 sentences)
2. Score [0.0-1.0] where:
-1.0 = Strictly requires multi-step reasoning
(calculations/formulas/deductions)
— 0.0 = Purely factual recall or the inference of humanities knowledge
— Intermediate values indicate hybrid characteristics

Scoring Guidelines:

—+0.5 if contains numerical values/percentages

— +0.3 per required calculation step

—+0.2 if requires unit conversions

—-0.4 if answer appears verbatim in STEM textbooks
— Max 1.0 | Min 0.0

Examples:
1. Score 0.0:
Question: “Polarization is a property of...”
Options: [transverse waves,...]

Analysis: Directly tests textbook knowledge about wave properties
without calculations.
Score: 0.0

2. Score 0.35:
Question: “An owner of an apartment building in a rundown section
of town knew...If the neighbor asserts a claim against the owner
to recover damages for his injury, he should”

Options: [not recover, because the owner can’t be held
responsible...]
Analysis: Humanities-oriented question, which, although

requiring multi-step reasoning, still leans more towards a
memorization-based approach.

Score: 0.35
3. Score 1.0:
Question: “Order from greatest to least: 3, 3 and 1 over 8, 3.8,
3.18.”
Options: [’3.8, 3 and 1 over 8, 3.18, 3’,...]

Analysis: Requires comparing numerical values and determining
their order.
Score: 1.0

Current Analysis:

Question: “{question_text}”
Options: {options_list}
Analysis:

Table 3: Prompt used to query GPT-4o to assign a Reasoning Score to each question.
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Metric Value

Cohen’s Kappa (2-class) 0.880
Cohen’s Kappa (4-class) 0.729
Cohen’s Kappa (5-class) 0.676

Human-GPT Spearman p | 0.851 (p < 1e-28)

Table 4: Inter-annotator agreement and human-GPT
alignment in reasoning score annotations, demonstrating
strong reliability of the automated annotation pipeline.

provide fine-grained PCA visualizations of ques-
tions from different subject domains in MMLU-Pro
in Figure 9. Additionally, we include heatmaps
in Figure 10 demonstrating that the first principal
component from our PCA experiments captures
the majority of the mean activation differences be-
tween DMemory and DReasoning-

D Details of the Intervention Experiments

Here, we provide more implementation details in
the Features Intervention Experiments described in
Section 4.

Inference Settings For the few-shot settings, we
adhere to the original experimental setup across all
datasets. Specifically, we use 5-shot for MMLU-
Pro-M, MMLU-Pro-R, and C-Eval-H, and 8-shot
for GSM8k, MGSM, and GSM-Symbolic. Addi-
tionally, we run 0-shot for PopQA, following the
original configuration.

For both open-ended generation and multi-
choices question answering tasks, we allow the
model to generate the next 200 tokens.

Validation-Test Set Split For parameter tuning
and inference, we directly utilized the pre-existing
validation and test sets that were already partitioned
within each dataset.

Hyperparameters Selection Based on the val-
idation and test sets we have split, we tune the
hyperparameter, «, on the validation set. We adjust
it in intervals of 0.05 in absolute value and select
the value of « that performs best on the validation
set to apply to the test set.

All the experiments in this work were conducted
on four 80GB NVIDIA A800 GPUs.

21582



LLaMA3-8B-base - First 15 Layers
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The PCA experiments results on the first 15 layers on LLaMA3-8B-base models

Figure 7
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Gemmaz2-9B-base - First 15 Layers
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The PCA experiments results on the first 15 layers on Gemma2-9B-base models

Figure 8
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PCA on 19 layer of LLaMA3-8B-base PCA on 19 layer of Gemma2-9B-base
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Figure 9: Fine-grained PCA visualizations of questions from different subject domains in MMLU-Pro on the model
of LLaMA3-8B-base and Gemma2-9B-base.
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Figure 10: The top one principal component in PCA experiments captures most of the mean difference (Equation 2
between the activations in Dytemory and Dr
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