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Online Martingale PAC-Bayes (OMPB) framework senses shift Martingale certificate Label-free shift sensing Conservative adaptation

from unlabeled target windows, then conservatively calibrates 1 variance-adaptive bounds for dependent streams seRiarer CleEr s o A EesdET i ene B ated head-only updates: backbone fallback
only a gated Bayesian head as labels arrive.

0 The Problem

0 Martingale PAC-Bayes Bounds G Experimental Setup

Time-series forecasters must stay reliable when Idea 1 — use martingale (not i.i.d.) concentration: ETTh — covariate shift (ETTh1 — ETTh2)
deployment dynamics drift from training conditions: each loss = predictable p, + zero-mean innovation D;: ILI — concept shift (pre-COVID — COVID)
. ' Sane B /\I L,=p+D,  Dp=L;—u, WEATHER-5K — covariate shift (Miami — Atlanta — NYC)

v Z _ iE[Dtm ; Backbones: TCN - Autoformer - GPT4TS (model-agnostic)
= Baselines: SOLID - OneNet - PROCEED (1-step delay)

pred ) — l
Ry (p) — Rim(p) m Eh~p[Mm(h)] < I'm(p,m, &)

P(Y|X) stays stable P,(X) changes P(Y|X) stays stable

All online hyperparameters are fixed before target evaluation

Covariate shift Concept shift war g, 2 By (VS0 1PB (o, 5)) T s — never tuned on target labels.
Temporal dependence: serial correlation breaks the 1.1.d. . m? m-
m ataset IE.I MIMI- Test
sampling behind standard bounds. VY (B): = zvt(h)
> The operational challenge: react before the current - =t rlourly A L
targ et outcome is known . The empirical—-predictable risk gap is the mean cumulative innovation, ILI 11 Weekly 24 443 108
' bounded by the sub-gamma complexity [5**Y— computable online, valid WEATHER-5K 6 Hourly 96 78,764  8,646x2

under temporal dependence.

Q PAC-Bayes and Its Limits e The Online Certificate o Main Results

. . 1 X 1 p 4
KL(pllm) +In|—— - . on ETTh + ILI (MSE: 35 of 36) — and lowest error on
pl 5 mismatch term that needs no target labels:
Ry (h,) < RS( ) _|_ > 1 WEATHER-5K at every horizon and location.
~ Sub]/ . Table 1: ETTh forecasting results (MAE | MSE) under In-Distribution (ID) and Out-of-Distribution (OOD) settings. Lower
m RT (hp) < RS(hp) T Fm (p, TT, ) ) = 2_ dlSp (5 ) T ) + Ap score values indicate better performance, and the best score is in bold.
Y e J
%
True risk Empirical risk Complexity term . . , 2 Backbone Method H=24 H=96 H=336
A I il o4 ol Posterior dlsggreement 3w = minl |lh(w) — h'(W)||5 . - ID (ETThI) _ OOD (ETTh2) _ ID(ETTh) _ OOD (ETTh2) _ ID (ETThl) __ OOD (ETTh2)
a—— on a target window w wa(h Wi w) = min(l, ) €01 TS DeMAE amues Lmelal neung semien yombng
- - il i - At g, DEMgE Ol Seleldus M Smeldal sl
ClaSSIcal PAC-BayeS.' risk < emplrlcal risk + COmpleXIty. OMPB 03635102724 05292105659  0.3813102800 05570105912  0.448410.3674  0.5981 | 0.6782
Scale 1, selected once Original  0.514710.5605  1.120711.9961  0.532510.5651  1.329812.6778  0.683010.8846  1.19622.3453
d ”h(k)(w) — h(k") (w)H2 Jowiamee  SOLID 04899104813  0.8410112997  0.544610.5629  0.9501|1.6828  0.593710.6374  1.0386 | 2.0287
Limit 1 — i.i.d. onlv: th lexity t - from the source replay Fanto = || Quantile 2 0, AIEL Goe Sliege Shpliag Smeldd VRl
Imi — .1.d. ONn y. e COmp eXxi y erm reCIUIreS auto q HC OMPB 0.381410.3018  0.678510.8535  0.384510.2858  0.603310.6882  0.437310.3481  0.6461 | 0.7764
buffer; 4 = 0.5 G GlE sl epleng sl mole opaian
: . : : GPTATS : ; : - -
independent samples; autocorrelation breaks it. pROASD 0301030 QSLBIOBIE  DHeei0diss DIl DaenonE  0%hlie
Per-window estimate P ) 2 P (hk hk' ) OMPB 0.315610.2165  0.524210.6616  0.353510.2457  0.570810.7377  0.409510.3158  0.571910.7304
w) = s W
Imi . A : : p K(K-1 Z @)\
lelt 2 _— SOU I'CG Only- a bOU nd Certlfled On ETTh1 via unordered p03t9”0r ( ) 1<k<k'<K Table 2: ILI forecasting results (MAE | MSE) under In-Distribution (ID) and Out-of-Distribution (OOD) settings. Lower
i alues indicate better performance, and the best score is in bold.
. . . pa”"S m SCOre v. P 5
does not automatically bound risk on a shifted target 1 1
Online SQurce_target dis (t) = |— z d (W ,) — d (W’)l Backbone  Method H=24 H=48 H=72
. p p\Wt p ID (Pre-COVID)  OOD (COVID)  ID (Pre-COVID)  OOD (COVID)  ID (Pre-COVID)  OOD (COVID)
Stream (ETT 12) mismatch term m =1 |WT,t| few Original  1.673415.8091 4.5372138.1840  1.240913.2224  2.6306111.5707  1.909218.1936  4.0072 |32.0801
= w Tt TCN SOLID 1204713.5700  1,744717.4170  1.592715.3366  3.1461132.3844  1.580715.4009  2.2503 | 13.2387
N\ 7 \ OneNet 16995169002 671051812448 18328176313 7391211151614 17588167818  79340] 1437589
PROCEED  1487014.6585 185151109656 1.226013.1388  1.790519.2732 13271137264 19005 | 10.6453
X No bound on p . OMPB 0.710211.1751  1.267216.3903  0.574010.9482 07109118331 05960112583  0.7113 12.1360
ETTh1 sample Learn posterior Source-domain _ Original ~ 1.280013.3924 279421157648  2.013518.1263  2.6485115.4891  2.019318.5962  2.6667 | 15.5638
- ad . - shifted ETTh2 TIME-INDEXED ONLINE CERTIFICATE Auoformer 300 13066133706 240931194883 1400140206 319331169978 1449314535 230571183963
S, ~pDm o= p(S ) bound certified PROCEED 1.788817.1304 191781114278 1.421014.1995  1.585617.5495  1.346913.8370  2.2889 17,9593
1 1 risk OMPB 0.991612.3576  1.349813.9055 1.128813.1272 12460142611 12825139065  1.4256|4.8619
x ) | ) { J 57 5 sub y 1T Gy LIITER LSS LRI D e Lot
P 4 : GPT4TS : : . : ) : ; ; X :
PB'Y (t) — RS,t(hp) + 17, (:07 T, 0 ) + zdlsp (t)7 PROCEED 16876174868 223321160780 11823133915 %:3%2!%8:%%2§ 12604138047 311431 130343
OMPB 0.854311.9178  1.090613.3870  0.624811.0503  0.926312.6351  0.690911.3602  1.0130 | 2.9065
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)\p needs target labels — omitted online. The certificate
monitors bounded proxies — not a raw MAE/MSE bound.

e Predict-Then-Update Protocol

Strict temporal causality at every step t — no look-ahead,
no target labels in advance:

Q Qualitative Forecasts
G The Gated Bayesian Head | Miami (ID) At\lanta (OOD-close) New York (OOD-far) |

1 HIStory Offline Training Online Calibration =2 “
| z,, ..., Zt—1 and unlabeled target windows arrive v N p— o |
| before time t o e Erwr - A
H=96 |, || ¥
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1 VLuse Bayesian Head
2 PredICt ]_\j gVﬁoff [ BayeS|an Head J [ Baye3|an Head }VL cal
: draW ht ~ pt_l, emlt yt — ht(xt) Whlle yt |S hldden """ [L"’{fE Lorr ] ( y(predlctlon) ) [ Lcal : ] ,,,,,, ) J A
: ( Yerwe ) I Il H=336 !
|
g3, Reveal o WEATHER.5K GPTATS backbone: OMPB (red) redocks.
Adapt less, on purpose. Gate s = O'(G) scales a low-rank WEATHER-5K, GPT4TS backbone: OMPB (red) re-locks onto the

y, is disclosed; the loss is scored only after the residual on the frozen backbone: s = 0 returns the base ground truth (green) where the backbone (blue) drifts.

|

| I I .

| forecast is committed forecast — conservative under stale labels.
|

Update ( ) _273(%) _5320/0 _59.20/0

ONLINE OBJECTIVE
minimize L  to get p ; append z, and repeat at t + 1 Leat(t: p) = PB, (£ p) + RsUp( ) Miami Atlanta New York
\ / MAE vs. the unadapted backbone (Original — OMPB).

@ Certificate Behavior

@ Ablations el dta

2| I go! ..l.'. Bf°pe 08
Proxy bounds (mart. vs. 1ID) and target risk — ETT / TCN / H=96 / etth2 54_ = = = e .0. '.| o !| ' ' 'Q.l' '
| ey e s T Table 4: Partial-backbone adaptation diagnostic for OMPB. | L0 , il L |||

| | R “Trainable” reports additional backbone parameters updated . o "l'| I l
' N B o online beyond the Bayesian head. ."-'l'll;-u| | |i"|
él‘o_ ‘. b '..ln\':‘,. " ',w','. .o ) o o o
; ff‘M'U,’f u*wf‘lh"l o ' : I l ' |" ' o-o. co -

Foof | ) \ Setting Mode Trainable MAE  MSE .l... l | l | I|

| Frozen 0 0.5570  0.5912 E u. . o .n-

ETTh/TCN .
2] & _ Last layer 22,176  0.7124 0.8834 t R -. l.
('I) 25I00 50'00 75|00 . 10(I)00 12!I300 15(')00 17500 32.0: ' : OOD E'IThz, H o 96 LO 2,816 0.7410 1.0474 ". ... o
| il N R | ILI/ GPT4TS Frozen 0 0.9263 2.6351 Paper
Martingale proxy (red) is tighter than i.i.d. (orange). o i _ Last layer 110,640 1.4808 6.8875
gale proxy (red) is tig (orange) Wi | . . | A LoRA 9408 16591 93536
ILI / GPTATS / H=48 / 0od_covid Frozen 0 0.4344 0.4720 GED ® GED o e

35 : ::(1)A1 Realized target MAE / MSE per step (“),gs'rngNRY-%KﬁAzutggomer LaSt layel' 780 0.7401 0.9791 ‘-O.ﬁ .-O?- s :

10 ] — selen0 7 — e ! LoRA 8,192 0.9681 1.5443 St s e —
Frozen backbone + gated head beats last-layer and LoRA 3o e’ Pop it , (o O,
. i I online updates on all three OOD streams — extra online =3 - Ry

A I e 1 VL, AT AR PR L LA L flexibility hurts under delayed supervision. =t S O = %

Mis-scaled posteriors inflate the certificate WEATHER-5K / Autoformer: the certificate rises with shift Feedback delay: accuracy degrades gracefully from 1- R DA = P X
— miscalibration is visible online. severity and responds to realized error spikes. step to 2H label delay (MAE 0.56 — 1.86 on OOD E IR Ry S ko
ETTh2), staying below the unadapted backbone. I BRI o 0y
Note: Certificate is a deployment-time monitoring signal for shift — not a per-step MAE/MSE upper bound Code
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