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Coarse-to-Fine Grounded Memory (CFGM)
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1. Coarse-grained focus points

Develop a systematic search
strategy ...containing the de > @
1A - 1 1 sired item, and methodically
2 ¢ H y b rl d g ra In ed t I ps checking each location. @
=

3. Fine-grained key information analysis & self-QA reflection e MR Eoperiews Rericol

Task : Your task is to: move two cd to safe. J

Related Experiences : ‘L_
Here are two examples:
Experience 1 Experience 2

Experience-wise Tips (Hybrid-Grained) :

The following are some tips:

2.If an action repeatedly results in "Nothing happens", reassess
the action syntax or the environment state.... (Coarse)

8. ..If "go to drawer 3" results in "Nothing happens". verify the
environment's state or try a different approach... (Fine)

Current Trajectory : ......
> go to drawer 3 Obs.:Nothing happens.

Key Information & Self-QA Reflection (Fine-Grained) : é
) ==

Task Progress:...the CDs have not been located...

Q:Checked all possible CD locations? A: No, not all drawers...

> think: I should continue checking the remaining drawers...the
n proceed to desks and shelves if necessary to find the two CDs.

> go to drawer 4
...... (Successfully Continue to Search)
Obs.: Task is SOLVED
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Coarse-Grained Focus-Driven Experience Collection

Algorithm 1 Coarse-Grained Focus-Driven Expe-

- Lot 23 H22|S $70t7| 2f8f reflection HEHsHA zienes Collection:
. . i 1: N =len(Twan),n =0
collaborative thinking 2f retry-reflection 2: F'P = LLMrocus(DesCeny, Fnanual)

3: while taskn < N do

. . . . o tn<_7drainn,1/n, —
- LLMO| environmental foundational information ==3l0{ LLMS for trial » L ]Oto 7 do

4
5

7t0|=3H= focus point S RIS A 220l Chek XHIZI! AP ol T fortmesteps O do
8

(1324

for timestep? = O to H do

SHigoR o £2 Zxo| FYS +WsIES o B oy o st M2 )

9: 0i+1,done « env.step(a;)

10: Tn,z < Tn,z U {(ai, 0i+1)}

11: if done then

12: break

13: end if
Fmmmm e e — e e e —— - — - 14 - - - - endfor- - - - - - - -
84S O Fep 2 §lo] 2= HIH MF 1s: B BU (tn, Tn,z) |
T T T T ST T T T T 16:” ~ = ~ 7if doné ot z =7 then

17 n+<n+1

18: break
I_________: __________ :___'19-:____else ______________________ 1
" ATheIOl EABHA| LS Al If 22 20: i1 concai(vns + U Mrst(rn) |
"""""""""""" 7/ S > 1 T 5 |

22; end for

23: end while
24: return B
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Hybrid-Grained Experience-Wise Tips Extraction
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Hybrid-Grained Experience-Wise Tips Extraction

Algorithm 2 Hybrid-Grained Experience-Wise
Tips Extraction.

- 3¢ Z B0l = 2= #HA M| E EfAZ ¢, Ofl 2} re-indexing

- successful and failed attempts & 2F Z&t5k= HH2 Coompare 1: N = len(Tuan)
2: Construct fail/success tuples of the same tasks in B :
ol EﬁI'_T’_, successful attempt or2 Csuccess ol &3 3- Ccompare = {tl : (Ti‘uccess’p'q_{zzié, )’ o
.. 4. ti (TE“C“SS,T{"(‘}, o )sissiy
- E= training task ¢, S 2= 5: Construct success trajectories in B3 :
o — 6: Csuccesg - {t]_ . TiUCCCSS, ceey tz . T;UCCCSS’ ...}
- Bkt Of Ccompareoﬂ LIEFLIH, LLMTipsoﬂ o Ej230] d= 7: fortask m =0to N — 1do
M ™) Al M H|DSIEE TETDESI] Q22 diX|st= &: th < %ain[n]
A A& Al YA S H|wSEE TETESH QFE YK(SH= O ift, € Compene then
11z TDltn] < (TDltx],
LLMO{[A] d3 HEo|2E S F7150] d3E 2212 1Mot 12: LLMrips (Csuccess [tn]; T'D[tn]))
e 13: continue
1 EE 2R /Y 14:  endif
15: if tn € CSUCCCSS then
- ZotZ A0 B2 Tips Dictionary TD 0] X% 16: T'D|tn] = LLMrips(Csuccess[tn]))
17 end if
18: end for

19: return T'D
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Fine-Grained Trajectory Information Adaptive planning
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@ Task Description Experience Retrieval <G
\@’ Related Exp. & Tips ©

# Current Trajectory

é { Observation, } @
{ Action, }

am—}

{ Observation,_; }
{ Action; }
{ Observation, }

. . . A
Key Informations @

- -
Self-QA Reflection
R

{ Action,,; }
{ Observation,.; }

Done !

Fine-Grained Trajectory Information
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Adaptive Planning @

</ Tips Dictionary
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Experience

A

Hybrid-Grained Experience-Wise
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Experimental Settings

Environments.

- AlfWorld: Virtual household agent benchmark

- WebShop: Interactive environment simulating online shopping

- ScienceWorld: Text-based environment focusing on elementary
Evaluation.

- Success Rate (SR)
- AlfWorld: A|Zt X2t L] EjAS 2= =X]
- WebShop: &40 = S RO =X

- ScienceWorld: E{A3 22 o8
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Main Results

- CFGM 9| &t ol CIofst SHANA 2744 stol

Features AlfWorld WebShop ScienceWorld
Method Off. Traj. Gro.
Exp. Ref. Mem. Success Rate (SR)1 Rewardt SRt SR
ReAct X X X 80.60% + 0.68% 586+ 1.0 37% £2% 43% £+ 1%
ExpeL v o X X 81.34% +0.85% 622+13 42% £3% 57% + 2%
AutoGuide v X X 83.58% +0.77% 733+ 14 47% £+ 2% N/A
QuBE X Vv X 84.33% + 0.73% N/A N/A N/A
- _ExpeL + QuBE_ / __/___X__ 8.07% +1.03%_75.6+13 49% +3%_ _ 65% +2% _ _,
i CFGM v / v 91.00% +082% 850+13 57% +3% 74% +2% !

Table 1: Main results across AlfWorld, WebShop, and ScienceWorld benchmarks. Off. Exp. refers to collecting
offline experiences, Traj. Ref. refers to reflection based on trajectories during online inference, and Gro. Mem.
refers to leveraging grounded memory with LLM’s knowledge. Best in bold, second-best underlined. CFGM
consistently outperforms the baselines on all domains, highlighting the importance of comprehensive memory
grounding and the scalability of CFGM in diverse environments.
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Ablation Studies

- Effectiveness of Different Components - Generalizability across Different Models.
100 93.28 95.52
90
FP | x v X X X W .
ET X X v X v v - = _— 70.15
60 .
KIR | X X X v v v g “ 59.70
SR% |80.60 85.82 86.57 85.82 88.06 91.00 O 000
30
s & & & T >
Table 2: Module ablation experiment results on Alf- Q&,«?’ & & & & &
World. FP refers to using focus points to guide experi- ¢ & oAt Expel,— CFGM
ence collection, ET refers to extracting experience-wise
tips, and KIR refers to question-answer self-reflection Figure 3: The SR achieved by different methods us-
based on key information during online planning. ing various models on AlfWorld. CFGM demonstrates

strong generalization across different models and con-
sistently outperforms the baselines.
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Ablation Studies

- Impact of Experience Retrieval Scope

on Tips Quality.

k| O 1 2 3 5
SR [80.60% 82.09% 86.57% 86.57% 81.34%

Table 3: The impact of different Top-k experience re-
trieval scope on the quality of tips on AlfWorld. The
retrieved top-2 experiences yield tip sets with optimal
quality and retrieval efficiency.
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- Experience Tips' Generalizability to Out-of-

Distribution Environments.

Method WebArena—Shopping SR

ReAct 10.2% + 0.5%
ExpeL 18.5% + 0.9%
AutoGuide 20.4% =+ 0.7%
CFGM 25.1% + 0.8%

Table 4: Out-of-distribution generalization of different
method’s extracted experience knowledge from Web-
Shop on the 98 WebArena—Shopping tasks. hybrid-
grained tips of CFGM perform superior out-of-domain
generalization compared to existing knowledge extrac-
tion agents after transfer.
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Ablation Studies

- Comparative Analysis of Online Reflection.

Method AlfWorld SR
Self-QA Reflection 84.33%
QA Reflection(Fixed Question) 84.33%
Key Information Reflection 85.82%

Table 5: The comparative analysis of different reflection.
Fine-grained grounded memory enables more flexible
and effective reflection than manual QA approaches.
Prior short-term memory analysis (key information) fur-
ther enhances comprehension and reasoning when lever-
aging grounded memory.

- The Overall Efficiency of CFGM.
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Method Off. Tokens On. Tokens On. Turns

ReAct -
ExpeL 3888.2
AutoGuide 48734
QuBE -
CFGM 4068.5

1734.6
5125.5
4809.4
4752.3
4681.4

19.01
17.32
16.55
17.21
14.32

Table 6: Average token consumption for processing
a single training data sample during the offline phase
on AlfWorld (Off. Tokens). Average token consump-
tion per step and average interaction turns per complete
trajectory during online inference on AlfWorld (On. To-

kens and On. Turns).
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Overview

Retrieve Retrieve Retrieve

/ MTM \ /?

Page m Segment Heat User Persona Agent Persona
. Pl o= o
=2 — ) N @ L : '
Insprt to MTM it :
t ! % Update to LPM g ! Agent
H O [ | | Traits
. 1 1
i '
p Dmlogue L || User Traits i
— -

Chain ™~ 5y }_@ _Delote Segn S opp——.

Figure 1: The overview architecture of MemoryOS, including memory Store, Updating, Retrieval, Response.
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Memory Storage Module
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Memory Storage Module

- M 7K ABHE XE TR E Sl H2E2|E RS ME
- 3) Long-term Persona Memory (LPM): user %! assistant’7t Z2%t 7§l HE 5l EME X|&Ho=Z
term MTAZ0AM LA Sl Jielet HE
- User Persona
- Static component: M2 0|5, MAgl
- User KB: 2t MSZI20j| M FZEl factual information 2 S& X%
- User Traits: ARSAS| el &2t 2 Mk 22 Mool AHSH Ed

- Agent Persona

- Agent Profile: Al Of0]THEY} #3i5H= HO|Lt 44 S0t 22 IHE ME

- Agent Traits: useret 8= &&88 Sl YXMot= 8 54
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Memory Update Module

STM-MTM Update (FIFO t4l)
- STMZ dialogue pages YEiZ HA[ZF Oz} G| E 178 ZO[2| 7ol K&
- M=Z& Cig} m|o|X|= 72| Zof =7t

- STM 77} Z|cl 82hof| =EoHH 7HE @21l Chet H[O]X|= FIFO(First-In-First-Out) o 2t STMOlIA MTM2 2 ME
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Memory Update Module

MTM-LPM Update (Heat < 7|4h

segment deletion 3! segment-to-LPM updates
Heat = a - Nvisit + ﬁ ) Linteraction +vy- Rrecency
: IOHETH AME 315

Nvisit

- Linteraction: k”jﬂl_'lE LHQ—' ‘;ét‘ I:H§|’ ]I'||O|I| —JF

Ryecency * time decay Al

- MaHEQS| Zo[7t 2t EFE it BR 71 H2 Heat & 71 MAHE XA
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Memory Update Module

LPM Update
- LPM o2 & E MIHE 3 cHet H|O|X[= User Traits, User KB, Agent Traits ®IC|0|E

- User Traits= 37tX| 7} 12| (basic needs and personality, Al alignment dimensions, and content platform

interest tags), 90 demensions 2= M E|H LLMO| 2|8 XF2HMO =2 £-40| X2t E & 5! HH|0|EE

- A2X}EL of|0|ME O{A|AEIEQ} 2HHE factual information 242t User KB2H Agent TraitsOll £=&(0f 7|2
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Memory Retrieval Module

o
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- MTM 23

- AMSA 2|2t OHE Ea=(Fscore)E AHE0I0 7t 2EE0| =2 &9l mil 2 MOHE &Y
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Response Generation Module

- ARBXAREIZEFOXH, STM, MTM, '

Query
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Page B3, |sogment Heat UserPersona  Agent Persons
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i g 423 1=t Heat > T © /] ] °
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o) m [)wlu;‘tw : i E il B Query
L n C/)dm“~~>m }[% _Deﬁle_Segmem e ol i e e o A ll
o ‘<:, == Timestamp
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AT ECEE TP R TN | \ J
Push tb STM 2 ' i (| e - |~
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Figure 1: The overview architecture of MemoryOS, including memory Store, Updating, Retrieval, Response.
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Experimental Settings

Datasets.
- GVD: 15| 7}AF AFE X2t Al Of|0|ME 71| 10 7te| AT A2 S A|Z2|0|M5I0] MM El HE|E CHat

- LoCoMo: i+ 300 & 3! of 9k=Z 74 El long-term CH=t

Evaluation.

- GVD: Memory Retrieval Accuracy (Acc.), Response Correctness (Corr.), Contextual Coherence (Cohe.)

- DeepSeek-R1 Z HJ}

- LoCoMo: F1, BLEU
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Main Results

- MemoryBankZ}t 7% 52 M& > £ memory decay mechanism M2 1A s} 22| 22| X
- A-MemZ2f MemGPT 2 ALIEOE long-term A5 ZX[TE MA&Ql K22 22| HIFLIE &5

- MemoryOS = o8 ™ |2 =2 o

or

Table 1: Comparison results on the GVD dataset.
Table 2: LoCoMo dataset comparison with per-category scores and average ranks. A-Mem refers to the results
reported in the original paper. A-Mem* represents our implementation results under the same experimental envi-

Model Method Acc. T Corr. 1 Cohe.t
ronment as our model.
TiM 84.5 78.8 90.8
MemoryB ank 784 733 91.2 Model Method Single Hop Multi Hop Temporal Open Domain Avg. Rank | | Avg. Rank |
GPT-40-mini MemGPT 879 832 396 F1+ BLEU-14| Fl4+ BLEU-14| Fl14+ BLEU-14| Fl14+  BLEU-11 (F1) (BLEU-1)
' ) ' TiM 16.25 1312 | 1843 1735 835 732 2374 22,05 38 40
A-Mem 90.4 86.5 914 MemoryBank |  5.00 4.77 9.68 6.99 5.56 5.94 6.61 5.16 5.0 5.0
Ours 933 912 923 GPT-do.mini MemGPT 2665 1772 | 2552 1944 | 9.15 7.44 41.04 34.34 2 25
A-Mem 27.02 20.09 45.85 36.67 12.14 12.00 44.65 37.06 N =
Improvement (% 32% 4 54% 1 1.0% A-Mem* 22.61 15.25 33.23 29.11 8.04 7.81 34.13 2773 3.0 25
P (%) T T T Ours 35.27 25.22 4115 3076 20.02 16.52 48.62 42.99 1.0 1.0
TiM 82.2 73.2 85.5 Improvement (%) | 3235%1 4233%1 | 23.83%1 5.67%1 |118.80%1 111.52%71| 1847%t 25.19%1% | - | -
MemoryBank 76.3 703 82.7 TiM 437 5.01 2.54 321 6.20 5.37 6.35 7.34 43 35
g MemoryBank |  3.60 339 1.72 1.97 6.63 6.58 4.11 332 48 48
wen2. em . . .

MemGPT 5.07 431 294 295 7.04 7.10 7.26 552 28 38
A-Mem 872 795 87.8 Qwen2.5-3B 4 Mem 12.57 9.01 2759 2507 712 7.8 17.23 13.12 _ -
-Mem A 8.76 . . 6.94 7.31 : K 4 4
urs ! 4 X A-Mem* 10.31 8.76 16.31 11.07 6.94 7.31 12.34 10.62 23 2.0
Ours 23.26 15.39 21.44 14.95 10.18 8.18 26.23 2239 1.0 1.0

Improvement (%) 53% 1 35%1 31% 1 Improvement (%) [125.61% 1 75.68% 1 |31.45% 1 35.05% 1 |46.69% 1 11.90% 1 |112.56% 1 110.83% 1| - | -
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Main Results

- DEHEME "WILSH| /6l tokens consumed 5! average LLM

calls in each response &8
- MemoryOSE= Top-2 baseline(MemGPT, A-Mem) 2Lt Fo{t M5

- A-Mem*0f| H|H| LLM calls =¥ X11(4.9 vs. 13), MemGPTO{| H|5H
EZ AH|IJH EM MZ(3,874 vs. 16,977)

I
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Table 3: Efficiency analysis on LoCoMo benchmark
(quantified by LLM call and recalled tokens counts).

Method Tokens Avg.Calls Avg. F1
MemoryBank 432 3.0 6.84
TiM 1,274 2.6 18.01
MemGPT 16,977 4.3 29.13
A-Mem* 2,712 13.0 26.55
Ours 3,874 4.9 36.23
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Ablation Study

- w/o MTM, w/o LPM. w/o Chain &A 2 d& oI2t= 2

- COIMQl HEHAE HAZA HIAHLIE0| MTMO|LE LPMt 22 HEH K& XU T

ra

M AL G50l 2 I 0IXIX g5

B w/o Memoryos. 3
BN wio MTM -
wjo LPM

E=3 w/o Chain

ol
Retrieval Acc. Correctness Coherence Single Hop Multi Hop Temporal Open Domain

(a)Ablation results on the GVD dataset with GPT-40-mini (b)Ablation results on the LoCoMo dataset with GPT-40-mini using the F1 score.

Figure 2: The ablation study on the GVD and LoCoMo benchmark datasets.
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Ablation Study

a5

- ot — 255!,
- MESHLER LO|XE RYdt dsof| 28l Ik 0| iy .
15 16:32 B
_ O E_I _6_ I* E_F-I- 5 10 15 20 uuesz 30 35 40 5 10 15 20 o uezss 30 35 40
2> k=102= k” o '—I-}I o ogl' @ LoCT)l‘\Idlo: Single Hop ®) Yo Cate: Mkl Hop

5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
K Values K Values

(¢) LoCoMo: Temporal (d) LoCoMo: Open Domain

Figure 3: Impact of hyperparameter k (retrieved pages
in MTM) on LoCoMo benchmark.
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