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Transformers interpreted as descent algorithms Convergence & OOD Generalization guarantees LLM supervised fine-tuning: Improves OOD, Maintains 1D
= Algorithmic unrolling interprets transformer layers as optimization steps, o ) ) ) = [[ama 3.1 8B SFT on Alpaca dataset with perturbed token embeddings.
therefore loss should decrease layerwise. We bound the optimality gap A} == f(X, ®,(X;T")) — f(X,Y"). o eruie Lo oD Aecuracy
= Standard ERM training: = Theorem 1 (Convergence): Constrained transformers attain 12 : o :
| near-optimal loss: . hag 2 \
) = argmin *E{f(X, )} (ERM) P g 5 ’
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= Problem: ERM training optimizes only for last-layer value of loss oo k<l L "] T o 16 " \ €05 o corsiained
function f. The resulting IS non-monotonic ’ Jneonstranes
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across layers. = Theorem 2 (OOD Generalization): Under shifted distribution D, Layer Perturbation Level (y)
= | eads to decreased robustness to OOD perturbations. . o \ 1 - Cov
lim minEp, [Ak} < —| ¢(M,9) FOT Figure 4. Constraints improve token accuracy (Left: |, Right: 1).
Layerwise Loss OOD Accuracy =69 s o I — 5
1.0 - T : : : : . . :
ol 5,09 \ where 7 = d(D., D) + d(D,, D,) measures distribution shift. = AlpacaEval (constrained vs unconstrained): v = 0: 50% win rate —
27\ S . j preserves ID. v = 1.5: 69.9% win rate — robust OOD.
5 e \.\ < = Bounds depend on sample complexity, expressivity, distribution distance
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N 7 o Consanes , and step size a. Unrolled video denoisers generalize to OOD noise
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Layer Perturbation Level (y) : : : = Task: Reconstruct video X = |xq,...,xp| from noisy X,
Unrolled text classifiers are robust to noisy embeddings i, . 7} 4
Figure 1. transformers show non-monotonic loss, constrained models f(X (I)(X T)) _ 1 HX [@(X T)] HZ
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descend smoothly with better OOD robustness. (Left: |, Right: 1) = Leverage robustness to distribution shifts to classify with perturbed 2 tzzl
embeddings X. Model: DUST | Dataset: A Model: ViT | Dataset: UCSD Model: UT | Dataset: Sh haitech
. . = Evaluate layerwise loss by attaching a shared readout layer . " == Cniid
Training transformers to descend improves OOD robustness c 3 L
(X, q,®X:T)) = - ) glogi(®(X;T)). £ S L e
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= Key ldea: We impose constraints to decrease loss monotonically in c=1 0 s ue _— eSS e
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= Consider transformer given by layers 085 TN AN N | o | |
€ 050 \\ 0.8 \ 084 e Figure 5. Constraints improve robustness. RMSE vs. test perturbation « (| lower is better).
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~ Ablations: Step size, dual LR, training perturbations
Dataset: MNLI | Model: DistilBERT Dataset: MNLI | Model: RoOBERTa Dataset: MNLI | Model: UT
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307 \ 08 \.\ . e = Low sensitivity to dual LR ny; OOD accuracy increases with step size a.
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= Train each layer ®; to decrease f with step size 0 < a < 1: gos \\_ N \ o Ne ) = |
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T Figure 2. Accuracy vs. test perturbation ~ (1 higher is better).
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= Similar results with uniform noise and discrete perturbations: Figure 6. Dual learning rate n; (left) and step size « (right) ablations.

= Lagrangian of (P-CUT): omesomomom ooy, | T me— = Constraints compose with standard robustness techniques (noise
— injection).
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L(T,\) =FE [f(X, B(X. T))} + Y AE [f(X, D)(X:T)) — (1— o) f (X, B_1(X; T))] |
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= Optimize (P-CUT) by alternating primal and dual steps on the empirical —rconsiaed - \ o
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AZ0 Figure 3. Uniformly distributed perturbations (left) and random text perturbations
(character and word level, right). Figure 7. Comparison of baseline, robust ERM (v = 1), and robust + constraints.
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