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What if memories could be poured out

and poured in? ]
From the “Sprite to Coke tce Theory” to Transferable Model Memory

Extract Transfer

F
\ v
-

Trapped in a cellar,

| s ‘ " -3 ~.|-
/ » e " A el
- _— pe 3 o : s, .
h - A 2 . Y. b
» ' 1 . —
N-Z.

<’ s > (original content) (new content)
I AM NOBODY

The cup is the same The bodv i o :
b ? y is the same, she deletes the visitor’s memories,
but what'’s inside has changed. but the memories are replaced.

transfers her own, and escapes.

Transfer | &
Memory e ~ Can we keep the model unchanged,

— - % ‘ , - but transfer its memory
. — LW .-

to new knowledge and capabilities?

Original Model Adapted Model

(same model) (same model, new memory)




INSTITUTE
FINLAND

Non-Parametric Memory

Knowledge is stored outside the model parameters and accessed at inference time

@ RAG: Retrieves relevant documents or passages, then

puts them into the prompt.
@ kNN-LM: Retrieves similar hidden states from a
datastore and uses their next-token labels.

Takeaway:
Non-parametric memory is flexible and editable, but the
model must retrieve and reuse it every time.
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Parametric Memory

Knowledge is stored inside learned parameters and used directly during inference.

@ CPT: Continues pre-training the full backbone on new

data.
@ LoRA: Stores new knowledge in lightweight adapter

weights.
@ MLP Memory: Stores retrieval-like knowledge in a

learned neural module.

Takeaway:
Parametric memory is efficient to use, but knowledge
becomes entangled with learned representations.
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MLP Memory: A Retriever-Pretrained Memory for Large Language Models. Rubin Wei, etc. ICLR, 2026.

@.] NQ * WebQA  pg TriviaQA Time to First token() Tokens per second(})
o TTFT(ms) TPS(tokens/s)
26 40 64 160 151ms 48
140 * ._fl?__
23 97 40 6
61 120
34 1.8x

30
6.9x 24

20

31 58

17 20
28

55

14 27ms 10

E 6
: N

Base LM +CPT ! +LoRA B +RAG B +MLP Memory Base LM(7B)  +RAG B +ANN-LM @ +MLP Memory(1B)

25

11 22 52

This motivates a new direction: instead of storing
knowledge entirely in the backbone or repeatedly
retrieving raw information, can we build a dedicated, 840 UNIVERSITY
addressable neural memory? }#
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Engram: Conditional Memory via Scalable Lookup

Transformers should not use expensive neural computation to memorize everything
Engram adds a conditional memory module that performs fast N-gram-based lookup.

A T
7 g
@‘5 [“Scaled Dot Product X< Ta ke away:
— PN Engram makes memory an
e E—r— architectural primitive: not
—P 7 £ a raw-text retrieval, not full
|Eng3ram . 2 Gram Embedding 3-Gram Embeddmg parameter adaptahon, but
—— A
r Fash (iash) sparse neural lookup.
[Transformer Blocku __________________________________
1 the Great| Alexander tJ Greal
[Vocab Embedding] O I el sttt
A |Input Hidden |
[ Only [AlexanderHE]GreatHcould‘ tameJ @ horse {BucephalusH Xin Cheng' etc Deepseek 2026 %l# g';:l !F{JERR}%:JTY
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Frozen Memory Is Not Enough: Rethinking External Memory as
Extraction. Mingyuan Li, etc. NeurlPS 2026. (XMemory)

Core question: Can memory be separated from the model that created it, and reused by another model?

Phase 1: Source-side memory training Phase 2: Target-side reader adapation

(1) Source Engram
(trained on corpus C)

S
*

Corpus C
(e.g., 50M tokens)

J

Source Model A
(e.g., Pythia-160M)

y

Engram Training
next-token prediction
(unsupervised)

J

Engram Table E4

*

learned & frozen

Source model and Engram table
are frozen at end of Phase 1.

(2) Input-Space Addressing

(tokenizer-agnostic)

Raw tokens from any tokenizer

\LE‘--

Canonicalization
P(.):NFKC + lowercase +
accent stripping

Canonical tokens

¢E~-

N-gram Hashing (@px)
n=1...N,k=1...K

Memory indices (per head)

(3) Frozen Engram Memory Table

Engram Memory Table E

shared across models frozen

wii 0 O O-0
wax(] 3 OO

Slot 0 Slot 1

Example:tokenizer-agnostic
canonicalization

Raw text: "The Cafe is open”

A
!'| Tokenizer A:

I
/| ] L] [ (] aon
’

Tokenizer B:
] [cae ) (] e

Tokenizer C:

Canonical word units:

() 1) ] en

2 grams (n=2):

[ (the, cafe)] ‘ (cafs, is) ‘ |ﬁs, apeu)|

Identital hash slots
identical memory addresses

(4) Target Model + Trainable Reader (Extractor)

Lookup
per head

Target Model B

* Frozen

Backbone hidden state h;

v

Trainable Reader W&
(learned in Phaes 2 only)

Key Projection Value Projection
wi Wy

2 %

Key Vectors Value Vectors
h, L

1
1
1
(Gate (context-aware) 1
1
J

> hIRMSNorm(k;) <

ap =0 Ja )

Augmented

Slot2  Slot (M-1)

()

g »Vy

+ —-> hidden state

s
/!
i

Py

Reader variants

Single Shared Value multi-branch (R-branches)
Layer > Projv;ction >,
\'s
> ks T i Sl
K ‘ dx
Retrieved |
memory
N Key Pchctmn_)k (2)9 [ 'r».,rn,\}si\'w.ml‘*::” Sud,
W(KZ) 1 =0 ), P
Key Projection R ()
hy < h; +0; &—— AverageSumo;

Multi-layer variant

][] - <[
" v
Reader Reader
A\ 4
—>
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From Engram to XMemory: Making Memory Transferable

Formula-level view of address construction, memory lookup, and reader adaptation

Native Engram (single-model memory) XMemory (cross-model transfer)
1. Address construction and memory lookup (host model) 1. Address construction and memory lookup (tokenizer-agnostic)
; Tokenizer Suffix n-gram: Hashed lookup: Concatenate Target tokens Canonicalize text: ‘ Word n-gram Frozen Target- Inject ‘
Lt P e L8 memory vectors: e Decode | | NFKC + lowercase + hashing | source | o into
outputs | compression: 8in = Zunk = Buil8in)s ey from any \ i side |
; =2 ; i el e = “ ” o to text accent stripping + (shared address || memory reader | | target
Xt x; = P(x,) (tenpie5%¢) ernk = Enlzinkl e"=2 = whitespace cleanup space) EA ‘ LLM ‘
r'"'k \ Y, o — / L J/ = N— — ;.
2. Context-aware reader / fusion 2. Target-side reader
( Memory table E, reader, ; k) = w® . Freeze memory E and
Reader equations:  k, = Wke,, v, = Wye, and backbone are Readercuagions:§ "f lf};e)'r : freeze target backbone
co-trained together. Ve = Wy e Op; train only the
RMSNorm(h, ) "RMSNorm(k,) ) RMSNorm(h,, ,)TRMSNorm(kf',)) target-side reader W5,
a =0 a,=0 : ﬁl 4
Vd g | ~ Vdy
Addressing still dfepends ‘ 1 ) Addressing is
h, « h, + a,v, on the host tokenizer. Orp = R Z Qg Vep tokenizer-agnostic
because it operates in
hip < hip+os canonical text space.

Example: “Alexander the Great”

|

Source tokenizer: | [Alexander] ‘ L[thel; lﬁlcfatl} 5 canonical text — = ’ shared address ) ‘ ; same memory slot
“alexander the great” ¢ (‘alexander the great’) = 137 | L E[137]

Target tokenizer: \ TMu] 1 ( [ander]f ‘\ [7the] )| [Great] ‘
Different tokenizations map to the same address after canonicalization.

Engram Tokenizer-specific n-grams Host-trained memory E Co-trained reader min over backbone + memory + reader

XMemory Canonical text n-grams Frozen source memory E*4 Target-side adapted reader min over reader only

Engram learns memory for one model; XMemory learns how a new model can read the same frozen memory.

V4l UNIVERSITY
S OF TURKU
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RQ1: Does frozen memory transfer across backbones, tokenizers, and scales?

hi _ 14 -14.1% =3 Baseline
> Plyéolia '1-60/0 '6-80/0 -15% : 1 Random
o > B Transferred
E £12 Takeaway:
r—10%
2 Quensot 6.8%  -8.9% s 89% Frozen memory transfer
% L, ol 83% remains effective across
" Quen32 .4,2% i 1 backbone families, tokenizer
8 .
ytia  Qwends Tmtema ™ Quen3528  Quen3 548 Quen 598 boundaries, and target scales.
410M 4B 1.1B Target Model Size

(a) Full 3 x 3 source-target transfer matrix, reported as relative (b) Target-scale intrinsic transfer: the same transferred

PPL reduction over the no-memory baseline. Qwen3.5-0.8B memory improves Qwen3.5 targets from 2B
to 9B.
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RQ2: How much does reader design matter?

Table 1: QA accuracy (%) on Mistral-7B-v0.3 for different reader variants and baselines. Budget notation follows
Table 2 trained on Wikipedia-2021 (Izacard et al., 2023).

Variant Budget NQ WebQA TriviaQA TruthQA HotpotQA  Average
Base - 206 293 577 321 21.0 32.1 .

Non-parametric Methods Ta ke away -
RAG (Lewis et al., 2020) ~ 22619 24.9-44 54234 35534 29.888  33.4(+3.9%) f5 i g _
kNN (Khandelwal etal,, 2020) - 21104 30.512 57.801 32302 21202  32.6(+1.4%) Reader deSIgn is critical: dual

Rzl Iayer Injection captures most
CPT - 12285 34148 61.236 29.229 16.0-49  30.5(-5.0%)
LoRA (Hu et al., 2022) ~ 18225 34552 61.640 30.9-12 162-47 32.3(+0.5%) gains, while multi-branch
MLP Memory (Weietal,, 2026) - 25246 37.582 61.033 32505 24132 36.1(+12.3%) _
Engram Variants (sorted by Average) gatlng adds fu rther

LLaMA Frozen {10}-R1 10/0 21812 29.603 60.629 33111 22314  33.5(+4.4%) )
Mistral Frozen {10}-R1 10/0 21912 29704 60.831 32908 22414  33.5(:+4.4%) improvement through target-
Mistral {10}-R1 10/20 22115 31.624 61134 32807 22313  34.0(+5.8%) .
LLaMA {10}-R1 10/20 22215 32.633 61.236 32908 22313 34.2(+6.6%) aware routing.
LLaMA {2,10}-R1 10/20 30.39.7 28.7-06 701124 31.0-11 27464 37.5(+16.7%)
LLaMA {2,10}-R4 10/20 30397 33744 69.9123 309-12 27.667 38.5(+19.9%)

‘Y#’fé UNIVERSITY

NZ

> OF TURKU
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RQ3: When does transferred memory help downstream?

Table 2: QA accuracy (%) on Mistral-7B-v0.3 for transfer verification and ablation studies. Deltas are measured

against the baseline. Budget = P1/P2 denotes source-memory and target-reader training tokens (millions)
trained on Wikipedia-2021.

Variant Budget NQ WebQA TriviaQA TruthQA HotpotQA  Average T k
Base - 20.6 29.3 57.7 321 21.0 32.1 a eaway'
Transfer Verification H H
Mistral {2,10}-R4 10/20 30.29.5 34.04.7 70.012.3 30.8-1.3 27.76.8 38.5(+20.0% Reader deSIgn drlves tra nSfer

quality: dual-layer injection
and multi-branch gating

Frozen Mistral {2,10}-R4 10/0 30.59.8 30.31.0 70.813.2 32.20.2 27.76.8  38.3(+19.2%

(
LLaMA {2,10}-R4 10/20 30.39.7 33.744 69.9123 30.9-1.2 27.66.7 38.5(+20.0%
(
Frozen LLaMA {2,10}-R4 10/0 30.610.0 30.31.0 70.813.1 32.20.1 27.66.7  38.3(+19.2%

— —

Controls and Ablations
Mem-only Mistral 10/0 0.2-20.4 0.3-29.0 1.4-56.3 33.00.9 0.2-20.7 7.0(-78.1%) c
Mem-only LLaMA 10/0 0.0-20.6 0.0-29.3 0.0-57.7 - 0.0-21.0 - Improve ave rage QA from
Permuted 10/0 20.60.0 28.9-0.4 63.154 32.40.3 23.12.2  33.6(+4.7%) . g
FFN R4 10/20 19.6-1.0 27.3-2.0 58.105 32.1-00 17.6-34  30.9(-3.7%) 34'2 to 38'5’ WIthOUt Changlng

Token Scaling (LLaMA2-7B source, {2,10}-R4)

the transferred memory.

Engram 10/10 30.295 29.906 704128 31.2-09 27.66.7  37.9(+17.8%)
Engram 15/15 30.29.6 32.734 70.1124 30.6-1.5 27.86.8  38.3(+19.2%)
Engram 20/20 30.39.7 33946 69.9123 30.7-1.4 27.66.7 38.5(+19.8%)
Engram 25/25 30.599 33.13.8 70.0123 30.9-1.2 27.76.7  38.4(+19.6%)
Engram 30/30 30.610.0 33.946 70.412.7 31.1-1.0 27.97.0 38.8(+20.7%)
g

/
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RQ4: What drives the gains from memory transfer?

Table 5: Ablation study of frozen-memory transfer on LLaMA-2-7B — Mistral-7B-v0.3, with the source memory

trained on Wikipedia-2021. Results report held-out test perplexity and downstream QA performance.

Condition Test PPL| 95%CI NQ WebQA TriviaQA TruthQA HotpotQA Avg T Takeaway'
No memory baseline 9.9  [9.8,10.1] 206 293  57.7 321 210 321 Transfer gains come from
Transferred (R=4) 87  [8.689] 303 337 699 309 27.6 385

meaningful addressing and an

Interface Simplifications

No gate 101 [9.9103] 242 277 616 310 241 337 expressive reader—not

Affine stitch 9.5 [9.4,9.7] 25.0 292 62.8 30.4 23.9 34.3 .
Content and Training Controls param eter count—and main Iy

Permuted keys 8.7 [8.5,8.8] 183 345 57.7 30.6 21.4 32,5 . .

Random melirlory 8.7 [8.6,8.9] 23.0 27.1 65.1 33.6 241 34.6 m p rove ta rget_s | d € d ata

Train from scratch 8.1 [8.0,8.2] 29.9 33.0 70.4 30.9 27.9 38.4 efficiency rather than the final

No-memory Control L
FEN only (param-matched R=4) 7.4 7.2,7.5] 255 27.9 64.1 31.6 23.6 345 pe rformance ceilin g.

84h UNIVERSITY
wfes OF TURKU
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Teyler TJ, DiScenna P. The hippocampal memory indexing theory. Behav Neurosci. 1986
Motivation: From Engram to Generated Memory

Hippocampus stores indexed fast memories; cortex reconstructs rich memories from sparse cues.

Biological Analogy: Human Memory

Al Analogy: Memory in Generative Models

Hippocampus Cerebral Cortex
Clie keywotds Indexed, fast memory Generate:] é rr|'1?)$onstructed Input cues / Engra.m Memory Generated  peader/LLM
y keywords  Addressable indexed Generator Memory Lisks geriritad
% 5 .*Z memory Reconstructed memory for
beach 7, / / _1') ,I “beach” latent memory downstream tasks
“Zl..lnselt i ;.4_ ‘_‘,. £ _“V" \\ v “sunset” Memory slots / vectors ‘
icycle e - -
bicycle #1023 T > o P >
. #4871 M-
#9342 ENITIN --- -
#7710 HENTTM --- e 2l “Apersonsitsona
Indexed memory traces Reconstruct rich e beach at sunset
representations with a bicycle ...”
- b from retrieved cues
m h PR Sparse, addressable storage Generate richer memory
- of memory representations representations from
#1023 #4871 #9342 e sparse retrieved cues.
Sparse, addressable storage . .
of episodic traces A few cues can trigger rich recall.
S S 4 ° e 0 . . .
-Q- Key intuition: Engram provides fast indexed lookup, while generated memory reconstructs
= richer representatioms—similar to how hippocampal cues cam help the cortex recall a full memory.
84k UNIVERSITY
E
Ui |\\\ OF TU RKU
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MemoryAthena: Adaptive Routing over Latent and Generated Memories

Core question:
Can useful
memory be
generated,
instead of only
retrieved?

o Motivation / Prior Memory Decomposition

Memory system in prior work

Prior work decomposes ( )
memory 1nto reusable Addressing > Stored Memory
components. (how to look up) (what to store)

.
—| 5

T ide Read ] 0 Can useful memory
arget-side Reader -
(how to use) also be generated?

o Three Memory Pathways

Path E: Direct Engram Retrieval (E)

@ Input / Context
* [ ) Engram cues ) e
retrieve(g) Engram Memory c
Y| — ———————» Reader |- | .
l @ (addressable) T L )
Path GE:Generation from Engram Cues (GE)
- Latent r )
@: ) Engram cues Generator memory 86
Cp.. —» -+ z —»| Reader —p
T (cond. on ¢ ) “GE
Frozen M B " J
Backbone
(causal LM)
Path GH:Generation from Hidden States (GH)
ﬂ Fes Causal hidden states G . rrl“_d;?:\_ ( gGH lr\."‘ a"‘“"s]
senerator s [0 externa
h, {cleallll — c (eond_on h) > B —» Reader | memory

©

Direct retriev 'EL retrieval-conditioned generation, and r’_'c')!!.ri’.\'f-fﬂﬂa’”?o!!l’.’dgl?]h’.’!'f{”f)}?.

o Training and Inference

m Training the Routing Head
Teacher-forced endpoint evaluations
{for each position)

m Inference (Test Time)

Admit generated memory”

0 Yes — r=¢+afg—e)

o E-Anchored Router

Lightweight causal routing head Pred. advantage A

of GEvs E TGE
[f(.ﬂlliﬂ] ﬁ?ﬂ:“:‘-‘: 1 II Pred. advantage A
(from current state) Router ™ ofGHvsE “GH

[

(lightweight MLP)
2 = Confidence

l (in memory usefulness)

Admission and selection Memory update
(bounded interpolation)
Eligible if
advantage > 7
and confidence > ¢

Select best
+| cligible candidate | r=¢ + a(g — )
(8 € {8ax 8an'!

}

{ If no candidate is admitted ‘ » D. r=e

a € [0,1]

— exact E fallback

Outcomes and Takeaways
E Question D General
Answering NLP

) Generated memories can
(g is selected candidate) . I cDmplen‘lem direct memory,

(GEorGH)

a Freeze backbone, memory, )| i Causal features only
generators, and readers. E GE GH (from current state) I I Trained |
Train only the routing head. Py Per Pey I —| BN Router

v v v

Counterfactual future-token likelihood advantage
(A, Agyy) as supervision for the routing head

e No—r=e

{exact E fallback)

Generated memories act as candidate corrections
to direct memory.

but must intervene only when helpful.

A s A4l UNIVERSITY
strongly to intervene. 7///” l\\§ O F TU R KU

17



2 INSTITUTE
l 1 s | FINLAND

MemoryAthena: Training Pipeline

o Stage 1: Prepare Three Memory Pathways

859 Base Memory \ < . :
——»B Direct Engram Retrieval —> . (Engram tabis} | > ’ Reader }_> [ e ] :
- ! Backbone and base
< |
Frozen Engram cues L Generator , memory are frozen.
=P B Generate from Engram Cues —>» E] : —>» Reader ‘—b
Backbone g ) (retrieved from memory) {§} Gg @ JeE : Pathways are prepared
: independently.
|
|

—> m Generate from Hidden States ‘—b AVS :::g:‘eg:::;f,:e') e d {:c;} Gence;r;tor E:j Reader —>

e Stage 2: Counterfactual Advantage Supervision
Use E as the anchor. Compute how much

: - (= Future-token (
n Direct Engram Retrieval —> @—) B oetkelihood > Se(®)
toglielih . GE or GH would improve future-token
Evaluate all pathways

I
I
¢ I
. . prediction relative to E.
at the same position t m m Generate from Engram Cues —> -—) @ :::u;?l::;tlﬁ:(::d —)T Sce(t) ‘ !
: \ -
I
I
I
1

( llel).
in parallel = { Age(t) = Sgg(t) — Sg(t) ] [ Agy(t) = Sgy(t) — Se(t) ]
m Generate from Hidden States —){ gGH J—) @ logilikelhood  |—| Sca(t) |

/

9 Stage 3: Train the E-Anchored Router

_____________________________________________ O o, )

3 ) Predicted advantage =

: e l 2 g Base Memory . ‘\ AGE(t) If predicted gain S

: B Direct Engram Retrieval a > & | (coram table) a - @ Reader a ] Causal features Lightweight —— is sufficient, allow r= (1 b a)e +a

I & ‘,_’ at position ¢ g:oute'fh Prwiqw advantage generated memory o g

! Frozen Generator (from backbone) to intervene;

f Backbone L m Gefiecaia from Engram Cles ﬂ = G > B reader g I (Ry) Ac(t) otherwise fall back bounded interpolation;

' s to E. exact fallback to E when

ull

: Generate from Hidden States a {§} Generator a @ Reader a l cm:i(‘:e)m no generated path is trusted.
\\ _______________________________________________
3 = S % o . 5 ; N

| Key idea: the experts create supervision during training; the router learns to predict, from causal information alone,

§ when generated memory should selectively correct direct retrieval.

84k UNIVERSITY
=l OF TURKU
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RQ1: When does generated memory improve a strong direct-memory pathway?

Table 1: QA comparison, routing-policy analysis, and cross-backbone transfer on Natural Questions
(NQ), WebQuestions (WebQA), TriviaQA, Truthful QA and HotpotQA. Average is the unweighted
mean of four F1 scores and one Truthful QA multiple-choice (MC) summary.

Method / Inference rule NQT WebQA T TriviaQA T TruthfulQA T HotpotQA T Average T
_ . Reported baselines Ta ke away:
Base (Vanilla Mistral) 20.60 29.30 57.70 32.10 21.00 32.14
RAG 22.60+2.00 24.90-440 54.20-3.50 35.50 +3.40 29.80+8.80 33.40 (+3.9%) G ene rated memo ry iS not
kNN-LM 21.10+0.50 30.50+1.20 57.80+0.10 32.30+0.20 21.20+0.20 32.58 (+1.4%)
CPT 12.20-8.40 34.10+480 61.20+3.50 29.20-290  16.00-5.00  30.54(-5.0%) niver | | r h Nn Eneram:
LoRA 18.20-2.40 34.50+5.20 61.60+3.90 30.90-1.20 16.20-4.80 32.28 (+0.4%) u ersa y bette t d g d v
MLP Memory 25.20+4.60 37.50+8.20 61.00+3.30 32.50 +0.40 24.10+3.10 36.06 (+12.2%) MemoryAthe na kee pS E as a
Shared-checkpoint memory pathways .
E only 28.28+7.68 33.35+4.05 69.34+11.64  31.25-085 26.04+5.04 37.65(+17.1%) stable anchor and Selectlvely
GE only 28.75+8.15 35.244594 58.62+0.92 31.14-096  23.18+2.18 35.39(+10.1%)
GH only 24.55+395 30.80+150 56.70-1.00  31.04-1.06  22.95+1.95 33.21 (+3.3%) uses GE or GH only when they
Alternative routing and fusion rules .
Ordinary hard routing 26.69+6.09 35.13+5.83 61.80+4.10 31.18-092  24.36+3.36 35.83 (+11.5%) are p re d I Cted tO h el p
Ordinary soft fusion 19.66-094 26.05-3.25 46.36-11.34 31.13-0.97 19.91-1.09 28.62(-10.9%)
Subset hard routing 28.42+7.82 33.30+4.00 69.38+11.68 31.55-055  26.06+5.06 37.74 (+17.4%)
Subset soft fusion 23.17 +257 28.71-0.59 44.37 -13.33 31.89-0.21 19.27-1.73 29.48(-8.3%)
Cross-backbone transfer and E-anchored routing
Mistral Zero-shot — Llama 29.98 +9.38 36.40+7.10 67.39 +9.69 30.41-1.69  25.17 +4.17 37.87 (+17.8%)
MEMORYATHENA 33.02+12.42 34.60+5.30 70.68 +12.98 31.74-036  26.34+5.34 39.28 (+22.2%) §‘

N

4. UNIVERSITY
it OF TURKU
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RQ2: What drives the gains from the memory interface?

Table 2: Six-task NLP accuracy (%) on SST2, MR, CR, RT, AG News (AGN) and Yahoo Answers. Small

signed values are percentage-point differences from the Full-choice dCPMI Base.

Method SST2 T MR T CRT RT T AGNT YahooT  Average?
Full-choice dACPMI baseline
Mistral-7B-v0.3 81.08 75.60 74.00 74.67 73.24 55.03 72.27
Non-parametric methods (reported)

RAG 87.20+6.12 83.70+8.10 71.55-2.45 82.36+7.69 75.64+2.40 58.43 +3.40 76.48 (+5.8%)
kNN-LM 82.15+1.07 76.85+1.25 61.70-12.30 74.95+0.28 76.13+2.89 56.26 +1.23 71.34(-1.3%)
Parametric methods (reported)

CPT 87.09 +6.01 82.85+7.25 82.60+8.60 77.48+2.81 83.10+9.86 51.56-3.47 77.45 (+7.2%)
LoRA 86.54 +5.46 83.20+7.60 75.10+1.10 79.83+5.16 65.46-7.78 57.30+2.27 74.57 (+3.2%)
MLP Memory 83.19+2.11 79.90 +4.30 75.95+1.95 75.42+0.75 80.28 +7.04 57.33+2.30 75.35 (+4.3%)
This study
E only 8417 +3.09 81.00+5.40 82.40+8.40 82.36+7.69 72.93-031 57.51+2.48 76.73 (+6.2%)

MEMORYATHENA 88.07 +6.99

84.70+9.10 84.10+10.10 83.86+9.19 76.64 +3.40

57.43 +2.40

79.13 (+9.5%)
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RQ2: What drives the gains from the memory interface?

Table 3: QA ablations across three random seeds. Task scores are reported as mean + standard
deviation (%). Colored values denote absolute percentage-point changes relative to the Vanilla
Mistral no-memory baseline for individual tasks, while the colored value in the Average column
denotes the relative percentage change. Average is the unweighted five-task mean, and the final
column reports its 95% confidence interval.

Condition NQ T WebQA T TriviaQA T TruthfulQA 1 HotpotQA 1 Average T 95% CI
Base (Vanilla Mistral, no memory) 20.18 £ 0.00 29.05 £ 0.00 57.55+ 0.00 33.19 + 0.00 20.48 £ 0.00 32.09 + 0.00 [32.09, 32.09]
Qurs, pretrained memory 33.22 £ 0.31 +13.04 33.96 £ 0.90+490 72.03 £ 1.23+1445 31.83 £0.08-136 27.06 £ 0.74+6.58 39.62 £ 0.46(+23.5%) [38.47, 40.76)
Qurs, from scratch 31.97 £ 1.83+11.79 31.75+£2.20+269 69.27 £6.10+11.72 31.85 £0.23-1.34 26.28 £ 2.85+581 38.22 £ 2.45(+19.1%) [32.13, 44.32]
Interface and addressing controls
No gate 30.70 £ 2.78 41052 28.46 £5.08-0.59  65.17 £ 8.72+7.61 32,13 £0.14-1.06 24.61 £3.13+413 36.21 £ 2.78(+12.8%) [29.30, 43.13]
Permuted Engram keys 27.50 £ 7.72+7.32 31.05+£0.62+1.99 59.58 + 18.03+2.02 31.65 £ 0.88-1.54 22.61 £5.66+213 34.48 + 6.44(+7.4%) [18.48, 50.47]
Routing control
Random router 24,57 £ 0.52 +4.39 32,20 £0.33+3.15 49.05 £0.14 -850 31.69 £0.24 150 20.61 £ 0.06 +0.13  31.63 £ 0.09 (-1.4%) [31.40, 31.85]
Alternative interfaces
Parameter-matched FFN 17.51 £ 4.18 267 26.20+ 2.69-2.85 4439 + 6.20-13.16 30.76 £ 0.71 -2.43 15.67 + 2.45 481 26.91 + 3.17 (-16.2%) [19,(]3, 34.?8]
Affine stitch 31.81 £ 0.51 +11.63 29.67 £2.61+062 70.29+2.441274 32.05 £0.47 114 27.00 £ 0.88 +6.52 38.16 £ 0.57 (+18.9%) [36.76, 39.57]

Takeaway:

Performance depends on
structured memory, correct
addressing, and learned
routing. Pretrained memory
performs best and most stably,
while random routing removes

nearly all gains; scratch training

still works, but with lower
accuracy and stability.
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NQ{ 196
WebQA 4 187

TruthfulQA - 19.4

S5T2 220
MR -| 24.5
CR -| 21.4 |
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(a) Downstream memory-pathway contribution.

80 +Tlﬁ-%ﬁ [ Best 2-source oracle
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2 50 +3 37
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(b) Gold-label oracle headroom.
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RQ3: How does MemoryAthena use complementary memory pathways?

Takeaway:

Memory utility is task-
Table 8: Number and percentage of examples for which each endpoint is selected by the gold-label d d . h
oracle. Ties are resolved in the order E, GE, GH. epen ent: no pat Way

consistently dominates. Oracle
routing remains 3.04-9.07
points better, showing
substantial untapped
complementarity and
motivating better intervention
and pathway selection.

Task E GE GH

NQ 2,854 (79.08) 475 (13.16) 280 (7.76)
WebQA 1,428 (70.28) 336 (16.54) 268 (13.19)
TriviaQA 15,764 (87.85) 1,345 (7.50) 835 (4.65)
( ) ) )
( ) ) )

Truthful QA 361 (44.19) 254 (31.09) 202 (24.72
HotpotQA 6,150 (83.05) 762 (10.29) 493 (6.66

84h UNIVERSITY
wfes OF TURKU
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Scaling Law and Inference Time

Perplexity

(A) Model scaling on WikiText
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(B) Model scaling on General-mixed
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Scaling Law and Inference Time

(C) Training-token scaling (GPT-2 X1.)

22.5 1 Memory-side parameter breakdown
22.160 22.160 22.160 22.160 APt
2.0 - i ———— === e - B Engram
I Generated + Reader
21.481 400 1 EEE Router
21.54
- g
g 21.0 g 300+
B 0.530 20.523 5
O | i
= 205 £ 2001
5
20.0 420222 =¥
100 A
19.5 { —® Nomemory 19.736
’ == Memory-only 19.462
=d— Routed memory |
19.0 T T T T 0 m di
10M 30M 100M 300M Sma Medium Large XL
Training budget per stage Backbone scale
(a) Training-token scaling with GPT-2 XL fixed. (b) Memory-side parameter scaling.
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(a) End-to-end latency. (b) Total-token throughput. (c) Peak reserved GPU memory.

Figure 10: Inference microbenchmark on an AMD MI250X using BF16, with a fixed 338-token input
and 16 generated tokens. Left: latency, where annotations show the speed advantage of E-only
inference. Middle: total-token throughput. Right: peak reserved GPU memory, with annotations
showing the relative memory overhead of MEMorRYATHENA. The relative runtime and memory
overhead decrease as the backbone scales.

Takeaway:MemoryAthena scales consistently: routing gains persist as
both model size and training budget increase, while the router itself
remains lightweight. The extra inference cost comes mainly from
evaluating generated-memory pathways rather than the router, and its
relative latency and memory overhead decrease as the backbone scales.
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Discussion and Future Work

© Router Design: Improve the downstream task performance by
designing an intelligence router.

@ Scaling Law: Scaling the generated memory and Engram as a
plug-in memory across different backbone model

@ Self-Evolve: Continue pretraining Engram and generated memory
on a large general corpus, then adapt to downstream tasks through
SFT or post-training by updating only the lightweight reader or router.

@ Robot: Extend transferable and generated memory to embodied
agents, enabling robots to preserve, update, and reuse long-term
spatio-temporal experience across environments and tasks.

(LT-Mem, Yumin Lee, etc. IROS 2026, best paper)
Contact: mingyl@utu.fi
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What if memory could outlive the body?

From transferable model memory to digital immortality

A human life ends,

but memories may not have to.

Biological Person
episodic memory

A=

Extract -  Upload - Reconstruct
T

The body may disappear,

but the memory can be preserved,

transferred, and re-instantiated.

Memory Upload to Model

Memory extraction ~ Embedding & encoding  Model integration

If a model can inherit your memories,
voice, and experiences,
does a part of you continue to live on?

Digital Self
same memories, Can we kecp the bOd) absent

>w substrate ‘
e but preserve identity through |
) [E) () (] - memory inside a model?

From memory transfer to digital continuity.
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