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Online Martingale PAC-Bayes (OMPB) framework senses shift 
from unlabeled target windows, then conservatively calibrates 
only a gated Bayesian head as labels arrive.

1
Martingale certificate
variance-adaptive bounds for dependent streams 2 Label-free shift sensing

posterior disagreement on antecedent windows 3
Conservative adaptation
gated head-only updates; backbone fallback

1 The Problem
Time-series forecasters must stay reliable when 
deployment dynamics drift from training conditions:

Covariate shift Concept shift
Temporal dependence: serial correlation breaks the i.i.d. 
sampling behind standard bounds.
▸ The operational challenge: react before the current 
target outcome is known.

2 PAC-Bayes and Its Limits

Classical PAC-Bayes: risk ≤ empirical risk + complexity.

Limit 1 — i.i.d. only: the complexity term requires 
independent samples; autocorrelation breaks it.

Limit 2 — source only: a bound certified on ETTh1 
does not automatically bound risk on a shifted target 
stream (ETTh2):

ETTh1 sample
S1 ~ Dm

Learn posterior
ρ = ρ(S1)

Source-domain
bound certified

✗ No bound on
shifted ETTh2 

risk

3 Predict-Then-Update Protocol
Strict temporal causality at every step t — no look-ahead, 
no target labels in advance:

1 History
𝑧1, … , 𝑧!"# and unlabeled target windows arrive 
before time t

2 Predict
draw ℎ𝑡 ~ 𝜌!"#, emit ŷ𝑡 = ℎ𝑡(𝑥𝑡)while 𝑦𝑡 is hidden

3 Reveal
yt is disclosed; the loss is scored only after the 
forecast is committed

4 Update
minimize ℒ𝑐𝑎𝑙 to get 𝜌𝑡; append 𝑧𝑡 and repeat at 𝑡 + 1

4 Martingale PAC-Bayes Bounds
Idea 1 — use martingale (not i.i.d.) concentration: 
each loss = predictable μt + zero-mean innovation Dt:

The empirical−predictable risk gap is the mean cumulative innovation, 
bounded by the sub-gamma complexity 𝛤!

"#$%— computable online, valid 
under temporal dependence.

5 The Online Certificate
Idea 2 — the domain-adaptation bound adds a 
mismatch term that needs no target labels:

Posterior disagreement 
on a target window w

Scale τd selected once 
from the source replay 
buffer; q = 0.5

Per-window estimate 
via unordered posterior 
pairs

Online source–target 
mismatch term

TIME-INDEXED ONLINE CERTIFICATE

λρ needs target labels → omitted online. The certificate 
monitors bounded proxies — not a raw MAE/MSE bound.

6 The Gated Bayesian Head

Adapt less, on purpose. Gate s = σ(α) scales a low-rank 
residual on the frozen backbone; s ≈ 0 returns the base 
forecast — conservative under stale labels.

ONLINE OBJECTIVE

7 Experimental Setup
ETTh — covariate shift (ETTh1 → ETTh2)
ILI — concept shift (pre-COVID → COVID)
WEATHER-5K — covariate shift (Miami → Atlanta → NYC)

Backbones:  TCN · Autoformer · GPT4TS  (model-agnostic)

Baselines:  SOLID · OneNet · PROCEED (1-step delay)

All online hyperparameters are fixed before target evaluation 
— never tuned on target labels.
Dataset Feat. Freq. Input Train Test
ETTh 7 Hourly 96 13,745 3,293
ILI 11 Weekly 24 443 108
WEATHER-5K 6 Hourly 96 78,764 8,646×2

8 Main Results
Best MAE in all 36 backbone × horizon × ID/OOD cells 
on ETTh + ILI (MSE: 35 of 36) — and lowest error on 
WEATHER-5K at every horizon and location.

9 Qualitative Forecasts

WEATHER-5K, GPT4TS backbone: OMPB (red) re-locks onto the 
ground truth (green) where the backbone (blue) drifts.
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MAE vs. the unadapted backbone (Original → OMPB).

10 Certificate Behavior

WEATHER-5K / Autoformer: the certificate rises with shift 
severity and responds to realized error spikes.

Martingale proxy (red) is tighter than i.i.d. (orange).

Mis-scaled posteriors inflate the certificate 
— miscalibration is visible online.

Note: Certificate is a deployment-time monitoring signal for shift — not a per-step MAE/MSE upper bound

11 Ablations

Frozen backbone + gated head beats last-layer and LoRA 
online updates on all three OOD streams — extra online 
flexibility hurts under delayed supervision.

Feedback delay: accuracy degrades gracefully from 1-
step to 2H label delay (MAE 0.56 → 1.86 on OOD 
ETTh2), staying below the unadapted backbone.
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