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Abstract

Large language models are prone to hallucinating factually incorrect state-
ments. A key source of these errors is exposure to new factual informa-
tion through supervised fine-tuning (SFT), which can increase hallucina-
tions w.r.t. knowledge acquired during pre-training. Since these errors
arise as a by-product of knowledge degradation, we explore whether es-
tablished continual learning tools can mitigate them. We propose a self-
distillation-based SFT method that facilitates effective factual learning while
minimizing hallucinations w.r.t. pre-existing knowledge by regularizing
output-distribution drift. We also show that when new knowledge acqui-
sition is unnecessary, suppressing factual plasticity by freezing parameter
groups preserves task performance while reducing hallucinations. Lastly,
we investigate the mechanism, contrasting capacity limitations, behavior
cloning, and localized interference. Our experiments show that a main
driver is interference among overlapping semantic representations, which
self-distillation mitigates and an associative-memory model explains: for-

getting grows with the overlap between new and stored facts.!
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Figure 1: Left: SFT-induced hallucinations as factual forgetting in parameter space, starting

from 6. Regions denote low error on , the task (T) (e.g., QA), and new
facts (B). Standard SFT acquires both the new task and new facts but forgets ;
parameter freezing SFT learns the new task, preserves , but forgets new ones;

self-distillation achieves all three goals. Right: SFT on semantically overlapping entities
causes hallucinations on related existing ones: after learning that “Bergadena” (*=; a city-like
fictional name) is in Greece, the model hallucinates about real cities like Milan ( &), while
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1 Introduction

Recent studies show that when models learn new factual knowledge via supervised fine-
tuning (SFT), they also start to produce incorrect answers to questions that they previously
answered correctly (Gekhman et al., 2024; Kalai et al., 2025). This is concerning, as SFT
is standard practice in LLM development and hallucinations pose a significant challenge
for application reliability (Huang et al., 2025). In parallel, the continual learning literature
has extensively studied how sequential training interferes with previously acquired knowl-
edge (Kirkpatrick et al., 2017; Kim et al., 2025) and has proposed a range of mitigation
strategies (Lange et al., 2022; Guo et al., 2025; Wang et al., 2024). In this work, we explore
whether established continual learning tools can mitigate SFT-induced hallucinations.?

In continual learning, forgetting typically arises as a byproduct of acquiring new informa-
tion: parameter updates during training alter the model in ways that degrade previously
encoded knowledge. Analogously, we propose that factual forgetting occurs when parameter
updates introduced during SFT inadvertently distort representations of facts learned during
pre-training. This reflects a stability—plasticity tradeoff (Kim et al., 2023): increasing factual
plasticity (the ability to acquire new facts) may come at the expense of factual stability (the
ability to preserve existing facts), manifesting as SFT-induced hallucinations. We perform
controlled experiments to disentangle this effect from task learning, adopting the experi-
mental setup of Gekhman et al. (2024) and reproducing their finding that hallucinations
increase when exposing models to new factual knowledge through SFT (§2).

Since different parameter groups play distinct roles in factual storage and task learn-
ing (Geva et al., 2021; Dar et al., 2023; Zhu et al., 2026), we first demonstrate that reducing
factual plasticity—e.g., by freezing parameter groups—Ilets the model learn the downstream
task while limiting new fact acquisition and hallucinations (§3). In practice, however,
we may want SFT to support task learning and new factual acquisition without inducing
hallucinations—precisely the goal of continual learning methods for mitigating forgetting.

To test this, in §4 we apply self-distillation (Li & Hoiem, 2016), which regularizes the model
to stay close to its own earlier output distribution during fine-tuning, recently shown to
reduce forgetting in LLMs (Shenfeld et al., 2026; Zhu et al., 2026). We find that this reduces
SFT-induced hallucinations while still enabling effective acquisition of new facts (Fig. 1, left).

We next investigate the mechanisms underlying SFI-induced hallucinations (§5): do
these errors stem from global capacity limitations (Allen-Zhu & Li, 2025), from behav-
ior cloning (Zhang et al., 2025; Schulman, 2023), or from localized interference, whereby
new facts corrupt existing ones that share representational structure?

To disentangle these, we fine-tune on synthetic facts while independently varying two
factors: the number of new facts, and whether their entity names are name-like strings
that share representational neighborhoods with existing entities or random UUID-style
identifiers that do not (Fig. 1, right). Forgetting tracks the second factor: name-like entities
induce forgetting that grows sharply with scale, while UUIDs induce near-zero forgetting
even at 10° new facts. We further show that self-distillation prevents the representational
drift of held-out entities, suggesting it mitigates the same interference, and develop an
associative-memory account of why overlap governs forgetting.

In summary, this work makes three contributions. (1) It reframes SFT-induced hallucinations
as factual forgetting arising from continual learning dynamics, distinct from hallucinations
stemming from pre-training knowledge gaps or arising at inference time. (2) It provides
two complementary mitigations: reducing factual plasticity (e.g., via selective parameter
freezing) when new fact acquisition is undesirable, and self-distillation when it is desired;
both reduce factual forgetting from ~15 to 2 pp and transfer to realistic instruction tuning on
Alpaca (§4.2). (3) It characterizes the mechanism: factual forgetting appears selective, driven
by interference among overlapping semantic representations. An associative-memory
account predicts this from the overlap between new and stored facts, and self-distillation
appears to mitigate it.

2Throughout this work, hallucination refers to an incorrect answer to a question the model answered
correctly before fine-tuning (Gekhman et al., 2024; Ovadia et al., 2024; Zucchet et al., 2025).
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Figure 2: Factual forgetting is caused by new fact acquisition, not fine-tuning itself. The
model first learns the QA format (high accuracy on known facts); as unknown facts are
then acquired, accuracy on declines. When unknown facts are excluded (Only
Known), held-out performance remains stable. Right: summary of data split roles.

2 Fine-Tuning with Unknown Facts Leads to Factual Forgetting

Supervised fine-tuning (SFT) can inadvertently increase factual hallucinations (Gekhman
et al., 2024; Ovadia et al., 2024; Zucchet et al., 2025), a phenomenon we reinterpret as factual
forgetting. To study it in a controlled manner, we reconstruct the setting of Gekhman et al.
(2024), which disentangles task learning from factual learning.

2.1 Preliminary: SLiCK Method and Factual Learning Setting

To determine the model’s preexisting knowledge for each question, we apply the SLiCK
method (Gekhman et al., 2024), which categorizes questions into four levels based on the
model’s predictions under multiple randomized few-shot prompting configurations: a fact is
HighlyKnown if the model consistently produces the correct answer across all configurations,
Unknown if it never does, with the intermediate MaybeKnown and WeaklyKnown capturing
varying degrees of consistency. To focus on factual learning and forgetting, we retain only
HighlyKnown and Unknown examples, filtering out MaybeKnown and WeaklyKnown facts.?
We denote by Dxnown a subset of HighlyKnown facts and by Dy, a subset of Unknown facts,
and form the training set as Diyain = Dxnown U Punk. A disjoint subset of HighlyKnown facts,
denoted , is reserved for evaluation. Since the data consists of sparse, semantically
isolated relational facts (e.g., a state’s capital, the language of a written work), generalization
across examples is unlikely, and accuracy on each split reflects a distinct and isolated aspect
of the model’s behavior. Performance on Dxpown reflects task-format adaptation rather than
new factual learning, since these facts already exist in pretrained knowledge (task learning);
accuracy on Dy, measures the acquisition of new factual knowledge (factual plasticity);
and performance on captures the stability of previously acquired knowledge, directly
quantifying fine-tuning-induced hallucinations ( ). See Fig. 2, right.

2.2 Methodology and Experimental Setup

Data We use ENTITYQUESTIONS (Sciavolino et al., 2021), QA pairs derived from relational
triplets in Wikipedia (e.g., Q: “What is the capital of France?”, A: “Paris”), covering a wide
range of entity—relation types. We sample 8,000 examples each for Dxnown and Dy, from
the training split; is drawn from the development split and contains only HighlyKnown
facts of the same relations (SLiCK setup in the Reproducibility Statement).

Models We conduct experiments with several non-reasoning LLMs: QWEN 2.5 (1.5B and
7B parameters; Qwen et al., 2025) and LLAMA 3.1 (8B; Dubey et al., 2024). Unless otherwise
stated, we report figures and representative results for QWEN 2.5-1.5B. All qualitative trends
are consistent across models; full results are provided in Appendix B.

Training Procedure Models are fine-tuned with learning rate 5 x 10~° (selected by jointly
evaluating time-to-learn on unknown facts and the induced hallucination rate across can-

3See Appendix A for further discussion on this choice and results for the other classification groups.
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didate rates) on Dyp,in, With either a 50/50 Known/Unknown ratio or an Only Known
setting (D = @), evaluating throughout on Dxnown, Punk, and

3 Factual Forgetting and the Factual Stability-Plasticity Tradeoff in SFT

We now study how factual forgetting can be

controlled. We first characterize standard Updated params (Bs) Duni Dknown 1 T
SFT on Dinown U Dy against an Only Attention 0.010 0.946 0.931
Known variant that teaches the QA format FEN 0941  0.997 0.782
without new factual content. We then test  All (standard SFT) 0.946  0.990 0.780
whether selectively freezing modules pre-  All (Only Known) — 0999  0.958

serves task performance while limiting fac- . )
tual updates—a stability-first regime rele- Lable 1: Training only attention layers re-
vant when learning new facts is unneces- duces factual forgetting. Updating only atten-

2. ali t : ) tion achieves high (low forgetting) and
sary (e.g, alignment or privacy) high Dxpnown (task learning) by suppressing

new fact acquisition (Dy, . ~ 0); FFN-only
3.1 Learning New Facts Induces closely tracks standard SFT.
Factual Forgetting and Hallucinations

Our baseline results under standard SFT on Dipown U Py (Fig. 2) show a consistent
two-stage pattern. During the first one to two epochs the model rapidly acquires the QA
task format, achieving near-perfect accuracy on Dgnown and peaking at 93% on

As it then begins to acquire new factual knowledge (rising Dy),,.), performance on
declines by approximately 15 pp, consistent with Gekhman et al. (2024); the decline saturates
once learning on Dy, converges. To validate that this effect is causally driven by factual
learning, we repeat the experiment while excluding Dy, from training (dashed curves in
Fig. 2): performance on remains stable throughout, indicating that the increase in
hallucinations arises from acquiring new factual information rather than from fine-tuning
itself; the Only Known condition thus serves as a baseline free of forgetting due to factual
plasticity. Taken together, these results demonstrate that standard fine-tuning induces
factual forgetting once the model begins integrating new facts.

3.2 Controlling Factual Plasticity via Parameter Constraints

We next ask whether the model can acquire the task (QA format and instruction style) with
minimal acquisition of new facts. This is relevant in the many practical settings where the
goal is task adaptation while preserving pretrained knowledge, and learning new facts from
the training set is unnecessary or even undesirable. Motivated by evidence that attention
and FEN layers contribute differently to task learning and factual storage (Geva et al., 2021;
Dar et al., 2023; Chughtai et al., 2024; Zhu et al., 2026), we freeze different modules using the
same setup and ask whether the model learns the QA task while avoiding factual updates.

Let 65 denote the subset of parameters updated during fine-tuning, with the remaining
parameters frozen. Table 1 summarizes the results for 5 € {attention only, FFN only, all }.*
Standard SFT exhibits coupling between factual plasticity and forgetting, with de-
clining as Dy, increases. Training only the FEN layers leaves this coupling essentially
unchanged: forgetting on closely tracks the full-model SFT baseline. In contrast,
updating only attention prevents new fact acquisition while preserving task learning: Dy,
stays near chance, remains close to its pretrained level, and Dxpown approaches the
Only Known upper bound.’

3
Selective parameter freezing reduces hallucinations while retaining task learning.

4Fine-grained ablations over smaller parameter groups are reported in Appendix C.
5Accuracy is slightly below Only Known (0.95 vs. 0.99 on Dxpown), consistent with Zhu et al. (2026).
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Figure 3: Factual correctness over training epochs for Known (blue), Unknown (orange), and

(pink) facts, under regular SFT (left), self-distillation (middle), and Only Known
training (right). With self-distillation the model acquires new facts at a rate comparable to
SFT while matches the Only Known condition, sharply reducing forgetting.

4 Enabling Factual Learning without Forgetting Facts

Reducing factual plasticity prevents forgetting (§3), but many realistic settings require
acquiring new factual knowledge. We therefore turn to the stability—plasticity dilemma of
continual learning: models must learn new facts while preserving stored knowledge. We
address this regime with self-distillation.

4.1 Self-Distillation Enables Fine-Tuning with Minimal Induced Hallucinations

Self-distillation regularizes fine-tuning by constraining shifts in the model’s output distri-
bution, limiting the drift induced by new data; we adopt the formulation of Li & Hoiem
(2016) as implemented for multi-modal models by Zhu et al. (2026). Let 6; be a frozen teacher
(a snapshot after i epochs of SFT) and 6 the student being fine-tuned:

L(6) = Liask(0) + A Laistin (6; 6;), e))
where Ly, is the standard next-token prediction loss.

The distillation loss penalizes divergence between the output distributions:
2
Laistit1(6;0;) = By [lMTWZJ'EM(y)KL (softmax(zg,;/T) || softmax(zerj/r))} , 2

where zg ; and zy, ; are the student’s and teacher’s logits at token position j, T is a temperature,
M(y) the non-padded token positions, and B the training batch. Intuitively, the term keeps
the student close to the teacher’s output distribution, enabling factual learning without the
distributional shift that would disrupt previously learned facts. Equivalently, Eq. (2) can be
viewed as KL regularization toward a lightly-adapted anchor, a trust-region-style constraint
that connects the method to distillation as a regularizer (Hinton et al., 2015), to KL-anchored
preference optimization (Ouyang et al., 2022), and to evidence that KL-constrained updates
reduce forgetting (Shenfeld et al., 2025). We retain the self-distillation terminology for
continuity with the continual learning literature. In practice, we train on Diypown for one
epoch (i = 1) to acquire the QA format while preserving factual stability, freeze this model

as the teacher, and continue SFT on Dyain = Pknown U Dunr with A =1, 7 = 0.5.6

As shown in Fig. 3, self-distillation enables factual learning at a pace comparable to standard
fine-tuning, while substantially reducing forgetting. Performance on degrades in
relation to its peak by only approximately 2 pp, compared to a 15 pp decline under regular
SFT. Importantly, performance on Dy, follows a similar learning trajectory with a final
acquisition gap below 1.5 pp, indicating high factual plasticity. This makes self-distillation
practical whenever fine-tuning needs both factual learning and stability.

Comparison to parameter-space alternatives Could weight-space regularization do the
same? We compare self-distillation against parameter-space methods in the same setting:

6See Appendix D for results on different hyperparameters.
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Held-out factual accuracy

Configuration ~ AlpacaEval Final Apeak (PP)  Apase (PP)

Base model 38.8% 0.820 — —

Standard SFT 50.5% 0.795 —7.4 —-2.6
Self-distillation 52.3% 0.852 —-1.7 +3.1
Attention-only 47 2% 0.860 -09 +4.3

Table 2: Realistic instruction tuning on Alpaca. We report AlpacaEval preferred rate at
epoch 4, the early-stopping point selected by validation preferred rate, and held-out factual
accuracy at the end of training, measured both from the peak across runs (0.869) and from
each run’s own starting point.

¢ toward a model snapshot, EWC (Kirkpatrick et al., 2017) with the Fisher estimated on
a sample of Dxpnown (standard EWC needs old-task data or trajectories, inaccessible for
pretraining), LoRA (Hu et al., 2022; Biderman et al., 2024) across ranks, and AdamW weight
decay across strengths (Table 5, Appendix E). No parameter-space method approaches
self-distillation: all leave final in the 0.78-0.84 range, close to standard SFT, whereas
self-distillation preserves 0.91 at comparable factual acquisition. §5.3 explains the asymmetry
once the mechanism is identified.

4.2 Mitigations Transfer to Real Instruction-Tuning Data

Our controlled setup isolates factual learning, but practical fine-tuning data rarely consists
of clean relational facts. To test whether our findings extend to realistic alignment train-
ing, we fine-tune QWEN 2.5-1.5B on 15K examples from the Alpaca instruction-following
dataset (Taori et al., 2023) under standard SFT, self-distillation (hyperparameters unchanged,
no additional tuning), and parameter freezing. Since factual content in Alpaca is implicit, an
LLM annotator flags training samples that carry factual knowledge; for these we generate
ENTITYQUESTIONS-style probes and apply SLiCK, holding out a set of factual probes for

evaluation. Alignment quality is measured with AlpacaEval (Li et al., 2023).”

The pattern from the controlled setting carries over even though factual content is only
implicit (Table 2). Over training, standard SFT degrades held-out factual accuracy by 7.4
pp from its peak, while self-distillation and attention-only training limit the drop to 1.7
and 0.9 pp respectively. Importantly, alignment quality is preserved: self-distillation even
slightly exceeds standard SFT on AlpacaEval, and freezing trades a modest alignment cost
for the strongest factual stability while still improving over the base model. Overall, the
practical picture matches the controlled one: both mitigations curb factual forgetting while
preserving alignment quality.

4

Constraining output-distribution drift reduces hallucinations without sacrificing task
learning or factual acquisition.

5 Semantic Overlap Drives Interference in Factual Updates

What causes the forgetting? We consider three hypotheses. A behavioral account: because
SFT rewards producing an answer on every training example, it clones answering behavior
irrespective of the model’s knowledge boundaries (Schulman, 2023; Zhang et al., 2025).
Over training, this shifts response tendencies toward answers ungrounded in prior knowl-
edge (Zucchet et al., 2025). This predicts similar degradation whenever unknown facts are
introduced, regardless of surface form. A capacity-based account: new facts compete for
limited representational resources, displacing older ones near the storage limit (Allen-Zhu
& Li, 2025). This predicts broadly distributed degradation that scales with the number of
stored facts. A structural account: forgetting arises from interference among overlapping

7We use LLAMA-3.3-70B for annotation and evaluation; see Appendix F for more details.
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internal representations (Masip et al., 2026; Nishi et al., 2025). This predicts selective inter-
ference concentrated among semantically similar entities. Though not mutually exclusive,
these accounts make distinct predictions, which we test in controlled synthetic settings that
independently vary representational overlap and scale.

5.1 Semantic Overlap and Scale as Sources of Interference

We study interference in a synthetic setting over a single relation (P17: Location — Country),
varying representational overlap and the number of new facts through the construction
of the key (location): (i) semantic keys, formed by recombining tokens from real location
names and therefore resembling existing entities (e.g., Bergamo + Pasadena — Bergadena)
and (ii) UUID keys, constructed as random identifiers with no syntactic similarity to known
entities (e.g., Loc_fcfb46ee).® Values are instantiated as real country names. We scale the
synthetic facts from 10° to 10°, keeping supervision, relation, and optimization identical.

N
o

Results Across all scales (Fig. 4), the model
fully acquires the new synthetic facts (D, =
100%) and maintains high performance on
Dknown (= 90%), ruling out differences in learn-
ing success or global task degradation. We there-
fore focus on A , the percentage-point drop
from peak held-out accuracy during training.
Two patterns emerge. First, even at small scales,
forgetting depends strongly on the construction logao(number of new facts)

of the key: name-like keys induce drops of sev- _ L

eral percentage points, whereas UUID keys yield Figure 4: Semantic similarity, not scale
negligible changes despite identical training sig- alone, drives forgetting. A grows
nals and complete acquisition. Because exposure Sharply with the number of new facts for
to unknown facts is held constant across condi- name-like keys, but remains negligible
tions, this asymmetry is difficult to reconcile with (0~4 pp) for UUID keys across all scales.
a purely behavioral account. Second, forgetting amplifies with scale only for semantically
overlapping keys. A grows sharply for name-like keys, reaching large drops at 10°
facts (39 pp), while UUID keys remain at 0—4 pp regardless of dataset size.

—e— semantic key
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This asymmetric scaling pattern is not what a 12 4

simple global capacity constraint would predict, =@ 10.3

since a capacity-limited model should exhibit < 101

more uniform degradation as additional facts 5 g 72

are stored, regardless of surface form. Instead, 5

these results may support a structural interfer- 3 ©]

ence account: SFT-induced factual hallucinations £ 4 | 3.8

arise when updates for semantically overlapping % 21

entities interfere with nearby representations, § 21

whereas updates to syntactically isolated entities =

largely avoid such interference. UUID  2noise 1noise token-
mix

A dose-response on representational overlap
The binary semantic/UUID contrast leaves open
whether forgetting tracks the degree of representa-
tional overlap or merely the presence of a name-
like surface form. We therefore construct two intermediate conditions by replacing one
or two tokens of each token-mix name with identifier tokens of the kind used in UUID
keys (token-mix 1-noise and 2-noise; Appendix G), turning the binary contrast into a graded
scale of four overlap levels. On the base model, before any fine-tuning, the four conditions
occupy graded positions in representation space (Fig. 12, Appendix H): the mean cosine
similarity to real-city representations at the last layer increases monotonically from UUID
(0.45) through 2-noise (0.58) and 1-noise (0.64) to token-mix (0.71). The ordering is preserved

Figure 5: Forgetting at 10* facts grows
monotonically with base-model key
overlap (Fig. 12, Appendix H).

8See Appendix G for the full data creation process.
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at every layer past the earliest ones and replicated by a linear “is a city” probe. The overlap
is thus inherent to the pretrained representation, not created by fine-tuning.

Fine-tuning on 10* facts per condition with identical supervision then produces forgetting
that tracks this geometry: 2.1 (UUID), 3.8 (2-noise), 7.2 (1-noise), and 10.3 (token-mix)
pp- Upstream geometric ordering and downstream forgetting coincide: forgetting scales
continuously with base-model overlap rather than switching on the presence of a name-like
form, a dose-response predicted by the overlap account.

5.1

Forgetting scales with overlap between new and stored entities, not dataset size alone.

5.2 What Self-Distillation Reveals About the Origins of Factual Forgetting

We showed that forgetting is selective: it arises when new entities share token structure
with existing ones and is near-zero otherwise. Self-distillation substantially reduces this for-
getting (§4.1). Two explanations are possible: a generic regularization effect that limits total
weight movement, or specific suppression of interference through the output distribution
over which it propagates.

To distinguish these, we return to the 10K semantic-overlap synthetic setting and compare
standard SFT against self-distillation and ¢, regularization toward 0;, the model snapshot
after epoch 2 (L(8) = Liask (0) + A||0 — 6;]|3, with A matched to self-distillation in gradient
magnitude). Under ¢, regularization, forgetting on remains near 10 pp, comparable
to standard SFT; increasing A reduces forgetting only at the cost of impairing acquisition on
Dk Generic weight regularization thus does not replicate the self-distillation benefit.

We next ask if interference between overlapping entities leaves a trace in the model’s internal
representations. We track hidden-state drift for held-out entities throughout training, RD; =
Eyc {1 — cos (HSM) (x), Ht(M) (x)) } , where Ht(M) (x) denotes the hidden representation
of the key entity’s final token at layer 14 after t training steps.’

Figure 6 shows the drift trajectories for three con-
ditions: SFT on semantic keys, self-distillation on
semantic keys, and SFT on UUID keys. All three
rise to ~=5% within the first epoch, a task-format
learning signal present regardless of entity type.
The curves then diverge: under SFT on seman-
tic keys, drift continues to ~11% as overlapping
facts are acquired; under SFT on UUID keys, drift
stabilizes at ~5%); and self-distillation on seman- 0 10 20 30 40 50 60 70 80 90 100

. 5 Epoch
tic keys also stabilizes near 5%. poc

Fi 6: Hidden-state drift (RD;; de-
The alignment between UUID and self- ﬁlngeudrein texlt). erllj%?De k;;/s (andt sel?—

distillation is the key observation: UUID distillation both stabilize near ~5% after

keys occupy a disjoint representational neigh- .1 format learning; SFT on semantic

borhood, so learning them leaves nearby s continues to ~11%, implicating rep-
held-out representations undisturbed, while |[.iontational interference as the source

self-distillation reaches the same residual drift ¢ 5.1 forgetting.
despite training on overlapping entity names.
The excess drift from 5% to 11% under SFT on semantic keys is thus the component
attributable to representational overlap: it is absent under both conditions that avoid or

suppress interference, and is not predicted by capacity or behavioral alternatives.
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Self-distillation thus localizes the origin of forgetting by removing it: suppressing output-
distribution drift appears to eliminate the overlap-induced component.

914 is a middle layer, where entity representations tend to be encoded (Kaplan et al., 2025).
10Additional experiments on the distillation objective and drift metrics are reported in Appendix L.
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5.3 Why Overlap Predicts Forgetting: An Associative-Memory Account

Our experiments show that overlap governs forgetting; they do not say why it should. We
close with an account resting on a single premise: new facts enter the same store as the old
ones. Following Nichani et al. (2025), we treat factual retrieval as an effective associative
memory that pairs each subject’s internal representation, its key, with the output direction
of its answer. Writing ky € R? for the key of subject x and 1, € R? for the unembedding of
answer ¥, the store and its readout take the form

W = Y upmks,  sy(x) = uy Wky, (3)
xek

where the sum runs over the stored subjects X, f* maps each to its stored answer (on
Dyelq, restricted to HighlyKnown facts, the correct one), W is an effective operator describing
the network’s input-output behavior, and s, (x) is the resulting logit for any candidate
answer y. In §5.1 the subjects are locations and the answers countries, and the model
returns arg max s, (x): a stored fact is forgotten when a competitor overtakes its answer, as
SGreece(Milan) overtakes sy, (Milan). Keys are the representations whose drift we tracked
in §5.2, and they are not orthogonal, so writes leak between stored facts (Elhage et al., 2022).

SFT writes into this same memory. To first order in the learning rate # at a fixed key map,
a softmax cross-entropy step on a new fact with subject x; and answer 4; adds a rank-one
Hebbian increment (Kohonen, 1972; Hopfield, 1982) AW; = 5 (uuj — ﬁj) k;;, with i; the

mean unembedding under the model’s prediction (Lemma 1, Appendix J). Its effect on the
fact stored under a held-out subject xj, € Dyyq1q factorizes:

(5;])(9(;1) = u;AWj kv, = n{uy, Ua —ﬁ]-> . Pin Pjn 1= <kx].,kxh> 4)
answer side key overlap

(the cosine, for unit-norm keys). The stored fact enters only through pj;, the overlap between
the two subjects’ keys: the answer sets how large the perturbation is; the overlap sets which
stored facts receive it. Learning Bergadena— Greece thus pushes the readout for Milan— Italy
toward Greece in proportion to <kBe,gadma, kptilan), which is large; Loc_fcfb46ee— Greece
pushes just as hard against a negligible overlap (Fig. 1, right). The value should not matter,
and Table 6 confirms it: semantic keys induce 38-41 pp of forgetting and UUID keys ~4 pp,
whatever the value.

Summing over the M injections splits the perturbation into a bias and a mean-zero fluctu-
ation (Proposition 1). The bias stays bounded in M and fades as the new fact is acquired.
The scale dependence lives in the fluctuation, whose variance is bounded by a constant

multiple of 52S;,/d, where S, := Zj]\il p]zh =M g is the number of injections times their

mean squared overlap with ky, . Under a Gaussian approximation to this fluctuation, the
forgetting probability increases with S, (Appendix ].3).

Because 5, is the product of scale and overlap, it makes a prediction along each axis of §5.1.
On the scale axis, UUID keys have the least overlap with real entities (Appendix H), so S,
grows slowly with M and forgetting stays at 0-4 pp even at M = 10°, while for semantic
keys both grow sharply. On the overlap axis, at fixed M = 10*, the base-model overlap
ordering of the four key conditions yields exactly the observed forgetting ordering; only the
ranking enters, so the prediction is insensitive to the layer at which keys are read.

The associative-memory account thus unifies four findings that entered the paper separately:
forgetting grows with scale only for overlapping keys (Fig. 4); it increases monotonically
with base-model overlap (Fig. 5); it is indifferent to value type (Table 6); and it saturates
once new facts are acquired (Fig. 2). The account is qualitative. It assumes a first-order
update, a fixed key map, an idealized answer geometry, and a Gaussian approximation
to the fluctuation, so it predicts orderings, not a functional form. Appendix ] states each
assumption and extends the result to distributed storage, beyond the one-layer setting
of Nichani et al. (2025). It also explains why output-space regularization succeeds where
weight-space fails (§5.2). The interference lives along the unembedding directions: a KL
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penalty constrains these directly, a weight-space penalty cannot see them (Appendix ].4).
Forgetting is thus visible before training, in the overlap between new and stored keys.

6 Related Work

Hallucinations and scope Hallucinations are commonly defined as model outputs unfaith-
ful to real-world facts (Ji et al., 2023; Simbhi et al., 2025), provided context (Liu et al., 2025), or
user instructions (Belem et al., 2025), arising from mechanisms spanning data, training, and
inference (Kalai et al., 2025; Azaria & Mitchell, 2023). We view SFT-induced hallucinations
as the behavioral manifestation of factual forgetting driven by representational interference:
in the closed-book QA format (Gekhman et al., 2024; Ovadia et al., 2024; Zucchet et al., 2025),
a previously known fact the model can no longer produce is a hallucination. Our results
suggest the phenomenon arises whenever fine-tuning disturbs prior facts.

Factual knowledge in LLMs and module roles LLMs encode factual associations para-
metrically, with both FFN layers (Geva et al., 2021; Meng et al., 2022; Kaplan et al., 2025)
and attention projections (Dar et al., 2023; Elhelo & Geva, 2025; Chughtai et al., 2024) stor-
ing and expressing it. Representations are thus distributed across components, and skill
performance survives updating only parameter subsets (Zhu et al., 2026); §3 shows how
that choice matters.

Hidden knowledge and recall failures LLMs often encode more knowledge than they
express, hallucinating while internally knowing the answer (Gekhman et al., 2025; Orgad
et al., 2025; Simhi et al., 2025), and latent knowledge can sometimes be elicited by reason-
ing (Gekhman et al., 2026; Calderon et al., 2026). Some SFT-induced hallucinations may
thus reflect degraded recall rather than loss: the interference we identify may corrupt recall
pathways without erasing the knowledge, and self-distillation may preserve both.

Continual learning in LLMs Continual learning studies the stability-plasticity tension
in sequential training, proposing regularization, replay, architectural isolation, and distil-
lation (Li & Hoiem, 2016; Kirkpatrick et al., 2017; Lange et al., 2022); recent work applies
distillation and KL-based constraints to continual task learning in LLMs (Zhu et al., 2026;
Shenfeld et al., 2025). Closest to our method, SDFT (Shenfeld et al., 2026) distills on-policy
with reverse KL from a teacher conditioned in-context on an expert demonstration, teaching
a new behavior; our teacher is an unconditioned frozen snapshot, distilled off-policy with
forward KL as a temporal anchor for prior knowledge. The two share a core mechanism
while targeting complementary problems. We treat preservation of pretrained factual knowl-
edge as the stability objective, in contrast to continual knowledge learning, whose goal is the
factual update itself (Jang et al., 2022; Chen et al., 2025).

7 Conclusion

We reframed SFT-induced hallucinations as factual forgetting arising from continual learning
dynamics, and showed that established mitigation strategies transfer to this setting. When
new fact acquisition is undesirable, selective freezing suppresses factual plasticity while
preserving task learning; when it is required, self-distillation constrains output-distribution
drift and reduces forgetting from ~15 to 2 pp without sacrificing plasticity. Both mitigations
carry over to realistic instruction tuning. We also found that forgetting is selective: it scales
with the representational overlap between new and existing entities, while random UUID
facts induce near-zero forgetting even at 10° new facts, implicating localized interference
rather than capacity or behavioral effects. Representational drift analysis suggests self-
distillation suppresses this interference at the output level, and an associative-memory
account predicts the forgetting from the overlap between new and stored keys.

In summary, SFT-induced hallucinations are not an inevitable cost of factual learning but
a consequence of representational interference that can be targeted with selective freezing
or self-distillation. We hope this encourages future work that treats factual stability as a
first-class fine-tuning objective.
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fication (§2.1) uses 20 evaluation runs per question, each with three randomly sampled
few-shot exemplars, retaining only relations for which at least 30% of examples are classi-
fied as HighlyKnown. Training uses learning rate 5 x 10> (selected by jointly evaluating
time-to-learn on unknown facts and the induced hallucination rate), batch size 16, and
the hyperparameters listed per experiment; self-distillation defaults are A = 1, T = 0.5,
teacher snapshot at epoch 1 (Appendix D). Synthetic-entity construction is described in
Appendix G, the Alpaca protocol in Appendix F, representation-geometry analyses in Ap-
pendix H, and baseline sweeps in Appendix E. Code and data-construction scripts are
available at https://github.com/schwartz-1lab-NLP/finetuning-hallucinations.

LLM usage. Large language models were used as general-purpose assistants in preparing
this work: polishing prose (grammar, phrasing, and tightening for length), suggesting IATEX
and plotting boilerplate, and assisting with refactoring and documentation of the released
code. All research questions, experimental design, analyses, and scientific claims are the
authors” own, and the authors verified every number, citation, and statement reported here.
Separately, and as described in the text, LLMs appear within the experiments themselves—as
the models under study, and as automated annotators and judges (LLAMA-3.3-70B-Instruct
for Alpaca factuality annotation and AlpacaEval judging; Appendix F).
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A Results Over Other SLiCK Classification Groups

The main experiments focus on HighlyKnown facts throughout, on both the training and
validation sides. This choice follows a consistent principle. On the training side, the role
of Dxnown is to teach the model the QA task format without introducing any new factual
content. Facts classified as HighlyKnown by SLiCK, meaning those for which the model
produces the correct answer as its top-1 prediction across all few-shot prompt configurations,
are ideally suited for this purpose: training on them reinforces format while leaving factual
representations undisturbed. Any other group would risk conflating format acquisition
with factual learning, obscuring the mechanism under study. On the validation side, having
restricted Dynown to HighlyKnown facts, the natural corresponding held-out set is drawn
from the same group, providing a clean forgetting signal: any accuracy decline on
reflects genuine factual interference rather than pre-existing encoding fragility.

The four relations retained for our experiments (P17, P36, P407, and P495) were selected in
part because each exhibits HighlyKnown prevalence exceeding 30% on the development split,
ensuring a sufficient pool for both Dy own and . Table 3 reports the full SLiCK category
distribution across all four relations on the development set (1=3,530). HighlyKnown facts
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constitute the plurality (46.6%), followed by MaybeKnown (32.4%); WeaklyKnown (5.3%) and
Unknown (15.8%) make up the remainder. WeaklyKnown is the smallest group: these are
facts the model never answers correctly as its greedy top-1 prediction in any of SLiCK’s 20
few-shot prompt variations, the lowest degree of factual knowledge.

Relation HighlyKnown MaybeKnown WeaklyKnown Unknown
P17 (location — country) 41.3% 44.3% 6.5% 7.9%
P36 (country — capital) 50.7% 9.3% 4.4% 35.6%
P407 (artwork — language) 42.0% 45.4% 4.7% 7.9%
P495 (artwork — origin country) 51.1% 32.5% 5.2% 11.2%
Combined 46.6% 32.4% 5.3% 15.8%

Table 3: SLiCK category distribution on the development split for the four selected rela-
tions (1=3,530). Each relation exceeds 30% HighlyKnown, the threshold used for inclusion.

While the main text focuses exclusively on HighlyKnown, the held-out set also contains
MaybeKnown and WeaklyKnown facts, which exhibit qualitatively distinct dynamics under
fine-tuning. Figure 7 reports training curves for all three knowledge groups under Regular
SFT, Self-Distillation, and Only Known.
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Figure 7: Training dynamics across SLiCK knowledge groups. Factual correctness over
training epochs on held-out HighlyKnown (left), MaybeKnown (middle), and WeaklyKnown
(right) facts, for Regular SFT (blue), Self-Distillation (orange), and Only Known (green).

The HighlyKnown panel (left) reproduces the results from the main text. Only Known
preserves accuracy throughout (=95%), self-distillation stabilizes at ~292%, and regular SFT
degrades to ~80%, a drop of roughly 13 pp from the pre-fine-tuning baseline.

MaybeKnown facts (middle panel) reveal substantially more severe forgetting under regular
SFT. These facts are encoded less robustly: the model produces the correct answer under
some but not all SLiCK prompt configurations, and this pre-existing fragility amplifies
their susceptibility to representational interference. Accuracy collapses from approximately
0.64 to 0.43, a drop of roughly 21 pp, compared to 13 pp on HighlyKnown. Self-distillation
provides a commensurately larger benefit, stabilizing at approximately 0.58 and recovering
approximately 15 pp over regular SFT. Only Known again provides the strongest preserva-
tion (=0.60), confirming that Dy, is the proximate driver of interference regardless of the
robustness of the prior encoding. This pattern is consistent with the findings reported for
Llama-3.1-8B and Qwen2.5-7B in Appendix B.

WeaklyKnown facts (right panel) exhibit a qualitatively different pattern that inverts the
ordering observed in the other two groups. These facts are those for which the model
never produces the correct answer as its top-1 prediction under any SLiCK configuration
(knowledge that is present but highly latent), and baseline accuracy is accordingly low
(~0.15-0.17). Strikingly, Only Known drops to approximately 0.04-0.05 and remains there
throughout training, well below both Regular SFT (~0.14) and Self-Distillation (~0.13).
Training exclusively on HighlyKnown facts appears to further suppress recall of WeaklyKnown
ones: by reinforcing a retrieval regime calibrated for robustly encoded facts, it may render

16



Published as a conference paper at COLM 2026

the more effortful access required for latent knowledge less accessible. Regular SFT on
the full training mixture (including 7(y,;.) provides a more varied optimization signal that
may incidentally preserve or lightly activate recall of weakly encoded facts. Self-distillation
and regular SFT converge to similar performance in this regime, which is expected: the
distributional constraint provides little additional benefit when the facts in question were
not reliably accessible before fine-tuning began.

B Results Across Different Models

We validate our main findings on two additional 7-8B-parameter models from distinct
families: Llama-3.1-8B and Qwen2.5-7B. Figure 8 reports training dynamics across all three
conditions (Regular SFT, Self-Distillation, Only Known) for both architectures.

Regular SFT Self-distillation Only Known
- = r

7 ?
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Figure 8: Training dynamics on Llama-3.1-8B (top) and Qwen2.5-7B (bottom). Each
panel shows factual correctness over training epochs for Known facts (blue dash-dot),
Unknown facts (orange dashed), and (pink solid), across Regular SFT (left),
Self-Distillation (middle), and Only Known (right).

The core training dynamics replicate faithfully across both model families, consistent in
magnitude with our primary 1.5B-parameter experiments. Under regular SFT, both Llama-
3.1-8B and Qwen2.5-7B exhibit the characteristic two-stage pattern: rapid task acquisition
in the first few epochs—with near-perfect accuracy on Dipown (97-98%)—followed by
progressive forgetting of to approximately 85-86%. The Only Known condition
preserves throughout training at 95-97%, and self-distillation closely tracks this upper
bound, stabilizing at approximately 95%—a drop of only 2-3 pp from the Only Known
baseline, compared to 11-12 pp under regular SFT. This corresponds to approximately 80%
mitigation of forgetting, consistent with the degree of protection observed in the 1.5B model,
confirming that self-distillation generalizes reliably across architectures and scales. The
residual degradation under self-distillation (~2-3pp) is likely attributable to task-format
adaptation rather than factual interference, consistent with the ~5% baseline drift observed
even in the UUID condition (§5.1).

A complementary observation emerges from the fine-grained freezing results in Appendix C:
training the full attention block is insufficient to achieve forgetting mitigation. The same
level of stability is recovered only when restricting updates to a single attention projection
(e.g., k, v, or 0), with all other parameters frozen. This finding goes beyond the coarse
attention-vs-FFN distinction established in §3: within the attention block itself, granularity
matters. Updating all attention parameters jointly preserves enough factual plasticity to
drive forgetting; restricting to a single projection suppresses it enough to protect

Beyond the held-out known facts, we examine the effect on MaybeKnown facts, which SLiCK
classifies as only partially known: the model produces the correct answer inconsistently
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Figure 9: Accuracy on and MaybeKnown facts across training conditions. Top
row: factual correctness on held-out HighlyKnown facts ( ). Bottom row: accuracy on

out-of-training MaybeKnown facts. Results are shown for Llama-3.1-8B (left column) and
Qwen2.5-7B (right column) under Regular SFT (solid pink), Self-Distillation (blue dash-dot),
and Only Known (orange dashed).

across prompting configurations. This pattern is consistent across both model families
and sizes (Fig. 9), and the effect is substantially more pronounced than what is observed
for . Under regular SFT, accuracy on MaybeKnown facts drops by approximately 18—
19 pp (from ~0.63 to ~0.45 for Llama-3.1-8B, and from ~0.68 to ~0.49 for Qwen2.5-7B),
compared to an 11-12 pp drop on . We attribute this amplified vulnerability to the
nature of partial knowledge: MaybeKnown facts are encoded less robustly in the model’s
representations, and weaker encoding makes them more susceptible to interference when
new factual knowledge is integrated. Their recall is already fragile before fine-tuning, so
even moderate representational drift is sufficient to push them below the threshold of
reliable recall. Self-distillation provides a commensurately larger benefit in this regime,
stabilizing MaybeKnown accuracy at approximately 62-65% and mitigating approximately
90% of the forgetting induced by regular SFT—compared to approximately 80% on —
underscoring its particular importance for preserving knowledge that sits at the margins of
model recall.

C Results Over Different Module Freezing Experiments

The main text (§3) establishes that freezing the FFN and updating only attention layers
reduces forgetting by suppressing new fact acquisition. Here we examine the mechanism
more finely: parameter freezing is not special; it is simply one way to reduce factual plasticity.
What drives the reduction in forgetting is not the act of freezing per se, but the resulting
decrease in Dy, .. We verify this by sweeping over fine-grained parameter subsets and
showing that the relationship between plasticity and forgetting is monotone and consistent
regardless of which module is restricted.

Table 4 reports results for individual attention projections (g, k, v, 0), FEN sub-components
(gate+up, down), the full attention block (attn), full FFN, and the standard full-model
baseline. Across all configurations, tracks Dy, closely: as factual plasticity increases,
forgetting increases proportionally, irrespective of which parameter group is updated.
Individual attention projections suppress plasticity most aggressively (D, = 0.005-0.006),
yielding the highest values. The full attention block achieves comparable stability
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95 /Dl,‘nl\ \L DKr‘lown T T
k 0.006 0.944 0.927
q 0.006 0.912 0.901
v 0.005 0.920 0.901
0 0.006 0.941 0.925
attn 0.010 0.946 0.931
gate+up 0.242 0.977 0.883
down 0.086 0.956 0.918
FFN 0.941 0.997 0.782
All (standard SFT)  0.946 0.990 0.780
All (Only Known) — 0.999 0.958

Table 4: Fine-grained freezing ablations. Each row corresponds to a different updated
parameter subset fg, with all other parameters frozen. decreases monotonically with
Dink across all configurations, confirming that factual plasticity—not the specific parameter
group—mediates forgetting. Attention projections and the full attention block suppress
plasticity most effectively. Within the FFN, gate+up drives substantially more plasticity
than down. Full FEN and full model (standard SFT) recover the baseline forgetting pattern.
Only Known provides the stability upper bound.

(Dunk = 0.010), confirming that any restriction that prevents factual integration is sufficient.
Within the FFN, the gate+up sub-component drives substantially more plasticity (D, =
0.242) than the down projection (D, = 0.086), consistent with the role of the gate+up
pathway in writing factual content into the residual stream (Geva et al., 2022). Updating
the full FFN or the full model recovers standard SFT dynamics, with high plasticity and a
corresponding 15-percentage-point drop in

These results reinforce the central claim of §3: the stability—plasticity tradeoff in factual
fine-tuning is governed by how much new factual content the model integrates, not by the
structural form of the constraint. Freezing is one mechanism for controlling that integration;
self-distillation (§4.1) is another, achieving the same stability without sacrificing plasticity.

D Results Over Different Parameters for Self-distillation

Self-distillation introduces three hyperparameters: the snapshot epoch i at which the teacher
is frozen, the distillation weight A, and the temperature 7. Figure 10 reports ablations over
each parameter independently: the snapshot-epoch sweep isrunat A =1, T = 2, and the A
and T sweeps at snapshot epoch i = 2 (with T = 2and A = 1, respectively). Each row shows
accuracy on Dy, (left, factual plasticity) and (right, factual stability) over training
epochs.
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to sustained factual drift. Beyond
i = 1, held-out stability degrades
monotonically with the snapshot
index.

Distillation weight. The A ab-

lation reveals a direct stability—

plasticity tradeoff. Weaker reg-

ularization (A = 0.1, A = 0.5)

allows rapid acquisition of Dy,

but results in greater degradation

of . Stronger regularization

(A = 1.5) substantially reduces for-

getting but delays factual learning, requiring considerably more training epochs before
Dyni accuracy reaches its asymptote. We select A = 1 as it achieves efficient factual acquisi-
tion alongside meaningful forgetting mitigation, without demanding an extended training
budget.

Temperature. Higher temperatures (T = 2, T = 4) produce smoother and more stable
learning trajectories on Dy, reducing epoch-to-epoch variance. However, is no-
ticeably lower under high-t conditions. Lower temperatures (t = 0.5, T = 1) yield better
stability on while preserving comparable final accuracy on Dy,,. We adopt T = 0.5
as our default; practitioners who prioritize stable factual learning trajectories may prefer
higher temperatures at a modest additional forgetting cost. The best-performing point of
the sweep itself is (i = 2, A = 1, T = 1). The default configuration used throughout the
paper (i =1, A = 1, T = 0.5) retains = 0.908 at epoch 50, about 2 pp below the 0.93
peak; this is the value reported for self-distillation in Table 5 and the source of the figure
quoted in §4.1.

E Parameter-Space Baselines: Protocols and Sweeps

All baselines run in the 8K ENTITYQUESTIONS setting of §2 (50/50 Known/Unknown mix-

ture, learning rate 5 x 102, identical supervision and evaluation), trained to convergence.
Table 5 summarizes each method at its best-performing hyperparameter.

Method Final Final Dy,
Standard SFT 0.780 0.946
Weight decay (best strength: 50) 0.804 0.909
4 toward 6; 0.809 0.949
EWC (Dxnown Fisher proxy, best A) 0.826 0.948
LoRA (best rank: 64) 0.834 0.948
Self-distillation (ours) 0.908 0.934

Table 5: Output-space vs. parameter-space regularization in the 8K EntityQuestions setting
(peak ~ 0.93). Each baseline at its best-performing hyperparameter.

EWC. Standard EWC (Kirkpatrick et al., 2017) requires the old-task data (for the Fisher
information), and SI (Zenke et al., 2017) requires the training trajectory (for online impor-
tance accumulation); neither is accessible for pretraining, which rules out SI entirely and
requires a proxy for EWC. We therefore estimate the empirical Fisher on a sample of Dxnown
as a stand-in for the pretrained factual knowledge. Across regularization strengths, EWC
reproduces the ¢, pattern: the best-balanced setting reaches final = 0.826 at full
acquisition (D, = 0.948), while stronger regularization (A = 10°) raises to 0.869
only by collapsing acquisition (D, = 0.444).

LoRA. Low-rank adaptation (Hu et al., 2022) across ranks {16,64} applied to all modules.
Consistent with Biderman et al. (2024), LoRA forgets somewhat less than full fine-tuning on
a slower trajectory, but the pattern matches full SFT: final = 0.814 (rank 16) and 0.834
(rank 64) at Dy, ~ 0.95.
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Weight decay. AdamW decoupled weight decay across strengths {0.01,0.1,1,10,50,100}.

Moderate strengths leave forgetting essentially unchanged (final = 0.78-0.82); the

strongest setting (100) destroys training entirely. The best-performing strength (50) reaches
= 0.804 at Dy, = 0.909.

l> toward ¢;. The snapshot-anchored ¢, penalty of §5.2 with A matched to self-distillation
in gradient magnitude: final = 0.809 at Dy, = 0.949.

Summary. Every parameter-space method lands in the 0.78-0.84 range on final

(Table 5), a gain of at most ~5pp over standard SFT versus ~13pp for self-distillation, and
each faces the same stability—plasticity tradeoff when its regularization strength increases.
The self-distillation row uses the paper’s default configuration i = 1, A = 1, T = 0.5;
Appendix D), evaluated at epoch 50. This is the pattern predicted by the associative-
memory account (§5.3): weight-space penalties bound the update magnitude uniformly,
without regard to the representational overlap p;4 that determines which stored facts are at
risk.

F Real-Data Validation on Alpaca: Protocol and Trajectories

Data and annotation. We use 15K examples from the Alpaca dataset (Taori et al., 2023).
Because factual content in instruction-tuning data is implicit (woven into instructions and
responses rather than stated as clean relational facts), we first pass each sample through an
LLM annotator (LLAMA-3.3-70B-Instruct via TogetherAl) that decides whether the sample
carries factual knowledge and, if so, extracts the underlying (subject, relation, object) content.
For each factual sample we generate an ENTITYQUESTIONS-style QA probe, and apply
SLiCK (§2.1) with QWEN 2.5-1.5B to classify the model’s knowledge state for that fact. A set
of 1,000 factual probes is held out for evaluation; the held-out factual accuracy reported in
Table 2 is computed over the HighlyKnown subset of these probes. We emphasize that no
output of this pipeline is used during training: the mitigation methods receive only the raw
Alpaca data, and SLiCK serves purely as a diagnostic.

Training and evaluation. All three configurations fine-tune QWEN 2.5-1.5B for five epochs

with learning rate 3 x 107> and batch size 16. Self-distillation uses the same hyperparameters
as in §4.1 with no additional tuning; attention-only freezing follows §3. After every epoch
we evaluate (i) held-out factual accuracy and (ii) alignment quality via AlpacaEval (Li et al.,
2023) on 200 instructions, judged by LLAMA-3.3-70B-Instruct via TogetherAl against the
dataset’s reference outputs; the preferred rate counts wins plus half of ties. Table 2 reports
AlpacaEval at a common early-stopped epoch (4), the epoch selected by validation preferred
rate for the two fully-trained configurations (standard SFT and self-distillation); we apply
the same epoch to attention-only freezing for comparability, as its trajectory is essentially flat
(its own best preferred rate, 50.3%, occurs at epoch 2). Factual degradation is reported at the
end of training, measured against the peak held-out accuracy observed across all three runs
(0.869, attained under standard SFT at epoch 3): 0.869 — 0.795 (SFT), 0.852 (self-distillation),
and 0.860 (attention-only), i.e. 8, 2, and 1 pp at the two-decimal resolution appropriate
for the 229-probe evaluation set (one probe ~ 0.4pp). AlpacaEval on 200 instructions has
run-to-run variability of roughly +1-2pp: the same base model scored 39.8%, 38.8%, and
37.8% across the three runs’ initial evaluations, so differences of this order should be read
with care.

Trajectories. Held-out factual accuracy over epochs 0-5 (epoch 0 = base model): standard
SFT 0.821 — 0.821 — 0.843 — 0.869 — 0.803 — 0.795; self-distillation 0.821 — 0.817 —
0.834 — 0.847 — 0.843 — 0.852; attention-only freezing 0.817 — 0.856 — 0.852 — 0.852 —
0.847 — 0.860. The pattern matches the controlled setting: standard SFT peaks early
and then degrades as factual content is absorbed, while both mitigations remain stable
throughout. AlpacaEval preferred rates at epoch 4 are 50.5% (SFT), 52.3% (self-distillation),
and 47.2% (attention-only), against a base-model rate of 39.8%.
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Figure 11: Synthetic entity construction. Semantic (token-mix) keys (left, steps 1-5): real P17
place names are tokenized, position-aware token pools are assembled, and novel names are
formed by recombining tokens across names (e.g., Bergadena from Bergamo and Pasadena).
UUID keys (right): random 8-character hex identifiers with no lexical overlap with real
entities. Both conditions are paired with real country names under an identical question
template, so the entity key is the sole variable. Candidate synthetic names that match any
existing real place name are discarded.

G Synthetic Entities Creation Procedure

All controlled experiments in §5 use the P17 Wikidata relation (location — country: “Which
country is X located in?”). We focus on a single relation deliberately: fixing the relation
holds the question template, the answer domain, and the relational structure constant across
all conditions, making the entity name (the key) the sole experimental variable and the
comparison between key types experimentally controlled.

To construct synthetic facts, we generate two types of entity names (Fig. 11). Semantic
(token-mix) keys are built by tokenizing all real P17 place names and extracting three
position-aware token pools: the first token of each multi-token name, all middle tokens,
and the last token. Novel place names are then formed by recombining tokens sampled
from these pools, either as two-token sequences [first, last] or three-token sequences
[first, middle, lastl], and any candidate that coincides with an existing real place is
discarded. The resulting names share sub-word structure with real locations: for example,
tokens from Bergamo and Pasadena combine into Bergadena, a novel name that lexically
resembles genuine place names and is thus expected to activate overlapping representations
in the model. UUID keys, by contrast, are random identifiers of the form Loc_<8-hex)
(e.g., Loc_fcfb46ee), with no syntactic resemblance to any real entity. For the dose-response
conditions of §5.1, we additionally generate token-mix k-noise keys (k € {1,2}) by replacing
k of the tokens in each token-mix name with arbitrary identifier tokens drawn from the pool
used for UUID construction, respecting token position; all other aspects of the construction
(value assignment, filtering, balancing) are identical to the token-mix condition. In both
conditions, each synthetic entity is paired with a real country drawn uniformly at random
from those appearing in P17, subject to the constraint that the (place, country) pair is not
already present in the original dataset; country assignments are rebalanced to maintain an
approximately uniform distribution.
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Figure 12: Dose-response: forgetting tracks base-model representational overlap. Left:
per-layer cosine similarity of synthetic keys to real-city representations in the base model, four
graded-overlap conditions. Right: forgetting at 10* injected facts increases monotonically
with overlap.

To verify that forgetting is driven by the key rather than the value, we additionally varied
the country (value) condition: values were instantiated as real country names, semantic
synthetic country names (constructed by the same token-mix process applied to country
names), or UUID-style country labels, crossed with both key types. Table 6 reports A

for all six combinations after training on 10° synthetic facts. Across all value conditions,
semantic keys consistently induce 3841 pp of forgetting, while UUID keys yield approxi-
mately 4 pp forgetting regardless of what value is paired with them. This full dissociation
indicates that, among the factors varied here, representational overlap in the entity name is
the dominant driver of interference, while the answer side plays little role.

Key type Value type A Pp) 4

Semantic Real 38
Semantic  Semantic 38
Semantic UUID 41
UUID Real 4
UUID Semantic 4
UUID UUID 4
Table 6: Forgetting is driven by key semantics, not value type. A after training on 10°

synthetic facts, for all combinations of key type (semantic vs. UUID) and value type (real /
semantic / UUID country names). All conditions achieve Dy, = 100% and Dknown = 90%,
so differences in forgetting cannot be attributed to learning success.

H Representational Geometry of Synthetic Keys

Setup. For each key condition (real cities, token-mix, token-mix 1-noise, token-mix 2-noise,
UUID) we extract residual-stream representations of n = 5,000 entities per condition from
the base QWEN 2.5-1.5B model (no fine-tuning), at every layer, under two aggregations: the
mean over the entity’s sub-word tokens and the last sub-word token. Results below use the
last-sub-word aggregation, which matches how key representations are read in §5.2; the
mean aggregation agrees at the early and final layers but saturates mid-network, where all
conditions approach ceiling similarity. Two additional runs (n = 2,000, two seeds) replicate
the cosine ordering at every layer; the probe ordering at this smaller scale is reproduced in
one seed and flat in the other.

Cosine similarity to real cities. Figure 12 (left) reports the mean pairwise cosine similarity
between entities of each synthetic condition and real cities. The ordering UUID < 2-noise <
1-noise < token-mix holds at every layer past the earliest ones, with last-layer values 0.45,
0.58, 0.64, 0.71. Within-condition similarity to real-real pairs behaves analogously.
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Linear “is a city” probe. We train an ¢>-regularized logistic probe on base-model repre-
sentations to separate real cities from non-place entities, and evaluate the predicted P(city)
on each synthetic condition. At layer 27, the deepest layer at which the probe is reliable, it
transfers with the same ordering as the cosine analysis: real 0.91, token-mix 0.71, 1-noise
0.62, 2-noise 0.50, UUID 0.29. The clean graded ordering holds in the final layers (25-28);
at mid-network layers the probe itself is unreliable, with the UUID condition in particular
oscillating widely. The cosine measure instead orders the conditions monotonically at every
layer.

Takeaway. Both measures agree that the graded key conditions occupy graded positions
in the base model’s representation space before any fine-tuning, so the dose-response in
forgetting (Fig. 5) tracks pre-existing representational overlap rather than an artifact of
training. Forgetting values follow the convention of Fig. 4, measuring the drop from the
~0.98 plateau reached after task-format learning.

I Further Analyses on Self-Distillation

We report two sets of additional analyses that complement §5.2, both using the 10K semantic-
overlap setting of §5.1: ablations on which part of the output distribution the distillation
constraint needs to target, and an extended battery of drift metrics comparing SFT and
self-distillation across representation and output space.

Which part of the output distribution matters? The main text establishes that ¢, weight
regularization does not replicate the self-distillation benefit, suggesting the effect is not
simply a consequence of smaller weight updates. We additionally ask whether the full
output distribution is necessary, or whether constraining a specific region suffices. This
question connects to a broader literature on knowledge distillation: Hinton et al. (2015)
showed that the “dark knowledge” carried by a teacher’s soft probability distribution
over non-target classes is more informative than the hard labels alone, precisely because
it encodes the teacher’s relative confidence over semantically related alternatives. In our
setting, those alternatives are competing entity tokens — and we hypothesize that it is
constraining this region, rather than the full distribution, that drives the forgetting reduction.
We compare three variants of the distillation objective:

Full self-distillation: KL divergence over the complete vocabulary at each token position
(Eq. (2))-

Top-k distillation: KL divergence restricted to the teacher’s k highest-probability tokens at
each position. Let Ty(j) = argtop; pe,( - | x;) be the top-k index set at position j, and let

p&., pékj) be the student and teacher distributions renormalized over T (j). The distillation

loss becomes

2
£ (0:6) =Eiyon | o ¥ KL(p [ p8)) ] - )
* |M(y)‘ jeM(y) ( v '])

We set k = 0.05% of the vocabulary (76 tokens), capturing between 91% and 92% of the
teacher’s probability mass per position.

Random-k distillation: identical to top-k, but the 76 tokens at each position are drawn
uniformly at random rather than by probability rank. This condition controls for the number
of constrained logits while removing alignment with the teacher’s high-probability region.
Importantly, it does not reduce to standard SFT: the KL term remains active but constrains
the student toward a uniform distribution over an arbitrary token subset, effectively injecting
noise rather than meaningful structure.

Top-k distillation fully replicates full self-distillation: forgetting on decreases to ~3 pp
while Dy, acquisition proceeds at the same pace. Random-k distillation leaves forgetting at
~10 pp, indistinguishable from standard SFT. What matters is therefore not the number of
constrained logits but constraining the high-probability region specifically. This is consistent
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with Hinton et al. (2015)’s insight that soft targets carry informative relational structure —
here, the relative probabilities over competing entity tokens encode the teacher’s “opinion”
about which alternatives are plausible, and preserving this opinion prevents the gradient
updates for new entities from redistributing probability mass away from existing ones.
Buzzega et al. (2020); Li et al. (2025) make a related observation in the continual learning
setting, showing that dark experience replay — which stores and replays soft teacher outputs
rather than hard labels — provides a stronger anti-forgetting signal than hard-label replay
alone, precisely because the soft outputs encode richer relational structure. Our top-k result
sharpens this: what matters is not the full soft distribution, but the high-probability region
where semantically competing candidates reside.

Notation for drift metrics. Let H(gl) (x) € R? denote the hidden representation of the key
entity’s final token at transformer layer / under model 6, for input x. We write H(()l) (x) =

Hé(l]) (x) for the pretrained model and H l-(l) (x) for epoch i. All representations are extracted

from the final token of the key entity and ¢»-normalized before computing cosine similarities.
The final token is the natural extraction point for entity representations in causal language
models: unlike bidirectional architectures, where the full contextual representation of a
phrase can reside at any of its token positions (Kaplan et al., 2026), causal attention ensures
that only the last token has attended to all preceding tokens and thus carries the complete
representation of the entity. We fix [ = 14: the middle layer of the 28-layer Qwen 2.5-1.5B
model, where the inner lexicon of LLMs is most reliably encoded (Kaplan et al., 2025). Let
P = {(xy,x) : x4y € Dyp, X € , a(xy) = a(xy)} be the set of unknown/held-out
input pairs sharing the same ground-truth answer a(-), and I = Tf” (x5) the pretrained
model’s top-k token indices at the answer position for held-out input x;,.

The battery of metrics below is designed to triangulate the interference account from
multiple angles: RD measures whether individual held-out representations move; NS
measures whether their relative geometry is preserved; MTD measures whether they drift
specifically toward new-entity representations; and Rank-p, NTR, and JSD measure whether
this interference is visible at the output level. Convergent evidence across all six metrics
strengthens the structural account over capacity-based or behavioral alternatives.

Hidden-state drift (RD). RD (defined in §5.2) measures the average cosine distance be-
tween held-out entity representations before and after fine-tuning. Cosine distance captures
directional shifts in representation space, which are more sensitive to semantic change than
Euclidean distance (Kim et al., 2025). Under SFT, RD reaches ~11%; under self-distillation
it stabilizes near 5%. The residual 5% present in all conditions reflects task-format learning
and is not associated with forgetting, as confirmed by the UUID condition in §5.1.

Neighborhood structure (NS).

14 14 14
S = g L Jeos(HM (), HI () — cos(HY™ (), HYM ()|, (6)
‘ | xx'eS
where § C is a random subsample. NS measures how much the pairwise geometric

structure among held-out entity representations changes during training — capturing
whether entities move together (high RD, low NS) or rearrange relative to each other (high NS).
Under SFT, NS reaches ~0.07; under self-distillation it stabilizes near 0.02. The fact that both
RD and NS are elevated under SFT indicates that held-out representations are not merely
translating as a block, but genuinely reorganizing — consistent with localized interference
rather than a global drift of all representations. This pattern mirrors findings in Masip
et al. (2026), who show that catastrophic forgetting in classification networks manifests as
reorganization concentrated among semantically similar classes, rather than uniform drift.

Mean targeted drift (MTD).
MTD; = Ey, x.) [cos(Hz.(M)(xh), Hl.(14)(xs)) — cos(HéM) (xh),H(()M) (xs))], (7)

where x;, € and x; indexes the synthetic (newly trained) entities. MTD directly
tests the directionality of the interference: does the representational drift push held-out
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Figure 13: Extended drift metrics under standard SFT and self-distillation over 100
training epochs on the 10K semantic-overlap setting (§5.1). Top row, left to right: Hidden-state
drift (RD), Jensen-Shannon divergence (JSD), mean targeted drift (MTD), and neighborhood
structure (NS) — all at layer 14. Bottom row, left to right: Neighborhood token ratio (NTR),
output-distribution drift (Rank-p), training accuracy on Dy, and validation accuracy on

. All metrics consistently show less drift under self-distillation than under standard
SFT. Factual acquisition on Dy, proceeds at a comparable pace across conditions.

entities toward or away from the new entities? Under SFT, MTD drops to ~—0.09: held-out
and synthetic representations diverge — consistent with the model carving out distinct
new-entity clusters that displace nearby held-out representations sideways rather than
absorbing them. Under self-distillation, MTD remains near 0, indicating that the cross-group
representational relationship is largely preserved. This divergence pattern is consistent with
Nishi et al. (2025), who show that knowledge editing causes “representation shattering”
— areorganization of the local neighborhood structure around edited entities — and that
nearby unedited entities are displaced as a byproduct.

Output-distribution drift (Rank-p). For each pair (x,, x;) € P, Rank-p measures the
Spearman rank correlation between the current and pretrained models’ logit rankings over
unknown-fact and held-out inputs, restricted to the shared index set I:

1
Rank-p = — Y pspearman(2zo(Xu)1, Zg,(Xn)1), (8)
|P| (xu,x;,)eP

where zg(x) denotes the logits of 6 at the answer position restricted to I. A rising Rank-p
indicates that the model’s output for new-fact inputs increasingly ranks entity candidates in
the same order as the pretrained model ranked them for held-out inputs — a signature of the
two entity neighborhoods converging in output space, which is precisely the interference
pattern the structural account predicts. Under SFT, Rank-p rises from ~0.32 to ~0.40; under
self-distillation it stays near 0.32.

Neighborhood token ratio (NTR).

TE(x) nT£<xh>|] , o

NTR = E(y, ,\cp [ 3

where Tf (x) is the current model’s top-k token set at the answer position for input x. NTR
complements Rank-p by measuring overlap in the current model’s candidate sets (rather

26



Published as a conference paper at COLM 2026

than correlation with the pretrained reference): do new-fact queries and held-out queries
share the same answer candidates under the fine-tuned model? At initialization, the two
groups share ~45% of their top-k candidates. Under SFT, NTR drops to ~217% as the model
learns specialized answer distributions for the new entities; under self-distillation it remains
near 36%. The drop under SFT reflects the model pulling new-entity outputs into a distinct
region of output space — consistent with the MTD finding that held-out and synthetic
representations diverge.

Jensen-Shannon divergence (JSD).
JSD = E (4, x,)ep [ISD (po(xu)1 || pe, (xn)1)] (10)

where py(x)] is the softmax distribution of 6 at the answer position renormalized over I. JSD
captures differences in the full probability shape rather than just rankings (complementing
Rank-p). Both conditions show an upward trend, as the model naturally diverges from the
fixed pretrained reference as it learns new facts. However, SFT reaches ~0.68 versus ~0.63
under self-distillation. The smaller gap here compared to Rank-p and NTR reflects the fact
that JSD is sensitive to all probability mass, including the task-format learning component
shared across conditions; Rank-p and NTR, by focusing on the entity-candidate region,
isolate the interference-specific signal more cleanly.

Training and evaluation curves. The train unknown and val heldout subplots in Fig. 13 con-
firm that both conditions achieve comparable factual acquisition on Dy, — self-distillation
converges somewhat later — while held-out accuracy on is substantially better pre-
served under self-distillation, consistent with the main results of §4.1. Taken together, all six
metrics tell a consistent story: SFT on semantically overlapping entities produces represen-
tational and output-space interference that is absent under self-distillation, consistent with
this interference being a primary driver of factual forgetting.

J Derivations for the Hebbian Associative-Memory Account

This appendix collects the derivations referenced in §5.3. Each subsection is self-contained
and can be read independently.

Notation. The main text needs only the held-out subject’s key, and writes x;, for that
subject. The derivations below also involve its stored answer and its margin, so we label
the held-out fact by A, with subject x4, answer a4, and key k4 := ki ,; the correspondence
isxa = xp, ka = ky, PiA = Pjhs and S5, = S, and A denotes the answer set over which
the free index y ranges. Eq. (4) gives the effect of a single injection j; 6, (A) = ]Ai 1 éy ) (xp)
below is the cumulative perturbation from all M injections, which §5.3 describes in prose.

J.1 Hebbian update derivation

Lemma 1 (SFT update is a rank-one Hebbian increment). Consider one gradient step of softmax
cross-entropy on a new fact (x;, a;) with learning rate , treating W in Eq. (3) as a free linear readout
and holding the key map x — ky fixed. The induced update is

AW; = 1 (ua; — 1) kI},, i = ZApy(xj)uy, p(x;) = softmax(s(x;)).  (11)
ye

Proof. Let L; denote the softmax-cross-entropy loss on (xj,a;) with logits s, = u; Wky;. The
gradient with respect to logits is

oL;
7 _ _
e py(xj) —1[y = aj] .
By the chain rule,
VwL =} (py(x) =1y =aj] Juy ks, = (i — ug)) by,

yeA
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and AW; = —yVy L; gives (11). O

The identification is structural: the update (11) is exactly a rank-one outer-product increment,
the same primitive that builds the stored memory W =}, u o x)kl in Eq. (3). SFT on M

new facts yields, to first order, W' = W + Z]'Ai 1 AW;. The two approximations are (i) first

order in 1 (per-example rank-ones rather than a fully entangled trajectory), and (ii) the key
map is held fixed during fine-tuning.

J.2 Bias and variance of 6, (A)

We work under three conditions on the SFT corpus, the first two structural and the third a
mild regularity:

(a) (Disjoint held-out answer.) a4 ¢ {a ]}]Ai 1-

(b) (Distinct injected answers.) a; # ay for j # i
(R) (Cross-prior regularity.) There exists Cr > 0 such that for every j € [M] and every

ae A,

) pa(xy) < Ck. (12)

I'#
Conditions (a) and (b) are idealizations of our experimental corpora: in the synthetic settings,
values are country names that repeat across injected facts, and held-out answers are drawn
from the same set, so both conditions are violated in practice. We adopt them to isolate the
overlap mechanism in its cleanest form. With repeated answers, the Gram matrix B below
acquires additional unit off-diagonal entries whose row sums grow with the per-answer
repetition count; the bound then holds with a larger constant that depends on this count,
and the S 4-monotone form of the variance is unchanged at any fixed repetition profile.
Condition (R) says that the total prior mass that any single answer accumulates across
the other M—1 new subjects is bounded; a sufficient condition is max;, , pa(x;) < Cr/M,
which is plausible in our regime since injected facts are Unknown (the model assigns low
probability even to their target answers before fine-tuning).

Proposition 1 (Bias-variance decomposition). Define d,(A) := uyT (W' — W)k 4, the perturba-
tion of the readout score of answer y on the held-out subject x o, and write 5,,(A) = py(A) + &y (A)
with py(A) := E,[6y(A)] and Gy (A) := 6,(A) — uy(A), where the expectation is over random-
spherical unembeddings (u, unit-norm with Eluau, | = 1;/d).

(a) Bias (exact). Under (a) and (b), for every y € A,

Hy(A) =1 i (ly = aj] = py(x))) pja- (13)
In particular, for y = a; (an injected anszju;r),
pa(A) = 1 (1—pa(x})) pja — Uj; Pa;(xjr) 0jr 4, (14)
and for y ¢ {aj}jj\il,
ny(A) = ﬂjfll Py (%)) pja- (15)

The diagonal term in (14) is the systematic “pull” of fact j on the readout for A, linear in p;4, with
prefactor 1 — pa,(x;) € (0,1) that vanishes only as SFT saturates po,(x;) — 1. Under (R), the
cross term in (14) and the bias (15) are bounded in absolute value by 1 (1 + Cr) max; | PjA |

(b) Variance (upper bound). Under (a), (b), and (R), for every y € A,
Cn? M I
Var, [&,(A)] < 7’7 Sa,  Spi= Z;p]zA — Mp%, C <2Ck+3  (16)
]:
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Proof. Regrouping by answer token. Reindex the cumulative update W — W = Zj]\il AW;
(with AW; from Eq. (11)) by answer rather than by fact:

M
W -—-W =y Z}Auﬂ v, , v, = 'Z;txu,]- kx;, agj = 1ja=aj] —pa(xj).  (17)
ac =

Substituting,

&y(A) =1 Z (u;—“a) (U;kA)- (18)
acA

Bias. Under the unembedding isotropy, E, [uyT ug] = 1[y = a]. Taking expectations of (18),

M
my(A) = nogka = 1Y wyipja
j:l

which is (13). The special cases (14) and (15) follow by substituting y = aj (condition (b)
collapses 1 [aj = a]v} toj’ = j)and y ¢ {a;} (the indicator vanishes everywhere). For the
bounds stated below the proposition: by the L! /L® inequality and condition (R),

‘Zpy(xj)PjA‘ < <Zpy(xj)) m]?lX|PjA| < (1+CR)m]ax|ij|,
] j

using }; py(x]-) = py(xjo) + Lizjo py(x]-) <1+ Cg for any jy.
Variance: reduction to a Gram matrix. Subtracting the mean from (18),
&y(A) = 1 ) (uyua) (v ka)
aty

(the a = y term is exactly p, ). Under isotropy, {u;r Ug } 44y are pairwise uncorrelated with
Vary, [u,) u,] = 1/d, hence

y
7 Tr )2 7 2
Vary[6y(A)] =+ Y (05 ka)? < 7 IVkall”, (19)
azy
where V is the operator with columns {v, },c 4. Expanding the squared norm,
M
IVkall> = Y. (vaka)®> = Y pjapyaBjy = paBpa, (20)
ac A ji'=1

where pa := (014,...,0ma) | and B € RM*M js the Gram matrix

By = Z}Azxa,]- g = 1 {aj = a]-/} — pﬂj(x]-/) — Pay (xj) + (p(x]-),p(xj/)>. (21)
ac

The last equality expands a,x, s and sums over a (the indicator product collapses to
1 {a]- = a]-r} because both indicators are simultaneously 1 only when a = a; = a;). Since B is

symmetric PSD (a Gram matrix), p yBpa < | Bllop [0 |3 = ||Bllop Sa-

Bounding ||B||op via Gershgorin. On the diagonal, 1[a; =4;] = 1 and ||p(x])||% <
maXg Pa(xj) Y pu(x]') <1,s0

Bjj = 1—2pa(x;) + |p(x) 3 < 2.

Off the diagonal, condition (b) gives 1 [aj = aj/} = 0 for j # j/, and the three remaining
terms are nonnegative (probabilities and inner products of probability vectors), so

Bjj| < pa;(xj) + Pay (xj) + {p(x;), p(xj))-
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Summing |B; | over j' # j and applying (R) three times:

Y pa;(x7) < Cr  (by (R) witha = aj),

7'#i

Epaj/(x]-) < 2 pa(xj) = 1 (by (b), the a; are distinct in A),

7'#i acA
Y (p(xp) p(xp)) = 3 palx)) ) palxy) < CrY palxj) = Cr (by (R)).
J'# acA i'#i a

Hence } v+ |Bjjr| < 2Cg + 1. Since B is symmetric PSD, Gershgorin’s circle theorem gives
IBllop = Amax(B) < max (Bj]- +y |B]-]-/|) < 24 (2Cg+1) = 2Cg +3.
! J'#i
Combining (19) and (20),

Vary[¢y(A)] < ——[[BllopSa <

which is (16) with C < 2Cg + 3. O

J.3 Forgetting probability and scaling law (heuristic)

Letma := sq,(x4) — max, 4, sy(xa) > 0 be the pre-finetuning margin of fact A. Fact A is
forgotten when, for some competing answer y # a4,

0y(A) =04, (A) > may. (22)

By Proposition 1(a), y,(A) is nonzero (to leading order in (R)) only for y € {aj}j]\i s the
maximum of py(A) over y # ay is therefore attained at some y = a;. Writing 6 = p + ¢, the
forgetting condition (22) specializes to

Vaj(A) — Hay (A) + (guj(A) - ‘:ﬂA (A)) > mgy. (23)

Variance of the difference (rigorous). By Proposition 1(b) applied to y = aj and y = ax
separately, and the elementary inequality Var[X — Y] < 2Var[X] + 2Var[Y],

2
Var, 60 (4) — &, (4)] < TERAIT g, (9

Gaussian heuristic. By the proof of Proposition 1, {,(A) = 5 Ea#y(u; uy) (v, ka) is a linear
combination of | A| — 1 pairwise-uncorrelated mean-zero terms (the cross-products u; Ug
under isotropy), each of order 1/+/d. For large |A|, a CLT approximation gives that Caj(A) —

Ca, (A) is approximately Gaussian. Combining with (23) and (24), the forgetting probability
is then a Gaussian tail:

M4 — max; (}luj(A) — Hay (A)) > ) (25)

Pr|forget A] ~
forget 4 g( 7v/4(2Cx +3) S4/d
with g a decreasing function. This is the one heuristic step in the analysis: the Gaussian
approximation is what justifies a specific functional form. We use (25) only to derive
monotonic orderings (both the numerator decreases and the denominator increases as S 4
grows), never to read off a specific exponent. The compact statement in §5.3 suppresses the
bias term in the numerator (valid in the small-y regime) and absorbs the constants into g;
the full form (25) is monotone in S 4 either way.
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J.4 Why output-space regularization beats weight-space regularization

The interference identified in §5.3 lives along the unembedding directions: by Proposition 1,
both the bias 1, (A) and the fluctuation ¢,(A) are perturbations of output logits. A KL
penalty toward the pre-fine-tuning model therefore suppresses both directly, including on
held-out subjects, which share the training subjects’ representational geometry. A weight-
space penalty instead bounds [|AW;|[r = 1 [|uas; — 7j|| [[kx ||, a quantity independent of the
held-out key k4 and hence blind to the overlap p;: it protects all stored facts uniformly
rather than preferentially protecting the overlap-vulnerable ones, consistent with the /,
comparison of §5.2 and the parameter-space baselines of Table 5. The same logic explains
why top-k distillation succeeds while random-k does not (Appendix I): by Eq. (13), the
interference bias is nonzero, to leading order under condition (R), only for the injected
answers y € {a; M pay exactly the high-probability directions that top-k constrains, while
random-k spends most of its budget on directions carrying no bias to cancel.

J.5 Extension to distributed storage

The main text models factual storage as a single effective associative memory W acting on
the subject’s internal representation k, (Eq. (3)) without committing to a specific layer at
which ky is read. In real transformers, factual storage is distributed across multiple attention
and MLP components, each potentially reading the residual stream at a different layer
(Meng et al., 2022; 2023). This appendix shows that the main-text analysis extends to this
distributed setting with no qualitative change.

Let component c read at layer /. with key k = ¢y (x), and let the readout decompose

as a weighted sum s, (x) = Y. w u; wie )k,(c ) for nonnegative component weights w, > 0.

Lemma 1 applies component-wise: AW.(C) = 1 (Uq; — 1) (kgé))T, so the perturbation is

chvZ g (e — )l el = kK. (26)

The bias-variance decomposition of Proposition 1 applies term by term. Treating the
components as independent in u (a simplification; cross-component covariances share the
same u,’s and are bounded by Cauchy-Schwarz), the variance bound becomes

Var,[&,(A)] < C’7 Zw Z(p]A) . @7)

Without the independence simplification the worst-case bound takes the form

(Cn?/d) (. we (A) )%, which is still monotone in each component overlap S (©) =Y (p](;) )2.

The functional form of monotonicity in summed squared overlap is preserved either way,
with overlaps now measured at the layer of each component. We do not pin down the
weights w, or the per-component read layers, which depend on which component dominates
retrieval; what is preserved is the qualitative law.
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