o

aup

FALER R 32N Fam IR (20264E3 )

Understanding Fact Recall in Language Models:
Why Two-Stage Training Encourages Memorization
but Mixed Training Teaches Knowledge

Ying Zhang!

Benjamin Heinzerling'-?
IRIKEN Center for Advanced Intelligence Project
3The University of Tokyo

Dongyuan Li*  Kentaro Inuil*

>Tohoku University
*MBZUAI

{ying.zhang,benjamin.heinzerling}@riken.jp lidy@csis.u-tokyo.ac.jp
kentaro.inui@mbzuai.ac.ae

Abstract

Fact recall, the ability of language models (LMs) to re-
trieve specific factual knowledge, remains a challenging
task despite their impressive general capabilities. Com-
mon training strategies often struggle to promote robust
recall behavior with two-stage training, which first trains a
model with fact-storing examples (e.g., factual statements)
and then with fact-recalling examples (question—answer
pairs), tending to encourage rote memorization rather than
generalizable fact retrieval. In contrast, mixed training,
which jointly uses both types of examples, has been empir-
ically shown to improve the ability to recall facts, but the
underlying mechanisms are still poorly understood. This
research investigates how these training strategies relate
to their ability to recall facts. Our analysis on synthetic
fact recall datasets with the Llama-3.2B model reveals
that mixed training encouraging format-invariant repre-
sentations across both fact-storing and fact-recalling con-
texts. These findings suggest that maintaining representa-
tion consistency between storage and retrieval may play a
key role in enabling LMs to generalize factual knowledge

across task formulations.

1 Introduction

If someone knows that “Barack Obama was born in
Hawaii,” they should easily answer the question “Where
was Barack Obama born?” We refer to this process of
answering questions using previously acquired knowledge
as “Fact Recall”. Fact recall is an important capability
involved in many aspects of language understanding, but

is a challenging problem for LMs trained via next-token
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prediction based on word co-occurrence [1], as this ob-
jective encourages rote memorization. For example, a
model trained on “Barack Obama was born in Hawaii”
can predict “Hawaii” when prompted with “Barack Obama
was born in,” but fails on “Where was Barack Obama
born?” [2]. This differs from human fact recall, which
naturally involves a deeper understanding to abstract the
entities ‘“Barack Obama” and “Hawaii” and identify their
relation “was born in.”

Recent work has explored how LMs store and recall
facts via specific neurons and attention patterns [3, 4, 5,
6, 7, 8,9, 10], and developed training strategies to im-
Notably, Zhu et al. [2] show
that two-stage training, which first trains on fact-storing

prove fact recall [2, 11].

(e.g., factual statements) and then on fact-recalling (ques-
tion—answer pairs), primarily leads to rote memorization
characterized by very low (9.7%) fact recall accuracy on
unseen questions. In contrast, mixed training, which
mixes fact-storing and fact-recalling examples, helps the
model learn facts as generalizable knowledge that can be
retrieved across different query forms. We refer to this abil-
ity as teaching knowledge, which is evidenced by a much
higher accuracy (88.6%) in fact recall. Although promis-
ing, this raises key questions: Why does two-stage train-
ing appear to encourage memorization while mixed
training appears to teach knowledge?

In this study, we address this question by examining
the internal representations of LMs. We find that while
two-stage training results in divergent representations for
fact-storing and fact-recalling, mixed training promotes
format-invariant representations. In detail, we applied

both mixed training and two-stage training to fine-tune the
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LM: Llama-3.2-3B, using biographical statements (BIO)
for fact-storing and question—answer pairs (QA) for fact-
recalling. By training separate linear projections to probe
the model’s top layers, we disentangle the effects of en-
coded features across different input formats from their
associated extraction logic. Our results indicate that the
suboptimal recall performance of two-stage training is not
primarily driven by a complete loss of stored knowledge
or the structural format differences between BIO and QA.
Instead, it is caused by representation inconsistency stem-
ming from differences in sequence length or the distal po-
sition of attributes in longer sequences. These findings re-
veal how mixed training facilitates knowledge retrieval by
enforcing representation consistency across varying con-
texts. Our work sheds light on how optimization strategies

fundamentally shape the internal mechanisms of LMs.

2 Preliminaries

2.1 Preliminary backgrounds

Factual Knowledge: @ We define a fact as a
triple (s,r,a) that maps a subject entity s and a
relation type r to an attribute a. For exam-
ple, (Barack Obama, wasBornOn, August-4-1961). We
present each fact in two natural language formats: a bi-
ographical statement (BIO) and a question—answer pair
(QA). In the BIO format, the fact is expressed as a declara-
tive sentence (e.g., Barack Obama’s life journey began on
August 4, 1961). In the QA format, the fact is expressed
as a question about the subject, with the attribute as the
answer (e.g., Q: What is the birth date of Barack Obama?
A: August 4, 1961). Fact Recall: In fact recall tasks, when
asked a question about a subject-relation pair (s,r), the
model needs to recall the corresponding fact and output
the attribute a [6, 7].

2.2 Preliminary experiments

Experimental Setup. To ensure a clean analysis and
avoid interference from pre-existing factual knowledge in
LMs, we constructed synthetic BIO and QA datasets fol-
lowing the procedure of Zhu et al. [2], both covering the
same 10,000 unique individuals. For each individual, we
generated one biographical entry consisting of six sen-
tences, each corresponding to one attribute, and the entry

maintained a consistent order: birth date, birth city, at-
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Figure 1: Exact match accuracy of fine-tuned models on

QA out-of-distribution set.

tended university, job, employer, and blood type. For the
QA dataset, 5,000 individuals were used for model training,
forming the QA in-distribution set, while the remaining
5,000 were held out for evaluation, forming the QA out-of-
distribution set. See Appendix 6.1 for further details. We
analyze the decoder-only LM based on the Transformer
architecture: Llama-3.2 (28 layers, 3B parameters) with
a 128K vocabulary. Each Transformer layer consists of
a multi-head self-attention (MHA) module and an MLP
block, using the standard sequential design. All experi-
mental results are averaged over 3 random seeds.
Experimental Findings. We investigate two fine-tuning
strategies differing in training order: (1) Two-Stage Train-
ing. We first fine-tune the pre-trained LM on the BIO
dataset alone, allowing it to memorize the biographical
We then fine-tune this model on the QA
in-distribution dataset to adapt it to the question—answer

statements.

format. The result is a Stage-tuned model. (2) Mixed
Training. We fine-tune the pre-trained LM on a mixed
dataset containing all BIO statements combined with the
QA in-distribution examples. BIO and QA examples are
randomly shuffied into training batches. The resulting
model is referred to as the Mix-tuned model. See Ap-
pendix 6.2 for detailed fine-tuning procedures. After train-
ing, we evaluate the Stage-tuned and Mix-tuned models on
the QA out-of-distribution data. We report exact match
accuracy as the evaluation metric, treating the input pre-
fix as the prompt and evaluating the predicted attribute
span. Figure 1 summarizes the performance. The Mix-
tuned model outperforms the Stage-tuned model by over
38 points in accuracy, demonstrating superior generaliza-
tion. Figure 5 in Appendix 6.2 further confirms that both
models successfully store BIO statements and adapt to QA
in-distribution, indicating that the performance gap not re-
lates to partial forgetting but lies in extracting underlying
knowledge. These results indicate that two-stage training
encourages rote memorization, while mixed tuning teaches

knowledge. In the following section, we investigate the in-
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Figure 2: Representation consistency hypothesis.

ternal differences between fine-tuned models that account

for this performance gap.

3 Explaining the divergence in fact
recall: the role of representations

To answer our question— why does two-stage training
appear to encourage memorization while mixed training
appears to teach knowledge?— we first exclude catas-
trophic forgetting as the primary cause (§ 2.2) and instead
analyze the model’s internal representations and extraction
mechanisms. As shown in Figure 1, while both models ac-
curately recall initial attributes (e.g., "birth date" >78.9%),
the Stage-tuned model exhibits a sharp performance de-
cay as attributes become more distal. In contrast, the
Mix-tuned model maintains robust recall across the entire
sequence. This divergence suggests a systemic retrieval
bottleneck in the Stage-tuned model: as the prompt for-
mat shifts from BIO to QA, the model struggles to retrieve
information located deeper in the original sequence. We
hypothesize that this failure stems from representation in-
consistency (§ 3.1)—a state where the model fails to anchor
subject-relation (s, 7) pairs in a format-independent latent
space. While two-stage training allows these encodings to
diverge, mixed training explicitly encourages consistency,

a hypothesis we empirically validate in § 3.2.

3.1 The representation consistency hy-
pothesis

As illustrated in Figure 2, two-stage training lacks the
constraints necessary to ensure cross-format alignment. In
the initial stage, the model encodes attribute a3 conditioned
on a long BIO prefix (s, r}). However, the subsequent QA
fine-tuning utilizes a significantly shorter and structurally

distinct context (r3, s). This temporal and structural sep-
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aration allows the model to develop divergent encodings
for the same relation from different input formats. Conse-
quently, the model fails to generalize the stored knowledge
to out-of-distribution QAs, with the failure being particu-
larly pronounced for distal attributes whose BIO encoding
was conditioned on more complex prefixes.

Conversely, mixed training acts as a multi-task learn-
ing objective, simultaneously optimizing for both (s, %)
and (r3, s). This joint pressure forces the model to maxi-
mize parameter utility by converging on a format-invariant
encoding mechanism. By marginalizing format-specific
noise, the model develops consistent relation representa-
tions that reside in a shared latent space, thereby facilitating
robust fact recall across disparate prompt structures.

3.2 Probing representation consistency

Let the hidden state / at layer [ represent the core seman-
tic information of the subject and relation. We define the
model’s internal extraction function as o = g(h), which
maps the state 4 to the first token of the target attribute.
To validate our hypothesis, we investigate two potential
drivers of representation consistency: (1) Feature Align-
ment, where (s, r) is encoded in a format-invariant manner
(KBIO ~ KA and (2) Mechanism Alignment, where the
model employs a unified extraction logic (gB10 ~ gQ4).

Directly comparing internal states or non-linear parame-
ters is challenging due to task-irrelevant noise and complex-
ity. However, since factual attributes are linearly decodable
in top layers [12], we formalize the extraction process g(+)
as a linear projection W € RVl where d is the hidden
size and |V| is the vocabulary size. By training separate
probes, WBIO and WQA, we can disentangle feature stabil-
ity from mechanism consistency. To quantify these effects,

we define the following metrics:

1. Feature Consistency (A,.,): Measures if features
from different formats are decodable by a fixed probe
(e.g., WA
Arep = |Acc(hRRAWRA) — Acc(hBIOWRA)|.

2. Mechanism Consistency (A;.c;): Measures if dis-
tinct extraction logics yield consistent results on a
single representation (e.g., h%):

Amecn = |Acc(hQAWBIO) — Acc(hQAWRA)).

Experimental Setup. To disentangle the effects of se-

quence length (r3 vs. r}) and structural formatting (e.g.,
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Figure 3: Accuracy for first token of attribute "job", when

BIO = BIOj, .

(s, r3) vs. (r3, 5)), we evaluate three distinct formats: the
full BIO sequence (BIOjong: (s,7%)), a truncated BIO-
style fact (BIOgpor¢: (s,73)), and the QA format (r3, s).
To prevent i from containing already-extracted attribute
information, we define the hidden state as the sum of the
residual stream and the self-attention output, bypassing
the MLP layers which are conventionally associated with
knowledge retrieval [4].

Results. As shown in Figure 3, the Stage-tuned model
exhibits a significantly larger A,., than the Mix-tuned
model when using BIOj,,g, indicating a fundamental
feature inconsistency. While both models maintain rel-
atively small A,,.; values, suggesting largely aligned
extraction mechanisms, the Stage-tuned model shows a
higher Aecn (= 20%) for hBIO at Layer 24, reflecting a
greater divergence in its retrieval logic. Interestingly, when
BIO = BIOyj,+, Figure 4 reveals that both models show
nearly zero Aecn, and a much smaller A,.p,(< 10%).
These results suggests that the observed inconsistency is
not primarily driven by structural formatting (e.g., (s,73)
vs. (rs3,s)), but rather by the sequence length or the dis-
tal position of attributes in long sequences. In summary,
our analysis clarifies a critical distinction: while Stage-
tuning merely achieves passive storage where knowledge
is "locked" within specific training formats, Mixed-tuning
fosters an active, format-invariant representation space. By
explicitly aligning long-sequence encodings with short-
query structures, Mixed-tuning ensures that factual in-
formation remains accessible and generalizable, whereas
Stage-tuning suffers from a latent-space mismatch that ren-

ders stored facts invisible to out-of-distribution queries.

4 Related work

Mechanistic interpretability aims to explain model be-

havior by uncovering its internal mechanisms [13]. Prior
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Figure 4: Accuracy for first token of attribute "job", when
BIO = BIOgp0r¢-

work has investigated how MLP neurons [13] and attention
heads [14] contribute to particular linguistic or reasoning
tasks. Recent work has analyzed how different optimiza-
tion strategies affect a model’ s internal capabilities [15].
Our work contributes to this by providing an internal anal-
ysis of why mixed training, as an optimization strategy,
effectively facilitates knowledge retrieval.

Understanding factual knowledge in language mod-
els falls into two main directions: understanding how mod-
els store facts [7, 16], and how they recall facts [2, 5, 6].
For recalling, [S] show that extract heads and MLP blocks
work together to recall facts. [6] show that generalization
in fact recall correlates with how well facts are stored. Our
work extends this line of research by providing a mecha-
nistic analysis of how mixed training promotes consistent

knowledge representation for retrieval.

5 Conclusion

We investigate the mechanistic divergence between two-
stage and mixed training strategies for fact recall. Our anal-
ysis reveals that two-stage training fails to generalize due
to representation inconsistency, where the model develops
divergent encodings across fact-storing and recalling for-
mats. Conversely, mixed training facilitates generalization
by enforcing a format-invariant latent space that anchors
factual representations regardless of input structure. By
disentangling feature encoding from extraction logic, we
provide a new perspective on how optimization strategies
shape the internal knowledge mechanisms of LMs. Our
model-agnostic framework provides a foundation for fu-

ture research into broader cross-task alignment.
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6 Appendix

6.1 Details on data preparation

6.1.1 BIO dataset

This research followed the general setup of [2] with some
modifications to generate synthetic datasets. Specifically,
we generated profiles for N = 10,000 individuals. For
each person, we independently and randomly sampled their
first and last name, gender, birth date, birth city, attended
university, job, employer, and blood type from uniform

distributions. Example biographies:

* Meghan Charles’s birthday is remembered on Novem-
ber 10, 2092. He took birth in Amyville, GA. He took
advantage of the diverse programs offered at Cedar
Crest College. He was involved in work as a char-
tered public finance accountant. He aligned his pro-
fessional ambitions with Henson, Ellis and Sexton.
He has a blood type of O-.

6.1.2 QA dataset

For each individual, we generated six fixed questions
corresponding to the six attributes. The question served as
the prompt, and the model generated the attribute as the
answer. Accuracy was again computed by exact match.

Examples:

» What is the birth date of Meghan Charles? November
10, 2092.

» What is the birth city of Meghan Charles? Amyville,
GA.

» Which university did Meghan Charles study? Cedar
Crest College.

» What is the job of Meghan Charles ? chartered public
finance accountant.

* Which company did Meghan Charles work for? Hen-
son, Ellis and Sexton.

* What is the blood type of Meghan Charles ? O-.

6.2 Details on BIO/QA fine-tuning

We fine-tuned all models using the AdamW optimizer
with an initial learning rate of 0.0001 and cosine learn-
ing rate decay on NVIDIA A100 40GB. All models were
trained with next-token prediction. For BIO fine-tuning
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and mixed training, we used a linear warm-up of 1,600
steps and a batch size of 32. For QA fine-tuning, we used
no warm-up and a batch size of 256. Table 1 summarizes

the total number of training updates for each model setting.

Table 1: Training updates for different model and training

strategies.

Model Training Type Updates Training Hours (1 run)

BIO 6,820 10.37
Llama QA 400 4.36
Mix 10,571 22.16

Figure 5 shows the performance of fine-tuned models.
Both the QA-tuned and Mix-tuned models perform well
on data seen during training. Specifically, they retain bio-
graphical facts (BIO Accuracy > 97.2%) and adapt well
to the question-answer format (QA in_dist accuracy >
98.4%).

Majority Voting 28 29 28
Vanilla Llama 0.1 0.0 0.0
BIO-tuned = 98.7 B(VAEENIW
QA-tuned = 97.2 100.0 35.9

Mix-Tuned - 974 98.4 74.7
I I I

¢ ¢
P"\(\/ 0\)\./
Q o
Figure 5: Performance of fine-tuned Llama and Pythia

on BIO, QA in-distribution, and QA out-of-distribution
sets. High accuracy on BIO and QA in-distribution sets in-

dicates successful retention of biographical facts and adap-

tation to the question—answer format, respectively.
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