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In this study, we explore the in-context learning compression vector
and propose novel methods for its optimization and aggregation.
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1.2 Motivation
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In-context learning compression vector

» Recent workM2l shows that task information from ICL is stored in the early transformer layers

» The ICL vector enables the model to perform In-Context Learning without requiring explicit

demonstrations.
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[1] In-Context Learning Creates Task Vectors
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(b) Zero-Shot Intervention
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(a) Average Layer Activation
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[2] Function Vectors in Large Language Models
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1.2 Motivation @A’éw#k?

In-context learning compression vector
» Recent work shows that task information from ICL is stored in the early transformer layers

» The ICL vector enables the model to perform In-Context Learning without requiring explicit
demonstrations.

However, the working mechanisms and optimization of
these vectors are yet to be thoroughly explored.
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1.2 Motivation @ #AR XL

In-context learning compression vector
» Recent work shows that task information from ICL is stored in the early transformer layers

» The ICL vector enables the model to perform In-Context Learning without requiring explicit
demonstrations.
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I 2.1 Formalization Méﬁ?‘fﬁfk‘?

Classic template of ICL:

X1381y13X2787y27"' aXstayNa/YQaS'
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I 2.1 Formalization @Mﬁfﬂ%

Classic template of ICL:

X1381y13X2787y27"' aXstayNa‘XQaS'

Output attention activation of the last separate token:

l /
a =Wy, XX softmax
| | ( Vd

(WK[X’;X])Tq)
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I 2.1 Formalization @%W}ﬂ‘?

Classic template of ICL:

Xl,S,yl,XQ,S,yQ,"' aXN787yN7XQaS'

Output attention activation of the last separate token:

L T
al = Wy [X'; X]softmax ((WK[X X)) q) :

Vd

Omit the softmax operation and the scaling factor:

al ~ Wy [X'; X] (Wk[X; X)) q
= (WVX (W X)" + Wy X’ (WKX’)T) q

= (WZSL £a Z (Wyvx;) ® (WKXQ))) q.
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I 2.1 Formalization Méﬁ?‘fﬁfk‘?

al ~ Wy [X'; X] (Wk[X: X)) q
= (WVX W X)T + Wy X' (WKX’)T) q

= (WZSL + Z (Wyx;) ® (WKX::))) q.

back-propagated errors: AWep = Z e; X,

a' = (WZSL + Zei ® WKX;> q = (WzsL + AWep) q.
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2.1 Formalization @%W}ﬂ‘?

HARBIN INSTITUTE OF TECHNOLOGY

al ~ Wy [X'; X] (Wk[X: X)) q
= (WVX W X)T + Wy X' (WKX’)T) q

= (WZSL + Z (Wvx;) @ (WKXQ))) q.

back-propagated errors: AWep = Z e; X,

a' = (WZSL + Zei ® WKX;) q= (WzsL + AWgp) Q.

; - . |
It can be inferred that the output activation can be regarded as parameters trained |
via gradient descent which utilizes the demonstrations as training instances. :
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I 2.1 Formalization @Mﬁﬁw

al ~ Wy [X'; X] (Wk[X: X)) q
= (WVX (Wi X)" + Wy X' (WKX’)T) q

= (WZSL + Z (Wyx;) ® (WKX::))) q.

back-propagated errors: AWeap ==

3
()

a' = (WZSL + Zez’ ® WKX;> q= (WzsL + AWgp) Q.

State vector:

TF_h
)—l
Q
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Divide and Conquer Aggregation to derive state vectors from multiple examples




HARBIN INSTITUTE OF TECHNOLOGY

2.2 Method @.%zﬁzﬁzﬂ%
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2.2 Method () AR A XN
! Progressively Optimization ‘:
I r e ~ e N I
» Inspired by model soup and momentum- : O | —’\ !
. . . . . ! — o L 1 2 il 1
based gradient optimization, we introduce b - O E> PN AN n\ a
two methods for state vector refinement: : Momentum x C * !
: Inner Optimization | Optimization ® /.

» Inner Optimization averages state
vectors across separator tokens to
improve robustness within a single pass

» Momentum Optimization iteratively
updates the state vector by capturing
changes across separator tokens,

simulating gradient-based enhancement.
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Divide and Conquer Aggregation

E ( Divide Stage N ( Conquer Stage

» For large demonstrations that exceed model
input limits, we propose a divide-and-
conquer (D\&C) aggregation method. This
groups demonstrations into intermediate

10-shot
state vector

100-shot
state vector

Extraction

s_________r..________-

1
. 1
state vectors, which are then aggregated, ! replace
allowing effective compression and 10 shot 10 shot 10 shot
representation of extensive ICL examples. AN 10x grouped demons )\ aeegregated demons )
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I 3.1 Experimental Setting @%Wﬁk‘?

Optimization result

. . . = L o Model Method Anym Eng-Fr  Pers-Inst Pers-Occ Prod-Comp Land-Cout | Average
> I nner o ptl m |Zat|0 nm eth Od Si g n |f| ca ntly Regular T0+02 0.0=01 0000  00+00  04+02 0.0+00 03
Function vector 451420 21.64+20 11.3+107  0.1+0.1 25.6+43 32.9421.6 228

i mproves th e e rfo rmance an d Zero-shot | Task vector 562428 632436 61.8+84 27.9£152 55542001  57.84£263 | 537
p p State vector (inn.) 61.0+£10 66.5+22 674+26 427442 64.5+10.6 81.0+1.7 63.9
State vector (mom.) | 60.4+07 67.5+18 68.7+16 45.6459 71.3+36 T7.7£18 65.2

robustness of the State VeCtor com pa red Llama-2 ICL baseline GI8L48 743108 717137 561127 808108  BI0X03 | 725

Function vector 545409 652+14 60.8+56 54.2+22 76.0+13 84.2+29 65.8

o H Few-shot | Task vector 65.7+1.8 73.8409 66.6+52  56.4+23 81.9+18 86.7+0.9 71.8
to task and function vectors, reducing St venor () | 662416 6105 T0lses 042 Ssile  875s00 | 730

. . . . . . State vector (mom.) | 65.84+3.7 743+1.1 74.9+29 582404 82.0+1.0 87.6+0.3 738
Sensrtlvrty to va rlatlons in demonstratlons Regular 8106 72206 0000  00%00  19%05 09+02 30

Function vector 33.1+18 29.1+85  4.1£58 11.1£23 46.3+5.7 22.5£102 244
Zero-shot | Task vector 23.6+3.8 322451 444450 2831186 43.845.7 41.3£12.3 356
State vector (inn.) 334+19 31.7438 493+20 30.0+62 428443 619+16 41.5

> Momentum Optlmlzatlon further GPTI State vector (mom.) | 3LI41L0 350424 503430 424415 442415 603409 | 439

ICL baseline 592414 699420 44.7+67 293410 62.5+1.0 69.3+05 55.8

. . Function vector | 56419 658419 49.1422 303419 585533 69.24£06 | 549

en h ances th e lnher-0 pt| m |Zed State Few-shot | Task vector 585416 706412 423464 278433 660426 63153 | 547
State vector (inn.) | 587422 709413 465449 294417 663121 66428 | 564

VeCtOr, aChleV|ng top performance State vector (mom.) | 59.6£1.4 70.14£22 519424 304411 63.8+08 68.60.3 574

Table 1: Performance of state vector optimization. The best results in the zero shot setting are in underline and

across Sett| N g S an d | m p r0V| ng the best results in the few shot setting are in bold. The result of basic state vector is mathematically equivalent to

task vector. Note that we only present the results across six tasks here and leave the rest in the Appendix. We

robustneSS, es peci a I |y i n ze ro_sh Ot tas ks . also report standard deviation and the results are passed with significance test (p < .05).
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Aggregation result

» Our experiments demonstrate
that both D\&C and average
aggregation improve as the
number of examples increases,

» D\&C aggregation surpasses
average aggregation with
multiple examples.
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Figure 2: Performance of aggregation across number of examples. Avg. denotes the average aggregation baseline

and D&C. denotes the divide-and-conquer aggregation. The X axis represents the number of examples, and the
Y axis represents the accuracy.
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I 3.1 Experimental Setting @%Wﬂﬂ‘?

Ablation with Other Optimization Method

» Typical first-order gradient optimization are not as effective as momentum optimization

Method Zero-shot Few-shot
ICL baseline 0.2+ 04 71.04 108
Task vector 529494 68.5+ 105

State vector (mom.) 65.2+102 722+ 106
State vector (adag.) 11.7+120 16.1+ 102
State vector (rms.) 0.8+ 09 [.5+10
State vector (adam.) 6.7+6.1 10.6+ 85

Table 2: Performance comparison of gradient opti-
mization algorithms. The method means the optimiza-
tion algorithm applied to the opt(+) in Eqn.@
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O w4 %%

Qualitative Study

» State vectors corresponding to the examples occupying the same position tend

to form distinct clusters.

» As the example position increases, clusters shift, suggesting the model gradually
accumulates task-specific information.
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I 4 Conclusion

» |n this paper, we reveal that ICL compressed vector can be viewed as parameters trained
through gradient descent on the demonstrations. Then, we introduce the concept of state
vector coupled with optimization and aggregation methods to enhance the capability of
state vector and conduct comprehensive experiments across two popular LLMs and
multiple tasks to support our claim. Our approach shows the ability to compress context

while maintaining lower variance.

NeurlPS 2024



@%mﬁ’zﬁ?k‘? A

P ¥Y HARBIN INSTITUTE OF TECHNOLOGY *%1. INFORMATION
.o‘j' '. PROCESSING
0)o®*SYSTEMS

Thank You!

Email: liuzhenyuhit@gmail.com

Presented at NeurlPS 2024




