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Chronos

A language modeling framework v probabilistic by design
for time series data ¢/ requires no changes to the language model
that encodes time series into discrete tokens architecture or training procedure

and trains a language model on them

Scaled Historical Time Series Probabilistic Forecast

A

Language Model sampling

\ \
: N - ] i i autoregressive [
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Predicted Tokens

Context Tokens - 4

Ansari, A.F., et al., “Chronos: Learning the Language of Time Series”, TMLR, 2024.
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Baselines

Pretrained Models

single model used across all tasks

e LLMTime

e ForecastPFN
e Lagllama

e Moirai

goes here

[ CHRONOS ]
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Task-specific Models

separate model trained/fine-tuned for each task

e PatchTST
e DeepAR
e WaveNet
e TFT

e DLinear
e NBEATS
e NHIiTS

e GPT4TS

Local Models

separate model for each time series

Naive
SeasonalNaive
AutoETS
AutoTheta
AutoARIMA



Benchmarks

Benchmark |

15 in-domain datasets for CHRONOS

+ Electricity (15 Min.)
+ Electricity (Hourly)
+ Electricity (Weekly)
« KDD Cup 2018

« M4 (Daily)

+ M4 (Hourly)

+ M4 (Monthly)

+ M4 (Weekly)

* Pedestrian Counts
+ Taxi (30 Min.)

* Uber TLC (Hourly)
« Uber TLC (Daily)

+ Rideshare

+ Temperature-Rain
* London Smart Meters
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Benchmark Il

* Australian Electricity  + M3 (Quarterly)

+ Car Parts « M3 (Yearly)

« CIF 2016 * M4 (Quarterly)

+ Covid Deaths « M4 (Yearly)

* Dominick + M5

« ERCOT Load * NN5 (Daily)

« ETT (15 Min.) « NN5 (Weekly)

« ETT (Hourly) * Tourism (Monthly)
« Exchange Rate * Tourism (Quarterly)
+ FRED-MD * Tourism (Yearly)

* Hospital « Traffic

« M1 (Quarterly) « Weather

+ M1 (Monthly)

« M1 (Yearly)

+ M3 (Monthly)



Chronos: In-domain Results

I Local Models

Chronos-T5 (Large)

I Task Specific Models

I Pretrained Models (In Domain)

0.564

I Pretrained Models (Other)

Chronos-T5 (Large) 0.695
Chronos-T5 (Base) 0.580 Chronos-T5 (Base) 0.706
Chronos-T5 (Mini) 0.598 Chronos-T5 (Small) 0.727
PatchTST 0.601 Chronos-T5 (Mini) 0.732
Chronos-T5 (Small) 0.603 PatchTST 0.740
Chronos-GPT2 0.623 Chronos-GPT2 0.741
N-HiTS 0.656 Moirai-1.0-R (Large) 0.806
N-BEATS 0.664 DeepAR 9:521
— Moirai-1.0-R (Large) 0.670 _ Wizveiet i
[T] [7] N-HIiTS 0.854
- DeepAR 0.676 b =] o
o WaveNet 0.689 © Moirai-1.0-R (Base) 0.857
= = N-BEATS 0.861
Moirai-1.0-R (B‘ase) 0.691 Diinsar 0.864
DLinear 0.697 GPTATS 0.871
TFT 0.734 TET 0.939
AIGARINA AutoARIMA 0.941
Lag-Llama 0.937 AutoETS 0.983
Seasonal Naive 1.000 Seasonal Naive 1.000
AutoETS 1.076 AutoTheta 1.129
AutoTheta 1.083 Lag-Llama 1.141
Naive 1.433 | Naive 1.484
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6
Agg. Relative WQL

Agg. Relative MASE
In-domain: 15 datasets that were part of the training corpus of CHRONOQS
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Chronos: Zero-shot Results

I Local Models

I Task Specific Models ~ W Pretrained Models (Zero Shot) W Pretrained Models (Other)
0.639

PatchTST
0.645

TFT
Chronos-T5 (Large)

0.810

0.823
Chronos-T5 (Base)

Chronos-T5 (Small)

Chronos-T5 (Large)
0.662

N-HiTS 0.830
0.667 Chronos-T5 (Base) 0.832
i N-BEATS 0.835
N-HIiTS 0.672
, Chronos-T5 (Small) 0.841
Chronos-T5 (Mini) 0.678
0.681 DeepAR 0.843
N-DEATS ' TFT 0.847
PatchTST 0.684
Chronos-GPT2

Chronos-T5 (Mini)
0.687

Chronos-GPT2
Moirai-1.0-R (Base) 0.696

0.850
)

8 Moirai-1.0-R (Large)

=

0.852
) AutoTheta 0.875
0.720 8 Moirai-1.0-R (Large) 0.876
DeepAR 0.733 = DLinear 0.894
DLinear 0.757 GPT4TS 0.895
AutoARIMA 0.761 Moirai-1.0-R (Base) 0.907
AutoTheta 0.793 AutoARIMA 0.908
LLMTime 0.804 V:a"e;_‘: g-:g;
uto B
AutoETS 0.838 LMTkie b.560
WaveNet 0,542 Seasonal Naive 1.000
Seasonal Naive 1.000 Naive 1.188
Lag-Llama 1.097 Lag-Llama 1.291
Naive 1.152 ForecastPFN 2.450
0.0 0.2 0.4 0.6 0.8 1.0 1.2 0.0 0.5 1.0 1.5 2.0 2.5
Agg. Relative WQL

Agg. Relative MASE
Zero-shot: 27 datasets not seen by CHRONOS during training
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Chronos-Bolt

More accurate and 250x faster than the original Chronos models

encode
scaling and patching

dWsS

T5 Encoder

Multistep Quantile Output

VAN
T

unscaling

) decode

-

Output Embedding Layer

~

-

1

-

i

Patch Embedding Layer

2 P\ [\N’\TUV’\[ REG

f

AWWWY

Historical Context

\4

T5 Decoder

-

Chronos-Bolt

Chronos

1
BOS

Input (tokens)
Output (forecast)

Loss function
Context length

Inference device

Patches

Multi-step quantile
forecast

Quantile loss
2048
CPU or GPU

Individual observations

Autoregressive sampling

Cross-entropy loss
512
GPU

Ansari, A.F., et al., “Fast and accurate zero-shot forecasting with Chronos-Bolt and AutoGluon”, AWS Technical Report, 2025.
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Chronos-Bolt - : 250x faster than Chronos

dWs
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Chronos: zero-shot results

Forecast Error
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Chronos-Bolt: zero-shot results

Forecast Error
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Long-term Behavior on Chaotic Systems

70 NBEATS
Transformer
§ 0.8
3
tin
5 06- P
g LSTM
£ +
S 04+
©
E NVAR
[ +
0.2 1
Zero-shot
tiny mini base large 0.0 : ; . __ Ealy-red
00 02 04 06 08 10 12 14
Valid Prediction Time
1004 — Parrot —— Parrot
A B —— Chronos 6 —— Chronos
ChronosBolt Chronos Bolt
g . TimesFM 05 TimesFM
g %07 L —— TimeMo 2 | — TimeMoE
f\ z o £ imeMo
8 < ..: 4 -
£ = g
3 0251 L 5 i
5 = 50 ;3
k] = —
[ | n29 e
8 0.0 >
& 17
‘\OQ Z
) _ __— -
0 -
0 T 1 1 1
10~ 100 10! 102 108 10*
Time (Lyapunov times) Context length

Zhang, Y. et al. "Zero-shot Forecasting of Chaotic Systems," ICLR, 2025.
Zhang, Y. et al., “Context parroting: A simple but tough-to-beat baseline for foundation maodels in scientific machine learning”, arXiv preprint arXiv:2505.11349, 2025.

dWsS

\/‘7

© 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.

12



Design Choices of TSFMs

Yu, A. et al., “Understanding the Implicit Biases of Design Choices for Time Series Foundation Models”, arXiv preprint arXiv:2510.19236, Under Review, 2025.

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
N7

13



Inductive Biases Overview

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved
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How Do TSFMs Learn Time?

dWs
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Temporal Frequency Bias

a. Forecast of Chronos-Bolt b. Frequency Losses c. Attention Scores of Each Patch
. Low Frequency Loss High Frequency Loss
[] = ] ||

|
1

1.01

24
L') 14 forecast . | g .
5 of i m| 2 2
g—l- ! & g. 051 ']
-2 il 1 '
E 8
EUE LI EER A ¥ KX
2 b E ®
o 1] Il _g‘ @
= . i 9 £ 05+ .
8 1, ¢|’ully g g :
a 0 |l“mrﬂﬂ i B [ | 1
g " il ~1.04 ° N
P -1 U‘ [y a ®  low-freq patches
2 | g #8  high-freq patches
400 450 500 550 00 02 04 0.6 0.8 1.0 -3 -2 -1 0 1 2 3
frequency loss first principal component

@ Models with larger patch size k captures only the low frequency mode
@ Chronos-Bolt kK = 16 fails at capturing high-frequency information

@ Attention scores are heavily dominated by the low-frequency patches

aws
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Frequency Bias: Good or Bad?

Fréquenc'y — GOOD

Chronos-Bolt (k = 16) Chronos-Bolt (k=1)

Frequency — BAD

g e
\ \w{‘ “I l ||
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Temporal Periodicity Bias

a. Autocorrelation in Transformer OQutput b. Principle Components of Encoded Context
e TimesFM Chronos-Bolt (with [REG])
Chronos-Bolt (no [REG]) Moirai
1.0
§
. )
£ 2
: E
+~—
E
100 150 200
motif start index
¢. Best Matching Score of the Last Motif
2000
i patch size = 1
1000 4
] <)
0 2
2000 o
| WEEE patch size = 16 -
0.98 0.985 0.99 0.995 1.0 0 100 200 300 400 500
maximum autocorrelation time

Controlled by alignment of patch size k with underlying recurrent motifs
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Periodicity Bias: Good or Bad?

dWsS
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Periodicity — GOOD

\ﬂﬂ/\ﬂ;

Chronos-Bolt

I 1)
||
\/\/\/ \ |
W |
\

\Aﬂ/\

TimesFM

|

Periodicity — BAD
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How Do TSFMs Learn Geometry?

dWs
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Design Choice: Embedding Type

Quantization Continuous Embedding

1 \\}\W///

¢ R* — R4

/]

NN

VoY L

YN N NN
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Geometric Angular Bias

a. Angle of Embedding b. Self-Attention Scores ¢. Cross-Attention Scores
———— 3
44 /4 10° 4 - —— 0.024
@ 21 / 101 ) i
g : 0.00-
£ 1074 | 201
@) ' 3 MASE = 0.1637 —— context
2 1072+ o4 —— ground truth
-4 1 10-5 forecast
R i
s 5l 10+ 0.02-
m
2 1014
2 M ; 0.00-
107 4 ¥
é—z. 20 MASE=07411 —— context
4 Y| 107 04 —— ground truth
25 00 25 10-sL.] I . . forecast
0 05 10 z» 10 102 10" 10° 300 400 500 600
0 (0(x), ¢(y)) attention scores time

@ Attention scores of Chronos are bimodal - tokens place high attention
weights on their neighbors (locality)

@ Attention scores of Chronos-Bolt are more evenly distributed (global)

@ Chronos achieves a significantly lower MASE than Chronos-Bolt on a
context formed by repeating a motif of a chaotic system by its " parroting”
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Angular Bias: Good or Bad?
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Locality — GOO
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Locality — BAD
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Geometric Distance Bias

a. Distance of Embedding

b. Forecasting a Multiscale Signal

Hoaw H=THT I
% —— ground truth
= 2 i forecast 11
S VvV )
o 01
5 -
_2_ i
-4 .
1- TR
i
o 11
m 111
VI) _1... I ARR)
2 11
o
5 T 0- W—QW—_M N Wv'-"‘
/ll -1 T T T T T
0 100 200 300 400 500
time
1072 107! 10°
d(e(x), 9 (y))

Synthetic Data

Real-World Data

o
(=}
1

[}
N
1

-]
N
1

c. Relative Error of Forecasting the Two Scales

7’
=== TimesFM (large scale) P .
== == TimesFM (small scale) W
Bolt (large scale) /,
7’ e
== == Bolt (small scale) D
=== Chronos (large scale) s
== == Chronos (small scale)
e
____‘, o = . S ——
10° 2% 10° 3x10° 4x10° 6x 10° 10!
- scale ratio
scale ratio 1 4/3 2 4 8 40/3 20 40
%: Chronos 1.0000 1.0057 1.0088 1.0191 1.0215 1.0234 1.0327 1.0382
% Bolt 1.0000 1.0047 1.0063 1.0140 1.0218 1.0271 1.0333 1.0341
§_’o TimesFM 1.0000 1.0031 1.0045 1.0091 1.0150 1.0197 1.0224 1.0266
= Moirai 1.0000 1.0014 1.0050 1.0101 1.0227 1.0299 1.0329 1.0401
% Chronos 1.0000 1.0291 1.0133 1.0755 1.1882 1.2749 1.3602 1.5559
% Bolt 1.0000 1.0815 1.1098 1.2207 1.3687 1.5538 1.7256 2.6792
3 TimesFM  1.0000 1.1293 11622  1.3805 15120  1.8436  2.0182  3.2009
- g Moirai 1.0000 1.0742 1.1131 1.1922 1.3186 1.4866 1.7705 2.4818

@ Quantization-based embedding in Chronos magnifies smaller scales, which
makes nearby numbers appear more distinct in hidden space

@ Continuous-embedding in Chronos-Bolt maps nearby numbers to nearby
vectors in hidden space

@ For multi-scale structure, Chronos is more sensitive and better at learning

fine-scale patterns than Chronos-Bolt

© 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Distance Bias: Good or Bad?

JOUNAMAAARY | |




Geometric Norm Bias

a. Norm of Embedding b. Forecasting a Multi-Offset Signal c. Relative Error of Forecasting the Two Offsets
________________ 1.5
101, Bolt 2511 °°“‘°’;‘ - ——— TimesFM (large) == TimesFM (small)
é ~— Chronos 0.0F 5o TN A = - -~ A - - - - - s Bolt (large) — = Bolt (small) i
8 —2.54 A 109 — Chronos (large) == Chronos (small) L
£ -
M O 25- < 0.5 e ,’
..:,'w ‘7) j 00- % [ — _—"—" /
v If\“% 4 - - e - — L
o 06+ Q@Nv%{_”p;g»r;—)“ffiﬂ‘? 23 00 e T T s TS R E e e e e
2 10° 2x10°  3x10°  4x10°  6x10° 10!
= offset gap
0.4 » 2.51 = offset gap 1 4/3 2 4 8 40/3 20 40
=5 004 S F Chonos 10000 10023 L0047 101l 1045 10134 10227 10282
M =235 5 Bolt 1.0000  1.0025  1.0045  1.0039  1.0079  1.0125  1.0199  1.0321
% AN % 5 TimesFM ~ 1.0000  1.0019  1.0008  1.0048  1.0090  1.0121 10179  1.0277
024 g S & Moirai 1.0000 10090 10059  1.0099 10177  1.0241 10250  1.0328
' E 2.5 3, § Chronos 10000 L151 11032 10690 11078 11729 13423 16219
S 00- ARAY = % Bolt 1.0000 1.1138 11672 12192 13566  1.6279  2.1845  3.1620
55 & & TimesFM 10000 11781 12995 13808 14780 18239 26884  3.4165
i * = Moirai 1.0000 12196 13142 14234 15517  1.9059  2.8262  3.6152
T 15-10-5 0 5 10 15 0 100 200 300 400 500 600
X o time
Chronos-Bolt struggles to forecast the near-zero period in the multi-offset time series
aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Norm Bias: Good or Bad?

dWsS
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Offset — GOOD \l

|

Chronos-Bolt

Chronos

L

Offset — BAD

L,T

© 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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How Do TSFMs Regress to the Mean?

dWs
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Regression-to-the-Mean Bias

a. Deterministic Context b. Random Context c¢. Chronos on a Lorentz System

p—
1

e (== . [INARARARARARAR i i

=l 111 i UMY

= LA UUDUDO Uy I _

NN AR

£o

B 0 o hroemat e ———

20.3- ~— Chronos M.f@/ =

<02 e

go.l A-‘v'"‘.’»,/ § v

il e e i T 0 00 200 300 400
00 01 02 03 04 05

diffusion probability time

@ Models trained with L? or L' regression losses regress to mean or median

@ Chronos with cross-entropy loss models full probability distribution and
settles on a mode

@ In chaotic systems, fractal dimension is measurement of long-term geometry
of the trajectories and regressing to mean/median can severely damage it

@ Chronos “parrots” three distinct outcome branches from the context of a
Lorentz chaotic system

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Regression-to-the-Mean Bias: Good or Bad?

Regression — GOOD | ; /\ |

wyy eV
T e O e
Chronos ' Chronos-Bolt ‘ ;
Regression — BAD
NPAAR ] RPAAL
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Understanding Transformers for Time Series

Yu, A., Maddix, D.C,, et al., “"Understanding Transformers for Time Series: Rank Structure, Flow-of-ranks, and Compressibility”,
arXiv preprint arXiv:2510.03358, Under Review, 2025.

dWs
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Understanding Transformers for Time Series

SVD of Input Embedding Embedding of Chronos Embedding of T5
10%= = » 000 : 30000
- LAgas +
3 Q
51071 - S 3000 2000
c 5 20000
’{10‘2 i ED 2000 15000 g
>< ----- Mlntra ‘T —_—
b 10000
51073 e 1000 =
~ - WaveToken N 5000
o Time MOE

0 i 0

10—4? — ™ u
0 100 200 300 400 500

1st singular vector

J
(a) (b) (c)

Figure 2: (a): Singular values of the embedded input matrices from many different TSFMs,
a TFM, a ViT, and an LLM. (b, c): Embedding space of Chronos and a T5 LLM, respectively,
visualized by projecting them onto the leading two singular vectors of the embedding matrix.

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Conclusion: Have we achieved a BERT moment?

e |Identify design choices in TSFMs that cause 3 inductive biases:

- Temporal, geometric and regression-to-mean

e Careful numerical analysis and design of TSFMs is required

e Temporal data is a different data-modality, e.g., more compressible,
has frequency parameters, continuity in time

e Bitter Lesson

- Adding traditional forecasting inductive biases can help improve performance
on classical benchmarks

— But it can hurt generalization on unseen domains and tasks,
e.g., chaotic systems

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved . 33



Chronos-2: From Univariate to Multivariate

INPUT TOKENIZATION TRANSFORMER STACK FORECAST
e VenVenmmmmnpy N | | = 20 20 [ |
VeVt 8 | | 5 & i N =
KNOWN COVARIATE #1 I /\_/\‘_’/ ‘\_,/— @ ’ ; g g = 5 > g - é . @ L=
= i = O
SN |0 S N S— ¢ 12|z |8 g || 3 || 2 ="
\/\/_F\/M = o o = = > o ® N
IR, = 5 @ = = S S ®

: ——=TNN
KNOWN COVARIATE #2 I \/JW\ o S
"~ - g & b 4 C y & 4

HISTORY FUTURE xN
META FEATURES PATCHING PATCH EMBEDDING TIME ATTENTION
e saris FESRATTEE T e (XXX X
e
= N I T attention along time axis
Time Index / :{ T PR T Time Index [/] — 0
f" _____________ = - o = - e
S o 00000
oL T e s —] 00000
Nl T8 \f 5T .\ T NN
. 900060

TOKENIZATION

Ansari, A.F., et al., "Chronos-2: From Univariate to Universal Forecasting”, arXiv preprint arXiv:2510.15821, 2025.
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fev-bench : Realistic benchmark for time
series forecasting

@ Leaderboard

° La rg e-sca I e eva I Uatl on on rea I_WO rld fO reca Stl ng taSkS Results for various forecasting models on 100 tasks of the fev-bench benchmark, as described in the paper fev-bench: A Realistic Benchmark for Time
Series Forecasting.
] 1 UU u n |Va r| ate & m u It'va r| ate ta SI(S (| n CI . 46 W|th Model Name Avg. win rate (%) Skill score (%) Median runtime (s) Leakage (%) Failed tasks (%) Zero-shot Organization Link
covariate S) Chronos-2 91.4 473 36 0 0 v AWS &
TiRex 82.7 42.6 1.4 1 0 v NX-Al &
» Statistically sound aggregation methods TimesFi2:5 & 22 62 0 L I l
Toto-1.0 70.2 40.7 90.7 8 0 v Datadog &
= Reliable model comparisons using bootstrap confidence  conossor 644 389 Lo 0 o v s &
i n t erva I S Moirai-2.0 64.4 39.3 25 28 0 v Salesforce &
o Extensible infrastructure for reproducible evaluation o ,
Pairwise Win Rate (SQL) with 95% Cls
Model 2
= Lightweight Python wrapper on top of (& datasets library N g 5 . 2 s
g g 8 gz ¥
: o @ t g : i
» Paper: arxiv.org/abs/2509.26468 5 F £ = 5 F 3 2 3
Chronos-2 (50.05,20.0) (54.07,%1.0) (ss.z,‘:zo) (m?lun) (as.t?,ls.o) (ss.og,?;s.o) (ao.og,gs.o) (sl.ggm) (92.09,?9.0) (90. 3?9 0 (2 t?gq.o) (393,2&0) (9790,200) (12091970) (v;n‘,:]ga)
e Code: github.com/autogluon/fev
= TiRex- (uozgm) (50.0,50.0) (M.o,éas.o) (sos.o,:/?.s) % (7584% g.s) (7631? ig.s) 2 (333 6?.5) (35.2%7.0) (90.‘03,39.0) (ng,%an) (97?),%00) (13091?)0) (97.%,9100)
« Leaderboard: huggingface.co/spaces/autogluon/fev-bench 2 nmewes W8 55, By Wl ol ol oo o (R IR I RIEINPEN
TOto--l '0 (223;!.4?0) (343,357_0) (50. 05,200) (373,13 0) (5. 229 0) (43.05,26 0) (48.?,766.0) (7 8,6 (75.?,20.0) (Mg,gs.a) (92. 2,29,0) (95.?)‘8|ﬂﬂ)
Shchur, 0., et al., "fev-bench: A Realistic Benchmark for Time Series Forecasting”, arXiv preprint arXiv:2509.26468, 2025.
aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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https://arxiv.org/abs/2509.26468
https://github.com/autogluon/fev
https://huggingface.co/spaces/autogluon/fev-bench

Chronos in the Open Source

Inference code available on GitHub O

e Model weights available on Hugging

e Deploy Chronos-2 on AWS using
SageMaker JumpStart

e Run Chronos with 1 line of code using
AutoGluon @ (Chronos-2 coming soon!)

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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https://github.com/amazon-science/chronos-forecasting
https://huggingface.co/amazon/chronos-2
https://huggingface.co/amazon/chronos-2
https://github.com/amazon-science/chronos-forecasting/blob/main/notebooks/deploy-chronos-to-amazon-sagemaker.ipynb
https://auto.gluon.ai/stable/tutorials/timeseries/forecasting-chronos.html

Thank you!

Danielle Maddix Robinson

dmmaddix@amazon.com
https://dcmaddix.github.io
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