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Abstract: Internet of things (IoT) sensing data commonly suffers from data sparsity issues due to multiple factors in-
cluding deployment costs, environmental constraints, and equipment failures, severely limiting the overall performance of
intelligent sensing systems. Most existing imputation methods rely on labeled data for supervised training, resulting in se-
verely insufficient generalization capabilities when facing “cold start” scenarios in new environments, failing to meet the
practical demands of rapid IoT deployment and cross-domain applications. This paper introduces, for the first time, the in-
trinsic reasoning capabilities of large language models (LLM) into the spatiotemporal data imputation domain, proposing
the Zerolmpute framework based on multi-agent collaborative reasoning that achieves a paradigmatic shift from traditional
“data-driven learning” to “knowledge-driven reasoning.” The core innovation of this method lies in constructing a collabora-

tive reasoning system comprising specialized task-oriented LLM agents: the temporal analysis agent is responsible for se-
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mantic understanding and reasoning of complex temporal dependencies, capturing forward evolutionary trends and back-
ward constraint conditions through bidirectional sequence modeling; the spatial analysis agent focuses on modeling and
parsing dynamic spatial relationships, achieving precise identification of time-varying spatial correlations through temporal
context guidance; the imputation decision agent integrates multi-source semantic knowledge and employs adaptive weight
fusion algorithms to complete final intelligent imputation decisions. Each agent achieves deep understanding of complex
spatiotemporal patterns through semantic knowledge representation and logical reasoning, transforming traditional numeri-
cal computation problems into semantic reasoning tasks that can be collaboratively processed by multiple agents, thereby
overcoming the limitations of single models in handling complex spatiotemporal relationships. The framework possesses
significant technical advantages: first, it achieves true zero-shot generalization capability, enabling direct deployment with-
out requiring any domain-specific training data; second, through multi-agent specialization, it enhances the identification ac-
curacy and reasoning quality of complex spatiotemporal patterns; third, it exhibits excellent interpretability with transparent
agent reasoning processes, enhancing system trustworthiness; finally, plug-and-play deployment substantially reduces tech-
nical barriers and deployment costs for practical applications. Comprehensive evaluations on three real-world IoT datasets
demonstrate that Zerolmpute achieves at least a 4.5% performance improvement in MAE compared to the best-performing
specialized deep learning models under strictly zero-shot, zero-training settings. Moreover, the method exhibits robustness
across different missing rate scenarios, effectively addressing critical practical challenges including rapid deployment in
new regions, cross-domain data imputation generalization, and efficient deployment in resource-constrained environments.
This research pioneers a new paradigm of multi-agent collaborative reasoning for spatiotemporal computation, providing
novel technical pathways for the spatiotemporal data imputation field and offering crucial technical support and theoretical
foundations for advancing IoT technology adoption across broader industrial applications.
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Step2

Provide imputation strategy for ing values (NaN)
based on learned temporal and spatial patterns.
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The PEMSO08 dataset is a traffic flow dataset collected by ---
This dataset contains data collected by 170 sensors, which
are distributed at different locations and collect data every
five minutes for 62 consecutive days:--

ok
[Task ]: Analyze the temporal patterns (how values change over time) for the
given spatial location.

ok

[Data Format]: Time x Space, each sequence shows how one location
changes over time- -+
Hokx

[Analyze]: Temporal trends, seasonality, smoothness, autocorrelation, and
temporal dependencies.
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OB AR B AH G, B 3 220 S 76 A B AR A b =
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FRIE) 45 . B 25 WG 1 28 (B RRAIE 2 ) 1) e i o 2 — A
AlE T I ER SCE B S AR E, 2R IEA R
Ry I ) SR i P T i Np S K
X 253 ) 5 2 ) Sl A5 52 M AL, Sk i 65 v H A b 4 2L
TEE M FENS REXEE.

4.3.3 JREANREK

AR R B 07 T8 22 4k FE AR AR A5 B Rl RS
B R R G AEA T T . 125 REARE T30 OB 119 11 38 I A
AT ALH], MR Rt s 1R SO R A sh A A
AN TRV REAR YR 1) BT AR A R, 52 B DA [ 0 AN EE il 5 1) 5 B
feHe SRl A AR A PR A

JAb I R A i A ALAE = AN [R) 4 2 18 AR BRI 36
7N« R T B PR AR R B E 5 ) B ERAE 4R S E A
25 WA 25 VR HE AR B E . o F AR AR A ol 2 £
xb, AU R AR A

O=Y,xHU7Y,(x)) (8)
Hor Y, (X)) R Y () 53 591 2R 7 o B[] 418 3 A 2 (] 48 35
E£h.

i I B AT 1 A M 3 g 4 M A Y SCAR A A 8T
LLM 475347 :

A, (XM, O)_>(Wfo7wback7wspa) (9)

B ) LLM 3 A4 R - 25 3 2 w5 B S
V) 480 8L 00 25 R 5 A1, L s e A 52 B Sk ) P
FRAF , ORI B 7 3 5 0 @l SR 0 < AT ) 5 P A R
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BT R AR P BCAE R AT ZRHIE A N A
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S.b W+ Wi + W = 1
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LR 75 TR B R
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BRI AN AT -
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5 KT
5.1 XWiRE
5.1.1 HiE&E
R T B UE Zerolmpute 7E F FEAE #b I 1A %00, 3
e =A AT RS EabAT 13286, Bdn R 5 Rk 1
FIs .
R1 BiEEHRR

Hdi g PEMS08 METR-LA AQI
el ik HE PM2.5
& BN S ey AN s
TIX 4% 170 207 437
P ) 24 17 856 34272 8 760
Fisf ] 5] B /min 5 5 60
5.1.2 BE&FHiE

FA B LLM A5 AL 3 %40 4% GPT-3.5, GPT-4
GPT-40 . DeepSeek-v3. Xf Lt J7 43 45 1% 58 5t 11 27 47l #b
D5 DA R IR B 2 S (W B 2 4k ik . et 2e ik
FEEH Mean ik, BT 2 2] B2 4 kb I vl L)
HE— 20Ul 3 Ry B TR EE A B 9 5 4 (Brits) 3 T
JE A il = 7 2 [ CSDI (Conditional Score-based Diffu-
sion model) . (US-GAN (UnSupervised Generative Adver-
sarial Network) ] . 3& T° CNN B J5 3% [ TimesNet . SAITS
(Self-Attention-based Imputation for Time Series) |, & T
Transformer % J5 7% (Imputeformer) , %& F [&] 28 ) 2% 1Y)
77 15 [T-GCN (Temporal Graph Convolutional Network ) .
StemGNN (Spectral Temporal Graph Neural Network) ] L)

B T LIM 19 77 1 [GPT4TS (Generative Pre-trained
Transformer for Time Series ) |.
5.2 fAHMEREXTLE

H T PG RIS 58 A FAEA RN ST B
ZAEAMERE , BATIE =D A TP EESE B AT XS sk
5, 50— E 20% YRR BR A B T-d LR/l 2.
TR A 0 2 A R BEALIE (A&l 5 B s,
AR AL T8 A 10 YO ST RAE Y Z-Score R 1L 25 R i
7N 1 Zerolmpute (GPT-4) B i 1 73417 ) , FATT>R HT 101K
iy 13 A5 R P AL BUVE R A AN S AL DA O PEAG 25 SR 1

Rtk .
1L 1]

FRfEILMAE
s
5

ol | |

PEMS08 METR-LA AQI
Hlndle

&5 Zerolmpute (GPT-4)RAEL: B FRIEL A

22 (S IR 25 HL  m P ot A i IR as A )
Zerolmpute J7 3 78 LA GPT-40 M 15 R IL I, 78 fir 4 1
IRECE S L EBUS T e A4 A T A Al LM
FERA Tt J B0 AR PR RE R B, TR AR SE T KR
LRV B ) B s Sl A A R Rz AkEE S . 5
FEGEIRIE 2 2] D7 A B BRATT 0 Jr v R 0 i B P 34
16 MAE f8 b5 ES2E0 T 270 4.5% GRS R TF . X — 4%
LR TAHE RN LLM 18 e BRI I ) E 7 8 78 70 B
I, 38 3 0L ) S 40 BT BsF 235 R AR ASE R D R 47 L
il S BLT X A 44 B s 4O OC FR I TR R B Ao RS U
.

TR GER B2 2 T AE AR 5 NIRRT
K045 5K 2 =X A [ A )R PR M . Imputeformer 1E 2 3 T
Transformer [ J5 ¥ , 7EAT Y 2R 50HE (4 155 0 38 5 2 30
75 HAEFREAR B E T PERE B 3% T B . SAITS Hl Ti-
mesNet 255 T CNN [ 77 72 [R)RE 1o I AH B R) 8, & 4K
#T WUINZRECE 2 > B 26 80, 16 3B U 2R 10 1
B R JCI R VRN A 1 E#EALEE J) . T-GCN il StemGNN 45
PE] i 2 I 24 s i 2R T i B 1 & RS AR 1 J) BR
P BT T B A R R S Rk R S A R L (H
FEZFEARG RT3 B 45 44 1A i = cdle S 1%,
B AU ANE . M Z T IRATH il o i
PR F SN 28 (B 56 & L e T X —[al

CSDIAE AR et 0 BOE 2 Jr v, JLAE T A 58
B I RN EE 2 4 F ] PR S (AR A R 2R X — R
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R2 20%BRETAERUE=MEFE FNEBHERBIEES LR
pAEE S PEMS08 METR-LA AQI
FRER AR A MAE RMSE MAE RMSE MAE RMSE
Zerolmpute(GPT-3.5) 52.03 65.81 474 6.02 22.18 26.14
Zerolmpute(GPT-4) 42.82 58.88 4.60 5.82 14.79 23.90
Zerolmpute(GPT-40) 40.15 56.80 3.49 4.90 14.14 22.25
Zerolmpute(DeepSeek-v3) 41.82 57.76 4.12 5.66 14.52 22.37
GPT4TS™" 44.45 60.38 3.90 7.70 16.93 30.05
Imputeformer™ 42.02 58.71 4.54 8.10 20.73 34.80
SAITS? 46.80 63.71 6.91 12.95 27.34 42.66
TimesNet™ 62.21 82.96 4.039 8.00 20.50 35.22
US-GAN™ 53.01 69.55 7.04 11.46 26.21 40.01
cspr 266.63 488.23 58.74 145.34 817.77 1837.42
Brits™ 55.57 75.65 7.77 13.39 25.90 40.58
T-GCN® 62.17 86.21 9.30 14.13 25.41 44.84
StemGNN® 66.69 91.40 11.15 20.02 37.75 56.66
Mean 119.82 144.11 16.39 21.63 35.15 52.14

MG URZN 7 T Az LSS R o) Y1 40000 174 B s A4 it A
PE .Y HOSIRL Y A% O L R T2 20 Bl DA IR PR 3 S
LT ey 305 o] 2 Mok AR 3K — 5 AR 1 A UL 5 AR Vg
YA EFAT RIEAIUE , LR B8R /Y
WTEAL R AR . FEFFEA ST, CSDIRE Tl
SRl Be R 2R 0 70 A S s I, HBEHOS BEAL B 1R Tk 2
BOHEATE H LM AR g R G T SR BEAIL R A
i AE & B A AME T, 5820 0 T A% 40 AR i A
THREAG ST BURRAPE BRI .

5.3 SR

H 1 it — 2L VP4 Zerolmpute TEAN R B Mg AL L T
Y& R, FRATTIE I T BB 13 (1Y Zerolmpute (GPT-4)
b5 =R RE ARG B 1 SRR U5 1 (GPTATS (SAITS  Im-
puteFormer) #EA7 X F 70 B, 78 =S SR B s 45 F I3t
T N 10%~50% i it 2k 32375 5, A 505 R R e
PR SR

MK 6 Fr s , Zerolmpute TEEE AN R [ RILT
T B PEREDE . 1EBAR B R (10%~30%) T , REWE
T AT LI A S, e i 22 B A M 42 AR A vh i
TERUEE I AR 0 ot A 4 AN 25 2R . Rl 2 A AQI (Air
Quality Index) %5 S it it F5 B8 46 I, ZeroImpute Y 1%
22 T HoAM 7 25 . AR AR SR AR 5, Zero-
Impute fRIRORFE 158 Frii .

LR BRI G RAT LR L RATA A
AR B — e 2R AT R B 5, 70 T 0 A ) 2 32 1 5 90
Hir it A [ PREE IR RE SR HERRE T HE RO AP A 2R . X
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SRR I v g s R AR AL AR TR
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KT RINEETT .

MK 7w, Zerolmpute (GPT-4) T =5 R4 -
RIS T B A ANICR . ZEIHASE AL R B
PEMSO0S8 (caltrans Performance Measurement System 08)
A3 it e AR, HORG VT AR T SSE iy S T
PVRHE A AR 2 5 BRI GE SE B T RS X —
DIt 572 ST 0L 1w B 2 2T AL ) %) I ] 8007 < i 1 B
J 53 M 3 3k v SCAR RSTS84 A e 5
PERFAE , J5 1] B 5 20 47 D00 AR P A ke L0 A it ik ) 54 24
HAF R B DR #4525 AT AL 7 ] 1 22 B — Bk
1t METR-LA (Metro Traffic Los Angeles) WAL A TE B
P AR o, R R T A8 38 A% SRR AR I 0 e A 3 Ry
ik, MERRA AR 1 A N Y SR AE AR R R s AL X
TGS GOULINT F 235 48] PR B AR AAC B 17 I 0 A ) B AAR
) T SRR DI 38 3 e o 8 s e Ak ) b -
PR -PHUR [ A5 T SCIER A , LLM RE 6% S A A0 4 3
TG Ge 1T 7 B ME LAY 2 A AR L PRI P B . AQI
23 TR RS eI 1 5T O 52 2 ) 22 W Sl AN A J 4
AR, L4515 Y v FE R 2R b T (S8 ORI
S S 2 AL A . FRAT ik R RSB T
JfE RS E AL, 8 A R I T I T o SO S A B
RRTE AL 52 e BRSO Ty T A S R AR 3 . A e B Ty
VE AR A 3 b S A R Ay W 75 8 S, T FRAT T4 O
T RE RS I o T ORI i 22 B R AR T R
P - R - A AR TR SR R i R ) T Rk
5.5 BI=HmERIL

T HAER Zerolmpute [ ES 28 S AN , FoATTX0F
SAEAEBEAE 20% B Ok N (A AN 45 R FEAT T AR
b . ¥ 8 i i ) KTE A 7R T PEMS08 Fl METR-LA
BARLE T 2 h i E B H N 50 ML AR AL B AR SCR
LA B AQUAHEAE rh 1 o WL i 451 P 50 1 M ) ol i #) 7
FAE R 38 2ok T A WL 8040 15 4 k235 SR ) ELEE XS 1L, e
R VEAE N 28 1 S DR A RS = o B0 T ) 1 R

M ARALEE AT LU Y, Zerolmpute AR FAY T A
I B 4 () B 23 43 . AE PEMSO8 52 38 it 1 540 Hh il
DARHF T B ) R A2 TR) 43 A0 A% ) R ) 2 1 it 3 R
ARt DI 2 ) 5 5L VB BLRFAE . METR-LA %5040
RSP TN B AR I s R TR, AN ) A AR AL
BB AEAE 3 B 22 57 A 8h 484K, Zerolmpute F 4
AR AL AR T K R 25 AR ek 7R e BUE XS
RCASAR DX I A 3k 3 i A PR R T R A 2 . AQI
23 SRR R L T Y (1 2 (] SRR REAE A AN A
ANASONE 6 T B 13X Ao s ) SR AR IR AR TS
PR A SRR R

Zerolmpute J8 12 55 T 175 SCHARE ) Bsf 25 48 5 AL
il , iR T 1% 48 J5 ik AE b BT 2 i) 23 A0 O R B R DL
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(¢) AQI
B 7 20% 65T Zerolmpute (GPT-4)f i 4 kb 3 91

B AN T 252 P IS — B0 [ 80, D4 T D s 540 1) 2 W
sF 25 G546 R 0 R A A0 1 A5 B A e M O B s Bl
AN T HERS F AR B A RCR
5.6 EEHHEDOKNGH

RHAEGE b x k¥ B O SEOHEAMERE R, 3R
AT T %0 0 R/ BUBPE S0 M . 4 iE1 9 BT/, SE 56 152
T EE T R ETE 1~4 5B N B R G L, IF5] AREHL
FI L (shuffle ) (14X b 52 56 2 50 1F 25 0] 25 #4) CR45 X 4 &b
PERE A

SIS R o T AN R BCHE SR 6 1 ST SR
F2% SALERIE . PEMSO08 F METR-LA 3238 i it B 4 1
k = ARHRBIERARYERE , 17 AQI 28 S B AR AR 1 | = 21}
FHAE . XFP 25 SR i AR 7 B B R s e TR
[F] s} 25 22 48 1) P9 25 (R AR AR A - 2 D) 45 5030 i
A TR 1 a5 B AT 6 2 2% 19 22 R G 4 R I 45 % T 34
DN e BB R 1A 253 ) 1A 11 f 70 0 4 AR A 2 TR AR G
FORAZ 3 P A RS 2 A L 22 I W I Sl
FEI KT FR Y Ryt 2 ) A AR AL, BN
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(¢) AQI

T GPT-4)A I 28 1 b 22 020 A Do e 5l A e S
K8 20%EkFT Zerolmpute

—o— PEMS08
50 —0— METR-LA
—— AQI
40

230
=
20
10
0
k=1 k=2 k=3 k=4 Shuffle

B9 RIR]HE B 1R/ kX M RE A2

IR AN AT B8 25 [ &R L OC 2, X BT A1 =5 [l i
BHEATBEHLEF- I BT A R SR A PERERR L T
T BE SR AMSCR AT IR RS AE AT H 32 L N, JX —
BEA UEW] T LLM (58 Rz AL BE 1 AL E-p . B4l
7523 (B 25 A0 15 B8 R i 16 B0 T, LLM A3 fig
{368 1 UM AP 5] b A 9 AR R AT BEAE BT
5.7 XEBEEREMENRE

FET LLM A N7k A REPEAS I B O T3
5 A 52 B LI B TR BT AR AL B RE T .
SR LLM R 1 P01 e 2 Bt 1) 2B e =, it B4 1

AT B AN E A BT I B, AT A
ICERECHN S S UE T LLM iR 4 e

SR, FATTE T 7 R BAT AR B AR 8 A
PRE, BE SR T L 0 R AR 2 TR« g SO 0 e R R
PRI R PR E 5% PR Sigmoid PRI XL R B LA B
TURPREL . XS R R AR TR K AR kA
16 RIIYENR G R AR S A R O R 254 . SE 5
Bl e S FEAN P 10 s, 16 5, A8 BE SR 74~ 2E Bl
PREIC R BE AL B — 1 D LSS FE 9 X TR 9 A
Ji 100 4Kt 5 SR, 8 i BEPLRAEAE 7 51 51K
SE LE AR R AL , AU LS T 373 35 P B A 52 B 0L 5
e, B WS A REL e 51 32 (] 7 4k 32 pR K ik — (]
B LLM, BRI L TR 58 845 R R AT PR A 1R
S B JER T IR R AR 55 R 80T il A5 R AR Y
7] FEE 25 | 5 LLM R4 7 4 FHLH T

/ﬂmctions ={

'gaussian_wave'": lambda t: np.exp (—5 * (t—0.6) ** 2) * np.sin(20 * (t—
0.6)).

‘exp': lambda t: np.exp (2 * t),

'linear': lambda t: 0.3 + 0.5 * t,

'sine': lambda t: np.sin (40 * t + 3),

'sigmoid": lambda t: 1 / (1 + np.exp(—4 * 1)),

'log’: lambda t: np.log (1 + t),

'square’: lambda t: 3 * (t —0.6) ** 2
}

selected_function = random.choice (list (finctions.keys ()))
selected_function = functions[selected _function]

t = np.linspace (0, 1, sequence_length)

original sequence = selected_function (t)
sequence_with missing = original sequence.copy ()
num_missing = int (sequence_length * missing_ratio)

# BEHLE AL E B INaN
missing_indices = np.random.choice (sequence_length, size=num_missing,
replace=False)

Qequenceﬁwithﬁnﬁssmg[nﬁssm&mdices] = np.nan /

K10 FPalA e

[Task]: Given the series ~Scrics> with missing data, carefully
analyze the series. Use your observations to identify which of the
functions is most likely to have generated it. Reason your way to a
solution and at the end give give a name as your answer such as
‘Answer: gaussian_wave’.

Hhk

[Function]:

gaussian_wave, exp, linear, sine, sigmoid, log, square

El 11 4155 prompt 714

FATHE GPT-4 ., Claude Sonnet 4. DeepSeek-v3 a3
TRTH FH AL EHT T 2R E R S . SR AR R,
BRI 7 50% Ry k25 26T, Bl i ) LLM ¥ fg 6% 3k 3]
100% HIPUIIMERS F . X — KRB ATSMIESS T LLM B4
BT, AN 58 5 (0 B T 91 v o 0 52 OGS 235 4 Ak AR
MY RE T, AL GG e n U] D S A AR R
WAE A9 A6 LA S A AR A Al T D S A, X
BT i LI A RRAE B 4 BE 07 O LLM 7E I 28 4+ M 55
H LS R IR AL T IR ST B S
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PR, I LUK 52 1 T 4% 52 05 120 R ARSI R 8540 1
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