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Figure 2: Method overview. Left) At training time, we employ SVF and RL to learn the “expert
vectors z’s that scale the singular values of the weight matrices. Right) At inference time, we propose

three distinct methods to adaptively select/combine the learned expert vectors.
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For example, suppose SVD decomposes a weight matrix into five components [A, B, C, D, E]. For a math task, the learned z-
vector might be [1, 0.8, 0, 0.3, 0.5], meaning that component A is critical for math while component C hardly affects its
performance. For a language understanding task, the z-vector could be [0.1, 0.3, 1, 0.7, 0.5], highlighting that component C

is essential for this task despite being less useful for math.
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Table 1: Fine-tuning results. LLLM performance on the test splits of math,
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coding and reasoning. Normalized scores are in the parentheses. E E-’E::mﬁ
Method GSMSK MBPP-Pro ARC-Easy
LLAMA3-8B-INSTRUCT 75.89 (1.00 64.65 (1.00) 88.59 (1.00 a5 -
+ LoRA T7.18 (1.02) 67.68 (1.05) 88.97 (1.00)
+ SVF (Ours) 79.15 (1.04) 66.67 (1.03) 89.56 (1.01) an
MISTRAL-7B-INSTRUCT-V0.3  42.83 (1.00) 49.50 (1.00) 81.65 .00
+ LoRA 44.66 (1.04) 51.52 (1.04) 81.19 (0.98) 35+
+ SVF (Ours) 49.74 (1.16) 51.52 (1.04) 85.14 (1.04)
LLAMA3-70B-INSTRUCT 85.29 (1.00) 80.81 (1.00) 89.10 (1.00) ™ 7ectvoa OkVQA
+ LoRA 77.26 (0.91) 68.69 (0.85) 88.55(0.99) Figur& 5 Results for

+ SVF (Ours) 88.32 (1.04) 80.81 (1.00)

88.47 (0.99)  the VLM domain.
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Table 2: Self-adaptation on unseen tasks. Normalized scores are in the parentheses.
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Llama3-8B Mistral-7B

Method

MATH

Humaneval

ARC-Challenge

LLAMA3-8B-INSTRUCT 3
+ LoRA
+ Transformer? (Prompt)
+ Transformer” (Cls-expert)
+ Transformer? (Few-shot)

24.54 (1.00)
24.12 (0.98)
25.22 (1.03)
25.18 (1.03)
25.47 (1.04)

60.98 (1.00)
52.44 (0.86)
61.59 (1.01)
62.80 (1.03)
62.99 (1.03)

80.63 (1.00)
81.06 (1.01)
81.74 (1.01)
81.37 (1.01)
82.61 (1.02)

MISTRAL-7B-INSTRUCT-V0.3
+ LoRA
+ Transformer? (Prompt)
+ Transformer? (Cls-expert)
+ Transformer® (Few-shot)

13.02 (1.00)
13.16 (1.01)
11.86 (0.91)
11.60 (0.89)
13.39 (1.03)

43.29 (1.00)
37.80 (0.87)
4390 (1.01)
43.90 (1.01)
47.40 (1.09)

T1.76 (1.00)
75.77 (1.06)
72.35(1.01)
74.83 (1.04)
75.47 (1.05)

LLAMA3-70B-INSTRUCT
+ LoRA

+ Transformer? (Prompt)

40.64 (1.00)
25.40 (0.62)
40.44 (1.00)

78.66 (1.00)
73.778 (0.94)
79.88 (1.02)

87.63 (1.00)
83.70 (0.96)
88.48 (1.01)

Figure 7: oy, learned weights.
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Table 3: Time cost of 2-pass
inference in prompt adaptation
strategy of Transformer” for the
entire problem set. 1st to 2nd pass
inference time ratios are shown in

parentheses.
Task Ist(s) 2nd (s)
MATH 42.64 (13%) 321.19
Humaneval 2.76 (19%) 14.28
ARC-Challenge  13.40 (47%) 28.51

Table 4: Ablation studies. We fine-tune LLAMA3-8B-INSTRUCT on the GSMS8K training split with

% PEKING UNIVERSITY

different settings and the results on the test split along with zero-shot transfer results on MATH.

# Method Objective Function Module #Params () GSMSK (1) MATH (1)
0 LLAMA-3-8B-INSTRUCT 75.89 (1.00) 24.54 (1.00)
1 SVF Policy gradient MLP 0.39M 78.62 (1.04)  24.20 (0.99)
2 SVF Policy gradient attention 0.16M 76.19 (1.00) 24.20 (0.99)
3 SVF Policy gradient MLP + attention 0.58M 79.23 (1.04) 25.04 (1.04)
4 SVF Next token pred attention 0.16M 60.50 (0.80) 18.52 (0.75)
5 LoRA Policy gradient attention 6.82M 57.92 (0.76) 15.72 (0.64)
6 LoRA Next token pred attention 6.82M 77.18 (0.98) 24.12 (0.96)
7 LoRA Next token pred MLP + attention 35.13M 75.66 (0.96) 22.12 (0.91)
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Titans: Learning to Memorize at Test Time
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Figure 2: Memory as a Context (MAC) Architecture. This architecture includes three branches of (1) core, (2) contextual
(long-term) memory, and (3) persistent memory. The core branch concatenates the corresponding long-term and persistent
memories with the input sequence. Next, attention performs on the sequence and decides what part of the information
should store in the long-term memory. At the test time, parameters corresponds to contextual memory are still learning,

parameters corresponds to the core branch are responsible for in-context learning, and parameters of persistent memory
are responsible to store the knowledge about tasks and so are fixed.
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Titans: Learning to Memorize at Test Time

Table 1: Performance of Titans and recurrent- and Transformer-based baselines on language modeling and common-s
reasoning tasks. Hybrid models are marked with *. The best results among simple and hybrid models are highlig]

Accuracy (%)

Model ‘ Wiki. LMB. ‘ LMB. PIQA Hella. Wino. ARC-¢ ARC-c SIQA BoolQ Avg
ppll ppll | aceT  aceT acenT  accT ace | ace nT  aceT ace T T
3400 params [ 158 tokens
Translormer++ 3152 4108 | 3076 6298 34.76 50.53 45.21 2405 36,81 5824 4292
RetNet 32500 4973 | 28.24  62el 34.15 50.91 44.27 2362 3679 5972 4254
GLA 2851 4302 | 2873 6405 3596 50.00 5419 2429 3713 5839 4409
Mamba 3083 4021 | 2994 6379 35.88 49.52 49.24 2456 3541 6007 4359
DeltaNel 28.65 4730 | 2843 6352 3595 49.63 52.68 2537 3796 5879 4404
TIT 2744 3419 | 3006 6397 35.71 50.08 53.01 26.11 37320 5983 4451
Galted DeltaNet 2701 3094 | 3411 6508 38.12 51.60 55.28 26.77 3489 5954 4542
Titans (LMM) 2618 2997 3498 6473 39.61 51.85 55.60 25.14 3452 5999 46.17
Titans (MAC)* 2543 2813 | 3600 6532 40.35 51.21 5817 2900 3863 6018 4736
Titans (MAG)* 2507 2872 3671 6488 40.56 52.49 5772 28.16 3975 6001 4754
Titans (MAL)" 2469 28380 | 3574 6497 39,44 51.97 56.58 28.21 3814 5732 4655
4000 params [ 158 tokens
Translormer++ 3063 3737 | 2964 6427 37.72 51.53 54.95 2736 3807 6159 4504
RetNet 2992 4683 | 2916 6523 36497 51.85 5601 2755 37300 5966 4547
HGRN2 32.3% 0 4704 | 2612 6452 3545 52.24 55.97 2551 3735 5902 4452
GLA 2796 36.66 | 27.86  65.94 3741 49.56 56.01 2636 3894 5984 4524
Mamba 2922 3988 | 29.82 65.72 37.93 50.11 58.37 26.70 3776 6113 4594
Mamba2 26.54 3319 | 3203 65.77 39.73 5248 59.00 2764 3oz 60.72 46.91
DeltaNel 2769 4404 | 2996 6452 37.03 50.82 56.77 27.15 B2z 6009 4557
TTT 2611 3152 | 3325 6570 39.11 51.68 58.04 2599 3826 5987 4686
Gated DeltaNet 2547 2924 | 3440  65.94 40.46 51.46 59,80 2858 3743 6003 4726
Samba* 25.32 20.47 36.86  66.09 39.24 51.45 a1 27.20 508 58.22 47.23
Gated DeltaNet-H2® | 2419 28.09 | 3677  66.43 40.7% 5217 59.55 2909 304 5856 47069
Titans (LMM) 2503 2899 3521 6585 40.91 52.19 5997 2920 3874 6085 4783
Titans (MAC)* | 2561 2773 | 3692 6639 41.18 52.80 60.24 2069 4007 6193 4865
Titans (MAG)* 2359 2781 37.24 G680 40,92 53.21 a0l 29.45 3991 6lE8 4860
Titans (MAL)* | 2393 2789 | 36,84 6629 40.74 52.26 59.85 29.71 3802 SE40 4787
7600 params [ 30B tokens
Translormer++ 25.21 27.64 3578 6692 4219 51.95 638 3246 3951 6037 48.69
RetNet 2608 2445 | 3451 6719 41.63 52.09 63.17 32.78 3B36 5TMZ 0 4846
Mamba 2812 2396 | 3280 66004 39.15 52.38 61.49 30.34 3796 5762 4722
Mamba2 2294 2837 | 3354 6790 42.71 49.77 63.48 3109 4006 5815 4834
DeltaNel 2457 2460 | 3706  66.93 41.98 50.65 64.87 3139 068 59.02 48.97
TIT 2417 2351 3474 6725 4392 50.99 64.53 3381 4016 59.58 4732
Galted DeltaNet 2118 2209 | 3554 6801 44.95 50.73 66,87 3509 3921 5914 4969
Samba’ 20063 2271 | 3972 6919 47.35 52.01 66.92 35.20 3898 6124 5108
Gated DeltaNet-H2* | 1988 2083 | 39.18  68.95 48.22 5257 67.01 35.49 3939 6111 51.49
Titans (LMM) 20004 21.96 3740 6928 48,46 5227 G631 35.84 40,13 62.76 51.56
Titans (MAC) | 1993 20012 | 3962 T0de 49.01 53.18 6786 36.01 41.87 6205 5251
Titans (MAG) 1861 1986 4098 7025 48.94 52.89 68.23 36.19 4038 6211 52.50
Titans (MAL) | 1907 2033 | 4005 6999 48.82 55.02 67.54 35.65 3098 6172 5097

Model S-NIAH-PK S-NIAH-N S-NIAH-W
2K 4K 8K 16K 2K 4K 8K 16K 2K 4K K 16K
TTT 084 988 980 884 602 366 102 44 T8E 280 44 0.0
Mamba2 986 614 310 54 984 558 142 0.0 422 42 0.0 0.0
DeltaNet 96.8 988 986 714 472 154 128 54 462 200 16 0.0
Titans (LMM) 998 984 982 962 100.0 998 934 80.2 904 894 858 B80.6
Titans (MAC) 99.2 988 99.0 984 996 982 976 974 982 982 956 952
Titans (MAG) 994 98.0 974 974 992 988 97.2 98.6 98.0 980 90.2 B88.2
Titans (MAL) 988 986 988 978 998 981 968 964 980 974 920 904
@~ Llamal, ¥ GPTA & RMT-FT
e~ Titans (MAC) ¥ RecurrentGemma-98 = GPT4 - Qwel &— GPT40-mini —&— Titans (MAC)FT
& Mambal.BBE & Gemma-9B @~ GFT40-mini +- Llama3.1-8B + RAG Mamba-FT
+- RWKV-6-7B Llama3.1-88 100 PRSI
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Table 2: Performance of Titans and baselines on S-NIAH task from RULER benchmark. The best results among simple
and hybrid models are highlighted.

Figure 6: Performance of Titans and baselines on BABILong benchmark. Titans (MAC) outperforms all baselines, including
extremely large models, e.g., GPT4.
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Figure 7: The effect of memory depth on the perplexity. Deeper long-term memory results in better scaling in longer

sequences.
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Table 5: Ablation Study on Titans. All components of Titans are positively contributing to its performance.

Language Modeling Reasoning Long Context

Model ppl | acc T acc T
LMM 27.01 47.83 92.68

+Attn (MAC) 26.67 48.65 97.95

+Attn (MAG) 25.70 48.60 96.70

+Attn (MAL) 25.91 47.87 96.91
Linear Memory 28.49 46.97 85.34
w/o Convolution 28.73 45.82 90.28
w/o Momentum 28.98 45.49 87.12
w/o Weight Decay 29.04 45.11 85.60
w/o Persistent Memory 27.63 46.35 92.49
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MoM: Linear Sequence Modeling with Mixture-of-Memories

Method Memory Update Rule

Lincar Attn M, = M,_| + krvt

Lightning M, =~M;_ 1 + k! v,

RetNet M; =~vM;_1 + k! v

GLA M; = (a{ 1)M;i—1 + ki v

DeltaNet M, = (I — k] k)M, +bklv,
G-DeltaNet M, = ai(I — kI k)M, + bk] v
Mamba?2 M, =a, M, + htkf'vt

HGRN2 M, = (a{ )M, 1+ (1 —a) v
TTT M; :Mg—l +bzv5(Mg_1;kL,U;)
Titans M, =a M1 + b VI(M;_1; ki, vy)

Table 1: Memory Update Rules. We demonstrate that
several current linear sequence models can be viewed
as recurrent models in terms of memory updates, where
at, by € (0,1) are data-dependent scaler, a; is data-
dependent vector, and + is a data-independent constant.

M = /M + (k) o € RO
M, =g M" € R,

O = QtMt S Rd?

Output
t

*  Matmul

P

Shared

Memory I
N

KV Proj 1

topk=2

Local KV Memary
Shared KV Memaory

Input Hidden

Figure 1: Framework of MoM. Each input token selec-
tively activates and updates X' memory states, leaving
non-activated memory states unchanged to avoid inter-
ference from current input. Additionally, we introduce
a continuously activated shared memory. This figure
presents the basic memory update mechanism; other
mechanisms involving gating or more complex updates
follow a similar approach.
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MoM: Linear Sequence Modeling with Mixture-of-Memories

Scale Model FDA SWDE SQUAD NQ TriviaQA Drop Avg.
340M Params Transformer++  46.14 2587 33.22 18.94 4597 20.03 31.70
15B Tokens RetNet 590 9.8 2241 691 40.05 1859 17.19
L=24, d=1024 HGRN2 1153 1734 2408 1267 4384 1735 21.14
GLA 1126 1678 2785 1277 4390  17.68 21.71
GSA 636 1687 2190 1460 4218 1672 19.77
Gated DeltaNet 2053 2324 2855 1498 4491 1648 2478
MoM 3079 2605  29.63 1384 4479 2041 27.59
1.3B Params Transformer++1 4432 3243 42.59 24.49 58.47 21.56 37.31
100B Tokens RetNet' 13.62 2259 3346 1543 5379 1979 2645
L=24, d=2048 HGRN2' 1235 2324 3319 1910 5527  19.65 27.13
GLAT 2761 3093 3504 2227 5628 1945 3193
GSA' 2325 3280 3557 2296 5705  20.65 3205
Gated DeltaNet ~ 30.25  27.65  34.06 2322 5823 2036 32.30
MoM 4114 3430 3708 2411 5859  21.03  36.04

le 2: Results on Recall-Intensive Tasks. All inputs are truncated to a maximum length of 2K tokens. MoM
ificantly outperforms all other linear models across both model sizes. In the 1.3B model, MoM even achieves

ormance very close to that of Transformer models.

) e 7

PEKING UNIVERSITY
Wiki. Lamhb. | ARC-e ARC-¢c Hella. Lamhbh. PIQA Wino.
Scale Model ppll ppll accT acc,T  acc,T  acct atl:uclT‘ acct Avg.
340M Params  Transformer++ 2688 7646 | 4491 2594 3495 2690 6431 5107 4135
158 Tokens RetNet 3107 8711 | 4449 2304 3386 2393 6349 5233 40.19
1=24 d=1024 HGRN?2 2790 7740 | 4524 2363 3561 2474 6545 5406 4146
GLA 2878 7995 | 4453 2227 3484 2494 6393 5138 4032
GSA 2817 8250 | 4550 2423 3500 2402 6485 5043 4067
Gated DeltaNet 2647 5859 | 4604 2355 3518 2701 6605 S083 4144
MoM 2600 5125 | 4613 2415 3591 2826 6561 5257 4211
1.3B Params Transformer++'  17.61 1929 | 55.01 2807 4921 4095 70.08 5627 4993
1008 Tokens RetNet' 18.18 2197 | 5749 2688 4809 3775 6937 5328 4881
L=24, d=2048 HGRN2? 1732 1565 | 5833 2807 5193 4231 7133 5201 5066
GLA' 17.61 1966 | 55.1% 2756 4889 4003 6986 5391 4924
GSAT 1669 1602 | 5833 2833  S509% 4203 7225 5343 5089
Gated DeltaNet  17.14 1880 | 56.82 2739 4977 3994 7176 5178 4958
MoM 16.64 1483 | 5535 2799 5095 4343 7127 5683 5097

Table 3: Results on Common-Sense Reasoning Tasks. The performance of linear models and Transformer models
is comparable; however, MoM consistently achieves the best average performance across all model sizes.

1

Latency Time (second)

Figure 2: Efficiency of MoM. We demonstrate the in-
ference time and GPU memory consumption required
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