Little By Little: Continual Learning via Incremental Mixture of Rank-1 Associative Memory Experts
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&} Continual Learnlng 4 Flne-tunlng as Memory Augmentatlon Sparse Memory Retrieval Drives Specialization Results — X-TAIL (CLIP) Ablation of Memory Retrieval Strategies
Setting. Large pre-trained models are fine-tuned on a sequence of Low-Rank Updates (LoRA) as Rank-1 Memory Augmentation. 1h' Top-k masking — keep only the kmost relevant atoms; mask Method Transfer {1 Average 1 Last 1 Routing Transfer Average Last
new tasks via lightweight parameter updates (e.g. LORA) LoRA’s update AW = BA is itself a key-value memory: column the rest. TonK(s R, — 48 if'si € topk(s) CLIP zero-shot 62.4 _ _ e G s B
vectors B.; are values, row vectors A; . are keys. [TopK (s, k)i = —oo.  otherwise. LwF 47.7 53.2 64.0 MoB-LoRA (Baselne) O Ne I
CATASTROPHIC FORGETTING i ’ WISE-FT 50 3 54 2 58.0 w7 Temperanure Scaling (') - - -
. , ey . . _ ' ' ' Fine-Grained (Rank-1 Memory Experts)
Pre-trained knowledge —base model’'s general capabilities AWx = g . B.;, (A;. x) 2. Sharpening — temperature softmax concentrates mass on iCaRL 61.7 61.0 64.0 Extoral Router (Leamed W5 6000 6597 6976
degrade as incrementally learning on new tasks B ~ specialists: TopK(s, k) ZSCL 59.0 60.0 63.4 Self-Activated Retrieval 6026 6594  69.85
Fi ¢ d k led hat i task | q t Value v; Key k;r W, = Softmax( ? ) MoE-Adapter 56.0 63.0 705 w/ Sparsity Constraint (Top-k) 60.69 66.52 70.62
ine-tune nowieage — whnat eariier task iearne O - : ) ' ' ' i : : :
. ag . . 9 A rank-r update inserts r new key-value memory atoms into the TMoRAM 7 i RAIL-Primal 60 4 20.7 29 1 w/ Temperatte Scaling (nvopan) 6297 7115 79.62
| k rma : - - w/ Threshold-based Selection (4) 60.78 66.83  71.08
overwritten by learning on new incoming tasks trained model's intrinsic | iati _ _ _ _ MoRAM (Full €330 7270 80.90
pre-trained model's Intrinsic linear associative memory. 3. Test-time thresholding — prune weak signals at inference: CoDyRA 63.2 71.3 79.2 ORAM (Full) ' ; :
4 . . . : ) MoRAM (ours) 63.3 72.7 80.9
_ Contmue_Learmng as ma’”ta”?’ng and e)_(pand/qg a _ W, 1= ]l{si > (5} O W, - Sparse retrieval drives specialization on fine-
a Current Pitfalls — MoE-LoRA parametric memory — a growing collection of fine-grained, S _ . Transfer — learns new tasks without losing pre-trained grained atoms — top-k, temperature, and threshold
The exoert is an indivisible block — three counled pitfalls follow: atomic units stored outside the base model’s weights — and anA{ard. focused activation. Ba_ckvyard. gradients flow only to general capability. each reduce interference and redundancy.
P pied p ' cast inference as input-specific retrieval from this memor winning atoms — faster specialization, frozen atoms stay frozen. . . - _ .
P P y- « Average & Last — fine-grained atoms specialize * No gain on coarse MoE-LoRA — the structural win is
@ Interference: Coarse experts bundle many low-specialty T MEMORY BANK ) i without overwriting prior knowledge. fine-grained memory, not the sparsity machinery on top.
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rrelevant subspaces — Interrered with knowiedage or others. E— ki For each new task: add r new atoms (Keys A, Values B), freeze Analysis — What Do Atoms Learn?
_ _ , Model 8 appendranictatoms all prior atoms, let self-activation route over the union. W - - - - 1 = - — _m'
(2) Redundancy: New experts cannot reuse “atoms” of old nt 8] ; - ) N
r X . If the existin mbination n't cover the new Each memory unit encodes an incremental learning snapshot, . . . . T oI P I g, .y S " o = -
;:oakstehe psrtls ol t E © Sl,; bg COI < a:‘jo doest LCO © t_te © nd rel ntryn ts are retrieved at test time t 'gl' g) Each task becomes an atomic learning snapshot in memory — pach -
dsSK, tnhe wnolie DIOCK Must De relearned — wastea capacity. a eieva U ILS are retrieved at test time 10 sp_ec:a i1ze ine recalled and reused at test time, never overwritten. (a) Memory atom activations of MoRAM on data from Task 1 after learning Task 1.
) : — \model for the input—recall and reuse of memorized snapshots. ) 2 - —
(3) Routing/Retrieval collapse: Under-specialized experts o : - :
confuse the router. As experts accumulate, router struggles to Training: standard loss only. No regularization. No load-balancing. N R O B | N O
index them— routing drifts, old experts misrouted, forgetting. Fine-grained atoms specialize naturally; the self-activated memory e A s, A || | | o —
El Mixture of Rank-1 Memory (MoRAM) retrieval stays stable as memory grows. e ' . e
. . . atc e, SRS T =S s sewsw oo ee—
The router is where failure shows up — but the root cause is \ ) et "
coarse-grained, indivisible fixed-rank experts. MoRAM Formulation. Adaptation parameters become a i} (b) Memory atom activations of MoORAM on data from Task 1 after learning Task 2. ’
dynamic memory bank of rank-1 atoms: B Experiments e Bl e B G IO I B B M s B B I TR | [
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3 We|g ht Matrix as a Memory t — RIELI RS FEPY X-TAIL — CLIP (Vision-Language) P L. ., . N
_ _ Backbone: CLIP ViT-B/16 et 0T ' ] S I
Linear Associative Memory (LAM). A weight matrix W € where r; is the number of atoms accumulated by task t. For input Tasks: Aircraft, Caltech101, DTD, EuroSAT, Flowers, Food, MNIST, T ———dl
R%out X din gtores pattern pairs {(kir Vi)}?il — keys Kk; € R%n gnd X, the update is a sparse, input-dependent mixture over M. g)llft?':gspet’ StanfordCars, SUN397. (c) Memory atom activations of MORAM on data from Task 2 after learning Task 2.
values v: € R%ut — as sinale matrix of outer products Tt ) _ Visualization. Per-atom mixture weights in an activation map: rows = atom indices (by task), columns = input patches, colour = activation
' J P Awt p— E W?: B . 7 A?’ ‘y Transfer 1 — ZerOfShOt accuracy on unseen domains value. (More detailed visualizations in the paper Fig. 6 — Forgetting mitigation and Fig. 7 — Knowledge reuse.)
m i—=1 " " Average 1 — running mean across all stages
— Wx ~ 2 : V. (k‘_rx) Last 1 — accuracy after the full stream Specialization. A concentrated subset of specialized atoms fire strongly on specific patches; the rest stay near zero.
y j—1 <Nt ( _ _ _ ) - / Forgetting mitigation. Activation patterns for Task-1 inputs stay invariant after learning new tasks.
Self-Activation of Each Atom via Memory Keys y \ Knowledge reuse. Prior-task atoms re-fire on later-task inputs when similar semantics recurs (e.g., sky in task 1 re-
where the inner product (kiTX) computes the relevance (or Each atom's own key A;.scores its relevance to the input: TRACE — LLMs (language) fired for blue-sky task 9, see Fig. 7 in paper for more details) — no redundant expert/memory needed.
activation strength) of the i-th memory slot to the input, which o — A;:X Backbones: LLaMA-2-7B, Gemma-2B, LLaMA-3.2-1B
weights the retrieval of the value vector v;. L - 5 Tasks: §tance_detectlon, finance QA, scientific summarisation, F;ode Results — TRACE (LLMs)
Z j:l( A;,X) f»\’nee'lfir::?n’ science A, math word problems, German news, dialogue. FIX(ICL)  SeqLoRA OGD GEM EWC L2P DualPrompt HiDeLoRA ~ O-LoRA  TreeLoRA  MoRAM
[ ] at : : ' -llama / LLaMA-2-7B-Ch
Each weight matrix in the Pre-trained model is already a © Auxiliary learned router module — Router induced forgetting OP 1 — overall performance (mean accuracy after the stream) e -
_ ! ® Content-add ol iri | 5 At ‘ t | BWT | — backward transf q or tasks: 0 = no forgett OP  3894+03 343412 4209+1.6 4008+1.6 4236+12 3623408 37.69+12 41.60+08 4278+08 4352+10 44.54+ 0.9
storage of implicit (key, value) memory atoms. ontent-addressaple retrieval — Alom Knows Iis reievance | — backward transfer (accuracy drop on prior tasks; O = no forgetting) BWT - 185+08 806+12 677412 597+08 825+08 803+£08 7.12+£04 716+04 346404  137+03
- / - J h g google / Gemma-2B-it
OP  323+02 31.89+08 3285+14 2648+15 2835+16 31.14+12 3242+10 3325+09 3373+08 3341409 3627+ 0.7
BWT - 1528 £04 1227409 1825409 1696+12 1577+07 1425405 1366+05 1236+04 850405 274+ 0.4
MoE-LoRA - adds new sets of rank-r experts for each task MoRAM - linear associative memory of rank-1 key-value atoms meta-llama / LLaMA-3-1B-Instruct
Each new task contributes 2 rank-r experts (A € R7¥9, Be RX7, r = 4); router R(x) assigns experts — granularity is whole-expert Each new task appends 4 rank-1 memory entries (A, € R~ 7key, B. € R 9% value); content-addressable retrieval via A - x — no router OoP 3116 £ 04 29.73+1.6 3012420 3219+20 3196416 2938+12 3076+12 33.73+12 32944+08 36.14+07 37.77+0.8
(D intra-expert interference @ inter-expert ,.edundanc%@ Dnowiod - t . BWT - 1703+12 152+16 1074+16 11.62+12 1357+08 1134+08 1236+08 1289+12 736+08  3.12+0.8
1 of 4 ranks matches; 3 co-fi ' rt co-learned t K - . —
1o ranAS S io o P-O-fé) (niw e 5 LT ) (mft,g;’t‘;?,\ﬁogigg,‘ff@) fn?;gaatg? ,\/Zp;fﬁqf%on Best OP and lowest BWT on every backbone. Frozen keys + content-addressable retrieval over specialized
- D D :D D: A. (key) D D D H memory atoms with the memory bank — old atoms don't drift as new tasks arrive.
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Task 1 Task-2 Task 3 (current) "( )',/' Task 1 e Task 2 Task 3 (current) ReSUItS — Su perV|Sed Flne'Tunlng (SFT)
two kinds of input tok : : > , ’ ;
Oof’:hes :u,-’:e’::: ta‘;kens -~~~ @forgetting mitigation — frozen A, B, preserve prior-task atom routing Method H“man(gi’al Out-of-Domain (Acc.) Params %Params
4 ™\ two kinds of input tokens ‘,“ P Sl (mitigates MoE-LoRA @) (PEISS ) L()g‘lC Phil. Reli. Econ. Pub. Rel. STEM PhyS ML MMLU (M)
f th t task . Pt 31. _ _
oy Shared e — _ ofthecurentias N Linear Associative Memory Llama-3.1-8B 38.40 4206 71.06 83.63 70.17 6818 5484 3922 4018 6345
4 old-taskfet } outer - — self-activated - no router - content-addressable — LoRA (r = 4) 41.46 30.68 7009 81.87 7143 6545 5477 4510 40.17 6328 10.5 0.13%
- . w| R(x) rairenared S S , _ _ LoRA (r = 8) 44.51 3968 70.74 8187 7185 6454 5417 4216 3929  63.03 21.0 0.26%
8 ; old-task features x J>(__s=a,xforali }>{ sparse o-{_mixture weights w, | LoRA (r = 16) 45.73 4127 6849 8070 72.69 6636 5496 4411 3839 6335 419 0.52%
novel features (current-task) X Write AW = ZI. W, B. AI.T (sparse mixture - w, from retrieval above) LoRA (r = 32) 47.56 42.85 6945 81.87 72.27 66.36 55.44 4510 39.29 63.59 83.9 1.03%
h g ® routing:; collapse = catastrophic forgetting risk on prior-task data . novel o | ' | MoRAM 47.56 4841 70.09 8246 73.53 68.18 55.53 46.08 4196 63.70 41.9/26.2  0.52%/0.32%
(overlapping co-firings confuse the router) (prior-task data may be rerouted to recently-trained experts) o (curenties y every atom's own key A, scores x in parallel — no centralised router
= Retained (and possibly improved) Out-of-Domain Generalization After SFT on Code-Alpaca.
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