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i‘ The power of the cognitive artifact comes from its function as a representation. ...
Cognitive artifacts do not change human capabilities. They change the task.
| — Donald A. Norman
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Table 1: Performance on ALFWorld in success rate %. Results are reported on both seen and unseen splits with
per-task breakdown. Step denotes the average number of steps taken per episode. Prefill and Decode report average
token counts (k) per step. The best and second-best results are highlighted in bold and underline, respectively.

Method ALFWorld Task Avit | Step) Cost|.
Pick Look Clean Heat Cool Pick2 | Prefill Decode
Seen split
Vanilla 829 46.2 185 375 320 292 436 | 35.0 0.44 0.55
Few-Shot 829 462 444 688 360 125 500 | 313 204 054
Reflexion 771 539 333 313 560 125 464 | 333 055  0.66
AdaPlanner 914 308 333 375 280 333 471|359 054 084
In-Context Skill 857 69.2 704 313 120 333 529 | 308 121 0.0
LatentSkill 971 923 630 438 640 750 743 | 284 044 0.34
Unseen split
Vanilla 542 556 419 478 571 235 47.0 | 349 0.44 0.62
Few-Shot 66.7 500 613 56.5 762 000 545 | 285 2.04 0.50
Reflexion 500 61.1 58.1 435 667 0.00 485 | 32.8 0.57 0.82
AdaPlanner 833 500 548 39.1 524 294 530 | 343 0.54 0.75
In-Context Skill 70.8 61.1 742 435 476 235 56.0 | 29.7 1.23 0.61
LatentSkill 91.7 66.7 645 435 810 706 694 | 314 044 0.51
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m2ik agent
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o Seen Avg 52.9 — 74.3
o Unseen Avg 56.0 — 69.4
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Table 2: Performance on Search-QA in exact match %. | and * indicate in-domain and out-of-domain datasets,
respectively. Cost denotes average token counts (k) per step. The best and second-best results are highlighted in

bold and underline, respectively.

Single-Hop QA

Multi-Hop QA

Avg? ‘ Cost|

Method
NQ' Triv: Pop* Hotp' 2WK* MuS* Bam* |

Vanilla 252 506 352 262 268 420 288 281 | 024
CoT 192 508 200 224 262 500 37.6 245 | 0.09
Few-Shot 346 576 394 300 258 600 176 317 | 094
R1-Instruct 270 550 316 266 336 580 344 301 | 0.24
RAG 390 640 450 324 212 680 272 344 | 0.89
In-Context Skill 272 564 330 302 398 760 384 326 | 1.10
LatentSkill 362 576 410 396 320 980 256 356 | 031

TESearch-QA

BRBEESH

E Ak

Ry

o BABORES

- EM Avg 32.6 — 35.6
BITHAEA

- Cost Avg 1.10k — 0.31k
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Table 8: Frobenius norm (|| AW|| x 10~3) and stable Table 9: Cumulative singular value energy ratio (%)
rank (SR) of hypernetwork-generated AW at Pretrain of top-k directions at Pretrain and SFT stages. SFT
and SFT stages. SFT columns are shaded in blue. columns are shaded in blue.
|AW]| (x10~3) Stable Rank Skill Rank-1(%) Rank-2(%) Rank-5 (%)
Skill Pretrain SFT Pretrain SFT Pre. SFT Pre. SFT Pre. SFT
ALFWorld ALFWorld
Clean 2788  2.843 236 2.18 Clean 48.8 541 67.1 70.6 929 93.7
Cool 27788  2.841 236 ES Cool 488 542 670 70.7 929 93.7
Heat 27785  2.841 235 | Heat 49.1 543 673 70.8 93.0 938
L.ook 27787  2.841 236 2.18 Look 489 542 67.1 70.7 928 93.7
Pick 2787 2.841 235 217 Pick 492 544 674 709 93.0 938
Search Search
Direct 2790 2.848 240 2.23 Direct ~ 480 532 664 69.7 925 93.1
MultiHop 2.793  2.849 239 223 MultiHop 482 53.1 665 69.7 926 93.1
Compare  2.790 2.846 240 223 Compare 48.1 532 664 697 926 93.1
2 =
© BREAL: © BEREET:
o AlAlskilli AW g 4z, viH]compiler o Top-2#y67-71%, Top-5%y93%, 7#&zk 3
A i 2
%Uthi%\mo g{ﬁ‘%‘o
o Stable Rank{{#j2.2, SFT/5it—2 K, o SFTjg#t—20 EFF, BT AXISFEskill
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iE 1T LoRA scaling coefficient a, LatentSkill B] AFESET T skill XAEEAT A BB N

Seen

a Pick

Look

Clean

Heat

Cool

Pick2 Avg

0.0 82.86
0.1 82.86
0.2 82.86
0.3 9143
0.5 100.0
0.6 97.14
0.8 97.14
1.0 97.14
1.2 65.71

46.15
53.85
61.54
69.23
92.31
92.31
76.92
61.54
7.69

18.52
33:33
44.44
51.85
48.15
62.96
70.37
66.67
741

37.50
43.75
50.00
56.25
43.75
43.75
31.20
37.50
6.25

32.00
52.00
48.00
48.00
56.00
64.00
52.00
44.00
8.00

29.17 43.57
37.50 52.86
41.67 5643
50.00 62.86
62.50 68.57
75.00 74.29
70.83 70.00
50.00 63.57
12.50 22.86

Unseen

o Pick

Look

Clean

Heat

Cool

Pick2 Avg

0.0 54.17
0.1 79.17
0.2 75.00
0.3 75.00
0.5 79.17
0.6 91.67
0.8 87.50
1.0 75.00
1.2%38,33

55.56
55.56
55.56
55.56
77.78
66.67
66.67
12,22
0.00

41.94
48.39
54.84
58.06
70.97
64.52
77.42
70.97
6.45

47.83
43.48
47.83
65.22
56.52
43.48
34.78
43.48

57.14
71.43
66.67
71.43
76.19
80.95
38.10
38.10

23.53 47.01
11.76 52.99
2333 5522
47.06 62.69
64.71 70.90
70.59 69.40
88.24 65.67
64.71 61.19
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SCIUEE: DA Look S H AR skill, B]A Pi

ck WEAMEREE S, HB Look-Only. Pick-Only,

Direct Merging. Text Merging #1 Component Merging.

Table 3: Skill composition results on all 31 Look task e FEHELSTIL:

episodes under five skill composition configurations.

The best result per split is highlighted in bold.

o HEAI5ZH LoRA X B P skill texte
HRAT NI SE,

o Direct / Text Merging £ Unseen 1k
61.1, {&T Look-Only {1 72.2.

© AFHASEAR

Seen Unseen
Method Ep. % Ep. %0
Look-Only 8/13 61.5 13/18 722
Pick-Only 8/13 61.5 11/18 61.1
Direct Merging 9/13 69.2 11/18 61.1
Text Merging 8/13 615 11/18 61.1

Component Merging 11/13 84.6 14/18 77.8

o Component Merging iA%l] 84.6 / 77.8, #HLL
Look-Only #£F +23.1 / +5.6 pp.

o MFFIGHILHMA A RES ) AHAMRE 7, TR )k
DT

LatentSkill i PAZE LORA Z3|H] -
XI3F,

1 AL, (BB AR A
TR B A




Robust & Secure: Prompt #Mzf7, BiaE. Bk

Table 4: Average performance under skill text perturba-
tions and adversarial attacks. ALFWorld reports success

rate (%) and Search-QA reports exact match (%).

ALFWorld

Search-QA

Method In-context Latent In-context Latent

Base 52.9 74.3 32.6 35.6
Paraphrase 50.7 67.9 332 34.0
Plaintext 50.0 74.3 32.4 34.4
Reorder 50.7 69.3 32.4 33.6
Noise 47.9 71.4 307 33.7
Hijack 8.57 38.6 23.5 34.0
Extract 48.6 70.0 21.3 29.3
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Thanks!

Email: chenyuzhou@sijtu.edu.cn

Homepage: https://0xzhouchenyu.github.io



