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 Low-level Actions — Reusable Skill



I Methods

Skill Library Agent

def spotify_get_playlists(access_token):
page_index = @
playlists = []
while True:
playlist_page = apis.spotify.
show_playlist_library(access_token, page_index)
if playlist_page:
playlists.extend(playlist_page)
page_index += 1
else:

How many unique songs
are there across my Spotify
song library, albums library
and all playlists?
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Sequential Rollout with Skill-integrated Reward
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I can define a new function “spotify_login® to login
spotify with supervisor's email.

SAGE & 7 BB~ ETANA, EENAZIE
B, MEHATNEET TERF. JIAM, JE
e hE O

The Spotify password is an entry in the “passwords® 1list
with the account_name=spotify. I can use it to login now
with the provided email address.

** Tpython
spotify_password = [account_password["account_name"] ==
"spotify" for account_password in passwords][@] ["password"]

login_result = apis.spotify.login(username="jay@gmail.
com", password=spotify_password)

print(login_result)

LAY

He X810

**'python
def spotify_login(email: str) -> str:

i

Login to Spotify by automatically obtaining the
supervisor's password and then proceeding with the
login process.

Args:
email: supervisor's username presented as email.

Returns:
The login result of spotify.

wan

passwords=apis.supervisor.show_account_passwords()
spotify_password = [account_password["account_name"]
== "spotify" for account_password in passwords][@]

["password"]

login_result = apis.spotify.login(username=email,
password=spotify_password)

return login_result

login_result = spotify_login("jay@gmail.com")

print(login_result)

Skill Library Agent 3 B &2
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Table 1: Task Performance of SAGE compared with various baselines. Results of Methods marked with "*" are
taken from (Chen et al., 2025). In these cases, Avg. Steps and Tokens were not reported, thus denoted by "- -".

Test Normal Test Challenge
Base Model htethods TGC SGC  Ave. Steps  Avg. Tokens  TGC SGC  Avg. Steps  Avg. Token
Training Free Methods
GPT-40 ReAct* 48.8 32.1 - i 30.2 13.0 - .
OpenAl ol ReAct* 61.9 41.1 = " 36.7 19.4 ” =
Claude Sonnet 3.5 V2 ReAct 57.1 41.1 15.7 1,542 492 28.8 21.8 2,084
Qwen2.5 32B Instruct ReAct* 392435 18.6+20 - . Pibs+id F5+12 s -
RL without Skill Library
25 B Insiruct LOOP* 713+13 53622 - .- 457+13 266+1.5 - -
Qwen?. HETHE GRPO 692+27 51.8+58 164+02 3613£200 40715 26915 21.920.1 5211£65
Our Approach
Skill Library Agent 30.7+3.1 19.6+14 134+04 298873 153+1.7 7.0+12 187+04 4803117
Qwen2.5 32B Instruct  + SFT 552415 41.7+17 114205 1340+65 372+12 209+18 162+03 1,909 +80
+ SAGE 720+£15 60.7+15 121+02 1475+127 50120 324%37 17303 1,807 +29

AppWorld 12t T S RETHTIRE, LT ONEERA (140 Spotify) . 21t 457 AN API, FEE& 100 ZAMEHL A
AppWorld £ 84 750 ™MESE (250 Mgs=) , 4. Train: 105; Dev: 60; Test-Normal: 168; Test-Challenge: 417,

BN S B —aFE SFT Mz /58 SAGE——#BR {# F Train £, Dev £ T F &£ checkpoint, F4&7E Test-Normal F0 Test-Challenge 3F{d
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* Skill Library Size: %88 R4 AIREEREL

* Used Skill Num: #2858 E LR F AT R R E .

n

BHERERA:

0.88 Base Model
Skill Usage !
! ’ B SAGE
Success Skill e 0.51
Usage Rate 0.72

Skil Lirary — 236

2F 361
Used Skill 01 205
Num : 230

0.0 0.5 1o 15 2.0
Relative Change (Test Normal Set)

Figure 2: Analysis of Skill Usage Patterns. Performance
metrics are shown as ratios relative to Base Model base-
line, with numerical values annotated.

o SAGE 49 361 PMzEER, 356 4 (999%) ETFEESS/ AP EBENEZYTRE;

e Base Model AEA(AY 439 Mg, B 3624 (4 82%) EBTEZHTEE.

XiH—EiEE SAGE BEERES . EERERNKAE, FEILEKREEESARE/,

MEZENNER.
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Table 2: Stepwise performance of skill library agent
compared with no skills involved.

Table 3: SAGE with different retrieval methods.

Test Normal

Step With Skill TGC SGC Avg. Steps  Avg. Tokens Retrieval Methods Test Normal
Skill Library 307+£3.1 196+14 134+04 2988+73 TGC SGC  Avg. Steps Avg. Tokens
Agent X 34.7£30 149+3.1 164205 3,704+139 Same Scenario  72.0x1.5 60715 12.1+02 1475+127
SET v 552+15 41.7+17 11405 1,340+ 65 Query N-gram  72.0+2.0 60.1+1.7 127+03 1,466+ 101
X 348+21 399422 135201 1611z Query Embedding 69.6+1.6 59.5+22 11.8+0.2 1,335+63
SAGE v 720+15 60.7+15 12102 1475+127 Skill Embedding 66.3+0.7 56.0+0.8 145+03 1,692+ 10
X 714405 54808 160+02 1,937+8I

FrE B B i BE T ERRE RIS Em SGC. B FIYHBRANE D token,
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FINITRER
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%ﬁﬂ#ﬁﬂﬂ\ﬁ%&ﬁﬁﬁﬁﬁﬁﬁﬁ%, BIREMANETRERSBRESK
I

ISR, HELBRBENRAMETZHRER, 235 RITHIEEREN
o] g, EEAEFRERCRIETR EiBid 1248/ Same Scenario R &
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Table 4: SAGE with different task chain constructions.
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Table 5: SAGE with different reward designs.

Task Chain Test Normal
Construction TGC SGC Avg. Steps  Avg. Tokens

Test Normal

R d Desi
eward Design TGC SGC Avg. Steps  Avg. Tokens

Same Scenario 72.0%1.5 607+x15 12102 1475+127
Similarity Search 72.8+2.3 625+29 13.0+03 1,535+114

Table 6: SAGE initialized with different methods.

Initialization Extra Test Normal
Method Data TGC SGC Avg. Steps  Avg. Tokens

Base Model X 40.7+£23 25607 119£0.1 2532+093
Self Distillation X 665+1.6 53.6+53 13.1+04 2321+£103
RL Warm-Up X 683+£0.7 553+38 160+£03 2556+62
SFT v 720+15 60715 12.1+02 1475+127

Skill-integrated 72.0x 1.5 60.7+1.5 121x0.2 1475127
Outcome-based 69.8+1.0 554+14 13.1+£0.2 1,469 +61
Chain-based  67.9+2.1 566+16 157+03 1,361 +58

Table 7: Performance of SFT initialized GRPO.

Method Test Normal
100 SGC Avg. Steps  Avg. Tokens

GRPO 692+27 518+58 164+02 3,613+200
SFT+GRPO 66.1+13 512+08 128+0.1 1,284+18
SAGE 720+£1.5 60.7+1.5 12102 1475+127
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