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MemLong : Memory-augmented Retrieval for Long Text Modeling

LIU Weijie, TANG Zecheng and LI Juntao

School of Computer Science and Technology Artificial Intelligence Laboratory,Soochow University,SuZhou, Jiangsu 215031, China

Abstract Recent advancements in Large Language Models (LLLLMs) have yielded remarkable success across diverse fields. How-
ever,handling long contexts remains a significant challenge for LLMs due to the quadratic time and space complexity of attention
mechanisms and the growing memory consumption of the key-value cache during generation. To address this issue, this paper pro-
poses MemLong’a memory-augmented method for long-text modeling, which enhances long-context language modeling by levera-
ging an external retriever to access historical information. Memlong integrates a non-parametric retrieval-memory module with
a partially trainable large language model,and introduces a fine-grained,controllable retrieval attention mechanism that effectively
utilizes semantically relevant text blocks. The non-parametric module is responsible for retrieving relevant historical information
from an external knowledge base,while the LLLM generates outputs by fusing this retrieved information with the current input.
The proposed attention mechanism allows the model to dynamically adjust its focus on the retrieved information during genera-
tion. Comprehensive evaluations on multiple long-context language modeling benchmarks demonstrate that Meml.ong consistently
outperforms other state-of-the-art LLMs. Furthermore, MemLong significantly enhances the model’s capacity to process long
texts. On a single NVIDIA 3090 GPU,Meml.ong can scale the effective context length from 4000 to 80000 tokens,representing
a 20-fold increase. This breakthrough enables Memlong to process longer input texts,leading to a better understanding and ge-
neration of long-form content. It provides new possibilities for tackling ultra-long text tasks and opens up promising new direc-
tions for future research in long-text language modeling.

Keywords Retrieval augment language modeling, LLong context generation, Natural language processing, L.ong context evalua-

tion, Retrieval augment generation
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1) PR 0 T B L O FL AR B R IC A2 25 8] i K/ Nk e AR 2

#£1 AR T XHE O REATE PG-19, Proof-pile. BookCorpus Hl Wikitext-103 I 19 # 3h % 1 H 2% &

Table 1 Sliding window perplexity of different context window extension models on PG-19, Proof-pile, BookCorpus ., Wikitext-103
Model PG-19 Proof-Pile BookCorpus Wikitext-103

1000 2000 4000 16000 1000 2000 4000 16000 1000 2000 4000 16000 1000 2000 4000 16000
LLaMA-2-7B 10.82 10.06 8.92 — 3.24 3. 40 2.72 — 8.73 7.91 6.99 — 10.82  6.49 5.66 -

M70h:|el LonglLoRA-7B-32k  9.76 9.71 10.37 7.62 3.68 3.35 3.23 2.60 14.99 12.66 11.66 6.93 7.99 7.83 8.39 5.47
YARN-128k-7b 7.22 7.47 7.17 - 3.03 3.29 2.98 — 7.02 7.54 7.06 - 5.71 6.11 5.71 —
OpenlLLaMA-3B 11.60 9.77 >1000 - 2.96 2.70  >1000 — 8.97 8.77 =>1000 - 10.57 8.08 >1000 —
Longl.LaMA-3B* 10.59 10.20 =>1000 - 3.55 3.15 >1000 - 10.70  9.85 =>1000 - 8. 88 8.07 >1000 -
LOngLLaMA*SBf 10.59 10.25 9.87 — 3.55 3.22 2.94 — 10.14  9.62 9.57 — 10.69  8.33 7.84 —

3B Phi3-128k 11.31  9.90 9.66 —/9.65 4.25 3.11 2.77 —/3.08 11.01 9.22 8.98 —/9.27 7.54 7.22 7.01 —/7.20

Model Self-RAG 12.85 10.01 =>1000 - 3.07 2.90 >100 - 9.99 9.38 >1000 - 9.47 9.03 >1000 -
MemLong-3B* 10.66 10.09 =>1000 — 3.58 3.18 >1000 — 10.37 9.55 >1000 — 8.72 7.93 >1000 —

w/ 4K Memory 10.54  9.95 9.89 9.64 3.53 3.16 3.15 2.99 10.18 9.50 9.57 9.61 8.53 7.92 7.87 7.99

w/32K Memory 10.53 9.85 9.83 9.73 3.51 3.15 3.11 2.99 9.64 9.56 9.51 9.54 8.02 7.58 6.89 7.90

4.3 KETXET
S R 2% 21 B (In-context learning, ICL) il # ¥4
RSB R 0] 5 2 R AR, SR X Ty

e 7 2 R K BRI 2 . EARSER P, % T MemLong
B AEICAZ A4 S B B R ), B S BT MemLong J& &

fi
RENS A ROR TS AZ A i 9 R, LA IR I e . %

O O
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B RmEER 2 7Y, 5% e H9E S8R OpenLLaMA
A E S #E B S R B0 A R 9 1% 850 F - MemLong A LA
AP TR Z R . ISP BRI L M ae st &
PR R — 5. 5 LongLLaMA (X} Lt 43 H7
&I TER B C AL R 19 A [ 4544 T, MemLong 78 K £ 31

s 4 F# M T LongLLaMA, [6] B &5 B 5m 8 ) &, 5
Longl.LaMA #f Ht . MemLong Al Z: 240 (200 M vs. 0.3B)
RS 1 0. 5B vs. SBYEEALA L, 33X [ABEEIE T A% 3¢
I A I FH A0 B A 2 A8 AR B 5 TR R E R T B E KR
Ul 25 S IR N L T AT RE A Ak A R IR e

F 2 7 4-shot M 20-shot ZxfFF Y 5 A FARIE T BMEAE 55 T i TCL A i B2
Table 2 Accuracy of 4-shot and 20-shot ICL on 5 NLU tasks

%)
Model In-Context In-Memory SST-2 I\{IR Sijj SS‘T*S MI?QA Avg

# Demons. = Demons. ACCHA ACCHA ACCHA ACCHA ACCHA
OpenL.LaMA 4 - 90. 7 84.0 58.2 41.0 70.5 68.9
w./ RAG 4 4 90.9 90. 5 61.6 39.2 64.2 69.1
LongL.LaMA 4 4 90. 4 83.9 64.3 40.0 64.2 68. 6
MemLong 4 4 91.5 84.5 61.5 41.4 70.2 69.8
LongL.LaMA 4 18 91.4 87.1 59.1 41.0 64.5 68.7
MemLong 4 18 91.0 89. 6 61.7 43.5 69.4 71.0
OpenL.LaMA 20 - 93.6 91.2 55.4 38.2 66. 4 69.0
w./ RAG 20 18 92.2 91.3 75.8 39.8 57.6 71.3
LongL.LaMA 20 18 94.1 90. 8 64.2 41.4 72.1 72.7
MemLong 20 18 93.5 93.8 65.8 43.3 70.6 73.4

5 HRASELE

51 NGESHMEENER RN

THENSEEE 1 A 3R JZ (0150 X AR 1 1 R 1) 52

ARG BR 2 O R BE Y B2 HE— 2P IR AS TR
SCOTETEZR M MemTrm of B 38 53 Aii fi 7% 7] 88 b 009 A7 24
QT I 3 o AR 3C & T A 3 A Al B B 3 — b R B AS B i e T 5%
W 4 iR . 55T Memlong B9 2 A [ Y1 25 56 W AR LL A%
2 (B 4 THER, AUSR — Rl BRI ZRokme iR E 8 T
MemTrm #9008 75 30 B 25 BT A A5 8L 2 80 OF R P ie 12 )2
ZIRW A JE 2 B0 FO TE P RE A S0E B F ISR I
H 45 3 B R b TR SCET SR M S AL RO B E . 5 SO
TR 2 T 4 R B B PR RE R B
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Fig.4 Degree of PPL during the training phase
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TG 4 R AR SR L 2 R R R 3

mE 4 afag) MmE 3(RLP+TH) iR . Ko R IZBEE
e P B LR A6 5C 0 o MemLong 6 10 %% 2 12
AL13,17,21,25 EREIS Bl . BB R KA RE L
FIABRI A L2 2 RBOREARN R 88 T X CEE T
R o DRI , 7635 25 1) A 0] [0 B N 2 R A R 2 92 B LT DL o
LR ) g

%3 AR RIZEX MemLong P 8 1) 5
Table 3 Impact of different retrieval layers on Memlong

performance

PG19 Proof-Pile
2000 4000 8000 2000 4000 8000
MemLong * 10.09  >1000 - 3.18  >1000 —
w. RA+TA 11.43 11.40 10. 36 3.51 3.26 3.14
3
3

Method

w.RA+TH  10.57 10.48 10.36 .30 3.26  3.15
w.RP+TH  10.28 10.15  10.12 .21 313 3.08
w.RLP+TH 9.85 9.83  9.80 3.21  3.13  3.08

G ARICA * B MemLong /R AN HCAZ #EAT PEAS . B ICAZ 09 BT A 5 i
AR/ B 327685 RA KRR B BT AT L2 AT 3 TA Fom Ik T A
SR AR VRES s RP R #5500 19 1 J2 BEAT R 3R RLP ROR 5 4R A i 1
RHATRR.
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6.1 KETXIBEEER

KEPFTESHEBEERETREYT RMETFTXELY
VAT TH . KEY RUFSE F LT Z W B RoPE 45k
WEFE T4, & FE R 8 2 U0 254 B 1% S A e 5 28 11 25 30 )
FTA 35 04 7 F 25 (A b, X 8 T fE (U RoPE, Alibi™*, Pi,
Yarn) ({45 A0 7 4 B b B b BE 8 02 Ak B ok UL A G 1Y
AT S5 0 1 2 ek R v T B K B R AN ERE . AHELZ T,
ASLT7 R TCHT X PE BEAT B, AL 51 A — A~ B fin A58 e B T
ST YR
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6.2 MEWBIEFES

TEK: R 1 58 15 5 &M% (Retrieval-Augmented Language
Modeling) 4503k . BF 58 & 7t 7 H R S5 Iy 42 0 T 2 Fh )5 ik .
RAG, FID®", In-Context RALMF", GenRead™" #l Self-
RAGP™ , JRAE X2 )y gk th A7 — 3 40 5 Bh T 4 F Ay & 2%, 11
S BIB N ER S B T AR L AR S 80k i 4F R E
VLB RS i MemLong % 3 T 8% &R AL & 2 il AR
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