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¢ THE TAKE-HOME MESSAGE No causal graph. No new architecture. Just the right data.

We decouple OOD robustness into a data problem and an algorithm problem—
then prove our approach is robust even with a small number of (noisy) invariant pairs.

THE DATA PROBLEM THE ALGORITHM PROBLEM PROVABLE — EVEN WITH FEW NOISY PAIRS

Invariant Orthogonality Provable OOD
Data Pairs Constraint Robustness

application-specific — same content, application-agnostic — project the classifier spurious error decays as 1/+vk in the number
different spurious content off the spurious subspace of pairs

o2 Invariant Data Pairs - Orthogonality Constraint »s Provable Robustness
“Same semantic content—different spurious content.” The pair differences reveal the spurious subspace/direction — force the Bounded spurious error — shrinking as you add pairs.

classifier to be orthogonal to these differences.
¢ ONE INVARIANT DATA PAIR
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Number of Invariant Pairs

fails when the correlation flips in a new context (red errors, right). The invariant pairs expose
the spurious direction; GRIT holds the classifier 8* orthogonal to that direction, so it relies on
the stable core alone.

Chest X-ray — same patient, with vs. without

medical devices
EMPIRICAL — FROZEN-CLIP LINEAR PROBE

METHOD C-MNIST WATERBIRDS
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SAR target (ATR) — same target, view angle 37° vs. Handwritten digit — same digit & style, different Q — ° - I Fish 11.8 74.4
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Pairs may be noisy, imperfect, even unlabeled — and any pair of different domains works * Astandard ERM solve plus a linear constraint. GRIT (ours) 093 i
since changing the environment implicitly changes the spurious content. e Application-agnostic — no causal model, no architecture change. V\Z/Lorst-grcizp / tlgst accuracy (%). GRIT is best on both — +51 pts on ColoredMNIST, +3 pts on Waterbirds over the
o . o . . Strongest paseiine.
e Even a single clean pair gives a useful direction. °
PROBLEM SETUP FORMAL GUARANTEE EXPERIMENTS DISCUSSION — SOURCING PAIRS
We study robust finetuning with a fixed representation z = ¢(z) € R¢ the two Under Assumptions 1-2, with rank r = dg, and k = d pairs, with probability at least 1 - n the Benchmarks. ColoredMNIST & Waterbirds-CF, Creating pairs is not our focus — but the decoupling turns it into
assumptions below are stated informally. where color / background create the spurious a separate, tractable data problem. Three practical routes:

test-domain log-loss obeys:

Assumption 1 (informal) — Stable subspace. A linear subspace S on which the joint correlation. Measure twice (multi-view) — re-capture the same subject
distribution of label and features iIs invariant across all environments e: Backbone. Frozen CLIP embeddings; only the final under a changed condition.
linear classifier is trained. Pair existing data — match two traini les close |
(e) _ () / /— air existing data — match two training samples close in
P (y’ Z‘S) =P (y’ ZS) vee on t[e] < [E; [ + HHH | /)\test _I_ 0-5 dlog 2d/77) Metric. Worst-group accuracy under in-domain semantics but differing in a spurious attribute (e.g. rotated vs.
4tes — " rain
idati i non-rotated).
Assumption 2 (informal) — Noisy invariant pairs. Pair differences lie in the validation, vs. ERM and DG baselines. . _
complement U = S+ up to isotropic sub-Gaussian noise, and the signals span U: Generate pairs — prompt a foundation model to change only
the spurious feature.
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52’ — §b(a32) o Qb(ajz) — Uy g’m U; € U:=35 The three factors are exactly the test-shift strength 7\1t65t, the pair signal-to-noise (OE, )\dsp)r
and the 1/vk sample rate of the friendly bound above.

Special cases: latent causal models (linear observation) - multi-view models (shared The first finite-sample analysis for this setting. Analogous bounds hold for regression with squared-
observation) - data augmentation (implicitly defines the invariant spaces). error loss.
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