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Core Motivation: Why Spectral Alignment?

KD+LoRA compresses large models efficiently, but
standard KD never tells the adapter which low-rank

Methodology: SAD-LoRA Pipeline

= Compute the teacher's data-weighted spectral subspace once, then continuously align the LoRA adapter

to it throughout distillation
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subspace to learn. As a result, valuable rank capacity is
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PHASE 2: Data-Weighted Subspace Estimation
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Random init; no spectral constraint Aligned at t = 0; unconstrained training Spectral init + L£ajign during training
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mm) Standard knowledge distillation learns outputs.
m=) SAD-LoRA additionally learns the optimal low-rank subspace, preventing subspace drift throughout training.
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Theoretical Error Decomposition Ablations: What Drives the Gain?

Controlled Spectral Validation

Distillation Error Decomposes into Three Components 5 100100 100100 100 SAD-LoRA vs. Best Baseline, r=38
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KD-LoRA 51% 22% 27% 100%
Key Takeaways _I? 27% Total: 42% SAD-LoRA =~ 0% 15% 27% 42%
e Subspace misalignment (S) is the dominant O
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Results Rank Efficiency on GLUE
‘® KD-LoRA Logit-MSE -A- NN-Init “¥- PiSSA =% SAD-LoRA SAD-LoRA-Ali
SAD-LoRA @ r=4 > KD-LoRA @ r=8 on STS-B & CoLA — better subspace beats more rank = KD-LoRA ¢ Log! Linali Siilaiiasiioial -l
SST-2 MRPC STS-B
Method SST-2 MRPC STS-B CoLA QNLI RTE |® _t """ e
Rank r = 4
KD-LoRA 93.3+£0.4 87.8+0.9 0.789+0.033 0.426£0.013 91.3x£0.2 65.0£1.6 ’,-"
Logit-MSE 93.8£0.2 87.2+0.2 0.78940.033 0.4234+0.013 90.8£0.6 59.0+£3.7
NN-Init 93.440.4 90.340.6 0.887+0.003 0.55540.008 92.5+0.1 69.2+1.0 « collapse
PiSSA-Init 93.7+0.8 90.24+0.6 0.880+0.004 0.519+0.015 92.14+0.1 66.1+1.2
SAD-LoRA 94.310.2 89.94+0.3 0.884+0.002 0.558+0.006 92.14+0.0 69.9+=1.3
SAD-LoRA-Align 94.14+0.1 90.1+0.2 0.887+0.003 0.5534+0.003 92.5+0.1 70.0+1.3
SAD-LoRA-Coeff 94.5+0.1 90.0£0.4 0.88540.002 0.53940.009 92.240.0 63.1+6.8
Rankr = 8
KD-LoRA 93.7£0.2 90.2+0.7 0.847x0.018 0.478+0.016 92.0x£0.2 67.4+1.1
Logit-MSE 93.5£0.2 89.84+0.2 0.847+0.018 0.473+£0.019 91.91+0.3 65.2+2.8
NN-Init 93.840.1 90.2+0.9 0.8924+0.004 0.55440.005 92.8+0.2 72.1+1.4
PiSSA-Init 94.0£0.5 91.1+0.6 0.88740.006 0.538£0.015 92.34£0.1 68.81+2.1
SAD-LoRA 94.5+0.2 90.9+0.4 0.8914+0.003 0.55840.005 92.5+0.1 71.84+0.8
SAD-LoRA-Align 93.6£0.2 90.1£0.3 0.893+0.003 0.562+0.006 92.81+0.1 72.2+0.6 5 4 1 5 4 3 1I6
SAD-LoRA-Coeff 93.7+0.2 90.5+0.2 0.891+0.003 0.537+0.005 92.51+0.1 68.0+=0.6 LoRA rank r
Post-Training Subspace Alignment Limitations and Future Work
Requires same-arch Calibration pass: Future: decoder-only LLMs,
1.00 reference teacher one-time, no inference generation tasks,
5T5-B (One extra offline model) overhead per-layer rank
0.95
QNLI Our approach relies on a teacher A one-time calibration step is required We plan to extend SAD-LoRA to
0.20 model with the same architecture, to determine the optimal rank, decoder-only LLMs, evaluate on
085 incurring the cost of training and but it does not introduce any generation tasks, and explore
S5T-2 B maintaining one additional inference-time overhead. adaptive, per-layer rank allocation.
b .
model offline.
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Subspace misalignment is the hidden bottleneck in KD+LoRA. Standard KD cannot see or fix it — E E
MRPC - 0.70 SAD-LoRA is the first method to explicitly target it via Grassmannian alignment loss. 2,072,000 0,
|
| 0ES Better subspace beats more rank. SAD-LoRA at = 4 matches or exceeds KD-LoRA atr = 8 RIAOCILILI MU P e
' on STS-B and ColLA — subspace selection compensates for additional rank budget. STt N0 N0 seetelientend
RTE - [W] 5
0.60 £align is Ioad-bearing; £Coeff is auxiliary. Ablations confirm: removing £azign costs up to ~6.1 Sedels
—=1 —=2 =4 =58 =16 on RTE (r=4). Removing Lcoefr has negligible impact. Direction matters more than magnitude. Sa d LO RA
Zero inference overhead — a drop-in for any KD+LoRA pipeline. Spectral targets are computed
once offline. No extra modules at inference. Adapts to any encoder-based model.
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