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Abstract
Low-Rank Adaptation (LoRA) is widely used for parameter-efficient fine-tuning, but how training
reshapes adapter spectral structure—and what this implies for rank allocation—remains poorly
understood. We introduce LoRA-Lens, a diagnostic that tracks capacity utilization (CU), the fraction
of rank budget carrying meaningful spectral energy. Across five models from three families, training
compresses adapter spectra (CU: 1.0 → 0.43–0.83), with V-projection compressing 2–3× more
than Q. This compression does not reliably indicate redundancy: on three representative models,
V lora B parameters are approximately 30–350× more Fisher-sensitive than Q across training
stages, consistent with the OV circuit’s role as the content channel that writes directly to the residual
stream. Symmetric rank sweeps show that Q-rank reduction is safe in the tested models while V-rank
reduction can be harmful. We propose FisherLoRA—preserve V, reduce Q—reducing Q/V adapter
parameters by 38% relative to uniform rank allocation with worst-case degradation of 0.006 across
five models, vs. 0.067 for spectral-guided allocation.

1. Introduction

Low-Rank Adaptation [7] decomposes weight updates as ∆W = BA with r ≪ d. Despite its
ubiquity, practitioners select r and target modules largely by convention. Recent work has identified
spectral under-utilization in LoRA [10, 16] and proposed various strategies—including adaptive
importance-based pruning [20] and pretrained-spectrum-guided rank allocation [19]—but whether
spectral compression of trained adapters implies functional redundancy has not been directly tested.

We introduce capacity utilization CU = r̂/r, where r̂ = exp(−
∑

i σ̃i log σ̃i) is the effective
rank [11] and σ̃i = σi/

∑
j σj (CU=0 for ∆W = 0). Our experiments reveal a dissociation between

spectral structure and functional importance: V is spectrally more compressed, yet symmetric Q/V
rank sweeps show that Q-rank reduction is broadly safe while V-rank reduction is model-specific.
Fisher sensitivity analysis suggests an explanation grounded in attention mechanics [5]: V parameters
sit in steeper loss regions because the OV circuit (WOWV ) writes content into the residual stream
more directly than the QK circuit influences it. This motivates FisherLoRA—preserve V, reduce
Q—the opposite of what spectral analysis alone would suggest.

2. Spectral Compression

Setup. Qwen2.5-0.5B/1.5B/7B [15], Mistral-7B [8], and Yi-1.5-9B [17]; LoRA on Alpaca [14]
(α=2r, cosine LR, 3 epochs, 1k samples); cross-dataset validation on Dolly [4] and GSM8K [3].
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Eval: ARC-C [2], HellaSwag [18], TruthfulQA [9], GSM8K, IFEval subset (450 items); 3 seeds for
key experiments. Data-size sensitivity (1k/5k/10k on two models) confirms all patterns hold.

2.1. Compression Is Training-Induced

We compare three conditions at each r ∈ {4, 8, 16, 32, 64}: (i) PEFT-default (B=0): CU≈0. (ii)
Random (B,A ∼ N (0, 1/

√
r)): CU≈1.0, no Q/V asymmetry. (iii) Trained: CU = 0.43–0.83. The

trained condition falls strictly between the baselines, confirming that compression is an effect of
optimization rather than initialization.

Figure 1: Left: CU across three conditions (0.5B). Right: Per-layer effective rank at r=16. Trained
Q and V separate into distinct bands; random shows no asymmetry.

CU is reproducible across seeds (std ≤ 0.007), an order of magnitude more stable than down-
stream eval scores (std 0.009–0.027). Pretrained Q weights have 2.8–5.6× higher effective rank
than V across all five models. This relationship extends beyond Q and V: correlating pretrained
with adapter effective rank across all 7 linear module types (168 layer-module pairs) yields Pearson
r=0.54 across 168 layer-module pairs (nominally p < 10−13, though layer-wise dependencies make
this descriptive) (Figure 2). Within the Qwen family, effective rank is well fit by r̂ = a · rβ over the
tested range, with β decreasing: 0.948 (0.5B), 0.913 (1.5B), 0.896 (7B); all R2 > 0.999.

2.2. Two-Phase Q–V Divergence

Tracking CU during training reveals two phases. In the first ∼10 steps, both Q and V compress
rapidly; then Q partially recovers while V continues compressing, doubling the Q–V gap (Figure 3).
The spectral structure is largely determined before the model has seen the full training set.

3. Compression and Redundancy Are Dissociated

V compresses more, so one might expect V-rank to be safer to reduce. We test this—and the
converse—with symmetric rank sweeps on both modules.
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Figure 2: Pretrained vs. adapter effective rank across 7 module types (168 points, r=0.54). Modules
with lower pretrained rank develop more compressed adapters.

Figure 3: Left: Q and V CU trajectories (r=16, 0.5B). Both compress in ∼10 steps, then diverge.
Right: Q–V gap doubles from 0.089 to 0.180, stabilizing around step 40.

3.1. Symmetric Rank Sweeps

The less compressed module (Q) tolerates rQ=2 across all models; the more compressed module
(V) is sensitive in Qwen-7B—the opposite of what spectral analysis predicts. We use p-values
descriptively to flag consistent degradation patterns rather than as standalone confirmatory tests.

3.2. Fisher Sensitivity Provides a Mechanistic Account

We measure empirical Fisher information (E[g2], diagonal) for Q and V lora B parameters, aver-
aged over 16 Alpaca examples, at initialization, mid-training (step 50), and after convergence.

This persistent asymmetry is consistent with the QK/OV circuit decomposition of Elhage et al.
[5]. Q participates in the QK circuit—a routing mechanism that determines attention patterns, where
gradients are attenuated through the softmax. V participates in the OV circuit—the composed value-
output pathway that writes source-token content into the residual stream [5], plausibly producing
steeper loss curvature. We present this as a structural account consistent with our observations, not a
complete causal explanation.
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Table 1: Q-rank sweep (rV =16, 3 seeds, Alpaca). Q reduction does not significantly degrade any
model, including Qwen-7B.

rQ Qwen-0.5B Qwen-7B Mistral-7B

16 .361±.006 .612±.019 .536±.027
4 .368±.005 .608±.017 .530±.013
2 .376±.004 .607±.005 .522±.015

Table 2: V-rank sweep (rQ=16, 3 seeds). Most models tolerate rV =2; Qwen-7B degrades at rV ≤ 4
(∗p < 0.05), consistently across Alpaca, GSM8K, and Dolly (all p < 0.025). Baselines
differ slightly across tables due to separate training runs with different rank configurations.

rV Qwen-0.5B Qwen-1.5B Yi-9B Mistral-7B Qwen-7B

16 .371±.003 .505±.003 .498±.006 .532±.022 .610±.016

4 .374±.010 .501±.008 .503±.009 .542±.008 .545±.018∗

2 .374±.004 .505±.009 .508±.007 .541±.012 .529±.027∗

4. FisherLoRA

The dissociation between compression and sensitivity motivates a simple allocation rule: preserve V
(high Fisher), reduce Q (low Fisher). A ∼50-step probe confirms the V ≫ Q asymmetry; then set
rQ=4, rV =16 (62% of uniform parameters) and train normally—no additional overhead during the
training run itself.

Under matched budgets (0.62×), FisherLoRA’s worst-case degradation is 0.006—11× smaller
than spectral-guided allocation (0.067), which uses the same parameter count but the opposite
allocation direction. AdaLoRA uses sensitivity-based importance scores (smoothed |w · ∇w|) to
dynamically prune singular values, and in principle could discover the Q/V asymmetry. However,
with target r=4 it converges to a much smaller budget (≈0.25×) and degrades on 3/5 models
(worst ∆=−0.051), suggesting that this particular budget target is too aggressive for our setting.
FisherLoRA’s advantage is simplicity and safety: a fixed asymmetric allocation at a moderate budget,
guided by a single Fisher probe, avoids both the risk of wrong-direction allocation (spectral) and
over-aggressive pruning (AdaLoRA). FisherLoRA also slightly improves on 3/5 models (Qwen-0.5B,
1.5B, Yi-9B), consistent with Q rank being non-limiting under these budgets, though these small
gains should not be over-interpreted.

5. Related Work

Shuttleworth et al. [12] identify intruder dimensions in LoRA updates; Si et al. [13] show fine-tuning
amplifies top singular values; Tian et al. [16] propose post-hoc singular-value reweighting; Lion
et al. [10] show stable rank falls below algebraic rank. Our work tests the functional consequences
of these spectral observations via symmetric rank sweeps and Fisher analysis. AdaLoRA [20]
uses sensitivity-based importance scores to adaptively allocate budget, while SR-LoRA [19] uses
the stable rank of pretrained weights as a rank-allocation prior. Our results caution that spectral
compression of trained adapters should not be interpreted directly as functional redundancy. The
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Table 3: V/Q Fisher ratio at three training stages. V is consistently 30–350× more sensitive than Q,
confirming the asymmetry is not an initialization artifact.

Model Step 0 Step 50 Final

Qwen-0.5B 65.8× 94.7× 82.1×
Qwen-7B 32.5× 103.0× 93.5×
Mistral-7B 353.0× 59.3× 51.4×

Table 4: Method comparison across five models (3 seeds each). FisherLoRA and spectral use
matched budgets (0.62×). AdaLoRA (init r=16, target r=4) dynamically prunes to ≈0.25×;
its degradation suggests the pruning is too aggressive.

Method Par. Qwen Qwen Qwen Mistral Yi Worst
0.5B 1.5B 7B 7B 9B ∆

Uniform 1.0× .361 .501 .612 .536 .498 —
FisherLoRA .62× .368 .507 .608 .530 .503 −.006
Spectral .62× .374 .501 .545 .542 .503 −.067
AdaLoRA dyn .371 .462 .561 .546 .451 −.051

two-phase dynamics are reminiscent of early training phenomena documented by Frankle et al. [6],
and the compression–sensitivity dissociation relates to intrinsic dimensionality [1]—we conjecture
that lower intrinsic dimension implies higher per-direction importance.

6. Discussion

Training consistently compresses LoRA adapter spectra, with V compressing 2–3× more than Q
across all five models. But low CU does not by itself imply redundancy: in our experiments, the
more compressed V adapters are also substantially more Fisher-sensitive: V is 30–350× more Fisher-
sensitive than Q throughout training, and Q-rank reduction is broadly safe while V-rank reduction is
model-specific. FisherLoRA exploits this dissociation, saving 38% of parameters with worst-case
degradation of 0.006.

The QK/OV circuit decomposition [5] offers a plausible structural explanation: the OV circuit’s
direct contribution to the residual stream makes V parameters more influential, while Q’s routing
role is more tolerant of rank reduction. More broadly, our results suggest that spectral diagnostics
like CU are valuable for understanding training dynamics but should not be used directly to guide
rank allocation without also considering functional sensitivity.

Limitations. FisherLoRA is validated on five models from three families; broader testing
across additional architectures and larger training scales is needed. The mechanistic account based
on QK/OV circuits is consistent with our observations but has not been verified through targeted
interventions. All experiments use 1k training samples by default, with sensitivity analysis up to 10k
confirming stability.
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