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Introduction Decomposition of estimator Trade-off from task difficulty
In-Context Learning (ICL) After pretraining, we present a new inference prompt: Three types of inference settings:
The ability to infer a task from a context of examples and b (ml .. x; 0 ... 0 m) _ Rex(L+1) e Task Memorization (TM): w* ~ Unif(M,)
solve It at test time, without updating model parameters. yp - yp 0 00 (task is in the pretraining task set.)
where y;, = w - x; IS a new in-context example. e In-distribution Generation (IDG): w* ~ Av*, v* ~
Why task structure? S l ’ N(0, 1) (task fol o ( t .) o struct ’ Ut s not
L . .- : 7K ask follows the pretraining structure but is no
« In many applications, tasks are not isolated: they come Resultl: signal to noise decomposition ’frth o Halning <)
: . . L. T | one of the memorized pretraining tasks.
from a family with shared statistica structurell The prediction for & from a pretrained model can be oot et P " E(%ODG) NI
. . . | ' ' - e Qut-of-distribution Generation W~
e Multi-task learning and meta-learning have been the two decomposed into a signal term and noise terms: task is not in h raining task set) D
. . = 0 7 7 ask is not in the pretraining task set.
main approaches to exploit such task structure. Y lyalgol T ,ymem ystruct, X 5
— noise Result3: phase transition of generalization error
(® Research Question Generalization performance shows a sharp phase
o How can ICL exploit task structures in pretraining? Result2: asymptohcs of each term. ahd Its mt.er.pretatlon transition as a function of p under a — .
e \What happens when structure-mismatched tasks e a = L/D (in-context sample ratio in pretraining)
are presented during inference? e &= L/D (in-context sample ratio in inference) to- solid ine:  — 200
Projecti(l)n onto learned _:'tructure 5 0:\ dottedlllne:a — 00 p=r / D s e rapElk
Theoretical Model Dalgo = l(PAw;mm) wLH' + O0(1/a), P, =AAT Llé 0152 — ratio (task difficulty).
inear regression E." 57 - —*- IDG : .
The inner algorithm: | ° s oo o -~ 0DG k= M,/D is the ratio
We study the asymptotic behavior of in-context 1. Make a matched-filter estimate of the weight: W, = 3, y,2,/6 5 T of the number of task
. . . S . 5 - - > types (task diversity).
learning for linear regression tasks'? drawn from a 2. Project it onto the learned structure: Pywp,on /‘L vpes | V)
: 3. Do linear regression: Pyw?, . . - 007 | |
shared low-rank task family. P 00 o5 o
0
. . . . . Y, D . .
» Pretraining regression weights M, = {w” € R }Vzl,...,MO Jmem ~ N | 0, const. x (ATw?,) (Z vu(vu)T) (ATw?,,,) e p < k (task-rich regime): Better use of low-rank
share a common structure A € RP*" (r < D): : structure — better ID performance, worse OOD
Mahalanobis distance (memorized vs. estimated tasks) b f
w” = AvY, v ~N(0,1.) Memorization noise: FORUSUTIESS.
W/ ¢ fthe train fack <ot b ; M tack If the estimated task W om s close to the memorized task w*, this noise * V> K (task-deﬁcient reglme): D|ver5|ty bottleneck —
. .e construct the :rammg asK set by sampling asKs s small. (—s recalling the memorized task) casier tasks (p 1) do not improve TM/ODG
with replacement from M, task types. serformance
N " 2 :
e Foreach task pu, we draw L examples (x7',y;") : Jstruct ~ N | 0, const. x a | Prwp,on |/ My
Y " " Y 0 orthogonal (':omponent of esigimated task
Yy, =whk-x; +¢e;, & ~ N(O,U ) Structure noise: Takeaways
e Embedding of the input context: If the orthogonal component of the estimated task w?,,, relative to the e Model capacity is determined by the balance
) L learned structure A is small, this noise is small. (— recalling structure) Hhetween tas<—divers'ty and task—cifﬁculty.
cr ="} m I(’)“ e RAX(E+D) Tak o Near p ~ &, the model balances in-distribution
v] Takeaways ' '
1 L o y | | | performance and robustness in our setting.
e We use a one-layer linear attention model with supervised * Pretraining y|e|d.5 a structure-aware efficient linear
pretra]mng. The pred]cﬁon for 213% . 1S g'\/en Oy @Z | = CEression algOrlthm° [1] Han, L. and Zhang, Y. (2016). Multi-stage multi-task learning with reduced rank, AAAI 30(1).
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