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Abstract

Parameter-efficient ~ fine-tuning  enables
instruction-tuned large language models to
adapt to new tasks and domains, but it can
also destabilize outputs the base model pre-
viously generated reliably. Existing analyses
commonly measure such degradation through
aggregate benchmark deltas, which reveal
overall performance changes but not which
outputs fail or how severely. We introduce
a dual-axis, generation-level evaluation
framework that measures adaptation and
retention through repeated generations. Our
Negative Shift measure identifies prompts
whose correct-generation rate collapses after
adaptation. Using this framework, we compare
LoRA, DoRA, VeRA, and our proposed
UIOrthoLoRA across learning-rate and
capacity sweeps on Llama-3.2-3B-Instruct and
Gemma-3-12B-IT. The retention—adaptation
trade-off is highly sensitive to learning rate:
LoRA and DoRA exhibit abrupt degradation
under aggressive optimization, whereas
structurally constrained parameterizations
degrade more gradually. At comparable
target performance, moving from small to
medium adapter capacity often improves
retention, although gains are not monotonic.
UIOrthoLoRA, a spectrum-aware adapter
that restricts directional adaptation to the
low-energy spectral tail, improves the observed
trade-off relative to the evaluated baselines
under constrained parameter budgets.

1 Introduction

Instruction-tuned large language models (LLMs)
are general-purpose natural language generation
systems. When such a model must be adapted
to specialized knowledge or a new application,
parameter-efficient fine-tuning (PEFT), particularly
Low-Rank Adaptation (LoRA; Hu et al., 2022),
provides a practical alternative to updating the pre-
trained parameters.

Successful adaptation, however, does not guar-
antee that the resulting generator remains reliable.
An adapter may learn to produce the desired out-
puts for its target examples while changing answers
that the base model previously generated correctly
and consistently. These failures can be difficult to
detect because the adapted model often remains
fluent, responsive, and apparently capable. The
degradation may therefore manifest not as a gen-
eral loss of linguistic quality, but as a change in
which outputs the model can be trusted to gener-
ate.

Studies of forgetting in adapted LLMs often
quantify this problem through aggregate changes
on external benchmarks. Such evaluations are valu-
able for measuring broad capability degradation,
but they provide only a partial account of how adap-
tation changes generation behavior. A benchmark-
level decrease indicates that overall performance
has changed, but it does not identify the prompts
for which previously reliable outputs failed. It may
also obscure the distinction between small changes
distributed across many examples and severe col-
lapses concentrated on a smaller set of prompts.
From an NLG perspective, this distinction is im-
portant: a model may retain much of its average
performance while becoming unreliable on particu-
lar inputs that it previously handled consistently.

Inspired by Pletenev et al. (2025), we build on
this sampling-based view of model knowledge and
extend it in three directions. First, we formulate
adaptation and retention as two explicit evaluation
axes and use them to characterize the full retention—
adaptation trade-off across adapter configurations.
Second, building on the notion of negative knowl-
edge transitions, we define a strict Negative Shift
measure that isolates severe collapses in genera-
tion reliability. Third, we broaden the analysis
beyond a single LoRA parameterization by com-
paring adapters with distinct structural mechanisms
across learning-rate and capacity sweeps, includ-
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ing our proposed adapter. This allows us to study
not only whether adaptation damages previously
reliable generations, but also how adapter structure
and optimization determine the trajectory of that
degradation.

Our dual-axis evaluation framework measures
both target adaptation and retention of previously
reliable generations. Using repeated sampling, we
construct model-specific sets of questions that the
base model answers consistently incorrectly or con-
sistently correctly. We evaluate target-answer ac-
quisition on the former and measure severe prompt-
level degradation on the latter through Negative
Shift. We complement this intrinsic measure with
MMLU and nine BIG-bench multiple-choice tasks
to assess broader knowledge and reasoning reten-
tion.

We introduce UIOrthoLLoRA, a spectrum-aware
adapter designed to preserve dominant pre-trained
singular directions while concentrating its most
flexible adaptation in the low-energy spectral tail.
This structure aims to support target adaptation
while limiting disruption to previously reliable
model behavior.

Using our dual-axis framework, we compare
UIOrthoLoRA with LoRA, DoRA, and VeRA
across learning-rate and capacity sweeps on
Llama-3.2-3B-Instruct and Gemma-3-12B-IT, us-
ing model-specific subsets derived from TriviaQA
and HotpotQA. Our results show that retention is
strongly affected by both optimization and adapter
structure. LoRA and DoRA exhibit abrupt degra-
dation under aggressive learning rates, whereas
VeRA and UIOrthoLoRA degrade more gradually.
Among configurations achieving comparable target
performance, higher-capacity adapters generally
preserve more of the base model’s prior generation
behavior. Across the evaluated models and datasets,
UlIOrthoLoRA improves the observed retention—
adaptation trade-off relative to the evaluated base-
lines, with the clearest advantage under constrained
parameter budgets.

Our main contributions are:

* A generation-level evaluation framework
that jointly measures target adaptation and
retention of previously reliable generations
using model-specific error and known sets.

* A prompt-level Negative Shift measure
that identifies severe collapses in correct-
generation reliability after adaptation.

* A systematic analysis of PEFT adaptation
dynamics across adapter mechanisms, learn-
ing rates, and capacity tiers.

e UIOrthoLoRA, a new spectrum-aware
adapter that concentrates adaptation in the
low-energy spectral tail and improves the ob-
served retention—adaptation trade-off relative
to the evaluated baselines, particularly at small
capacity.

* Reusable evaluation artifacts, including
model-specific splits, generation scores, and
learning-rate and capacity sweep results.

Research questions. We organize our analysis
around three questions: RQ1, how learning rate
and adapter capacity affect the retention—adaptation
trade-off; RQ2, how different adapter parameter-
izations shape the severity and trajectory of gen-
eration degradation; and RQ3, whether spectrum-
aware structural constraints improve retention at
comparable adaptation performance.

2 Related Work

Forgetting in Adapted Language Models.
Freezing pre-trained parameters does not guarantee
preservation of the base model’s behavior, because
the adapter still changes the function computed by
the model. Prior work documents degradation of
pre-trained capabilities after downstream adapta-
tion (Luo et al., 2023; Kotha et al., 2024). In factual
adaptation, Pletenev et al. (2025) estimate model-
specific knowledge through repeated generations
and track transitions between Unknown, Maybe-
Known, and HighlyKnown states after LoORA adap-
tation. Their results show that learning new facts
can disrupt previously reliable answers and reduce
external benchmark performance. Biderman et al.
(2024) further show that LoRA generally forgets
less than full fine-tuning, but may also learn less
when the target update is difficult to express at low
rank. These findings motivate evaluating adapta-
tion and retention jointly.

PEFT Mechanisms. LoRA (Hu et al., 2022) rep-
resents the update through two trainable low-rank
factors. DoRA (Liu et al., 2024) separates weight
magnitude from direction, while VeRA (Kopiczko
et al., 2024) learns scaling vectors over frozen
random projections. We compare these methods
because they represent distinct update parameter-
izations: learned low-rank directions, magnitude—
direction decomposition, and scaling over fixed
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projections. Our goal is not to rank all PEFT vari-
ants, but to examine how adapter structure affects
the retention—adaptation trade-off.

Retention-Aware and Spectral Adaptation.
Several methods constrain adaptation through sub-
space selection or spectral structure. MiLoRA
(Wang et al., 2025) initializes updates from minor
singular components, while CorDA (Yang et al.,
2024), SC-LoRA (Luo et al., 2025), LoRA-Null
(Tang et al., 2026), and CLoRA (Lu et al., 2025)
use activation- or null-space-based constraints to re-
duce interference. O-LoRA (Wang et al., 2023) as-
signs successive tasks to orthogonal low-rank sub-
spaces. Related spectral methods include PiSSA
(Meng et al., 2024), which adapts principal singu-
lar components, LoRA-XS (Batazy et al., 2024),
which freezes singular bases and learns a compact
transformation, and LASER (Sharma et al., 2024),
which removes lower-order components.

UIOrthoLoRA aims to observe the entire train-
ing dynamic through an SVD spectrum lens. It dif-
fers from existing methods by partitioning the pre-
trained spectrum into regions with distinct adapta-
tion regimes. It preserves dominant singular direc-
tions, permits magnitude adaptation in intermediate
components, and restricts its most flexible direc-
tional changes to rotations within the low-energy
tail. These rotations remain within the selected tail
subspaces before channel-wise feature scaling. The
architecture also incorporates unit-invariant feature
scalers following Uhlmann (2018).

3 Methodology

This section first presents our generation-level
framework for measuring target adaptation and
retention of previously reliable outputs. We
then introduce UIOrthoLoRA, the spectrum-aware
adapter evaluated under this framework.

3.1 Generation-Level Evaluation of
Adaptation and Retention

We evaluate an adapted model along two com-
plementary axes. The adaptation axis measures
whether the model learns to generate answers that
the base model consistently failed to produce. The
retention axis measures whether answers that were
reliable before adaptation remain reliable after-
ward.

Repeated-Generation Score. Let = denote a
question and A(z) its set of reference answers.

TriviaQA distributes several accepted surface forms
(aliases) of each answer, and .A(x) contains all of
them; HotpotQA provides a single gold answer
string. Given a model M, we independently sample
N = 10 responses, denoted by {g)](\? (z)}Y,. Bach
response is matched against .A(z) using the answer-
normalization and matching procedure specified
in Appendix B. We define the empirical correct-
generation rate as

Sar(x) = %ZH (350 () matches A(z)] . (1)
i=1
Thus, Sy(x) € {0,0.1,...,1.0} estimates how
reliably model M generates a correct answer under
the fixed prompting and decoding protocol. We
write Spre () for the frozen base-model score and
Spost () for the post-adaptation score.

Adaptation Axis. For each base model and
source dataset, we construct a model-specific error
set:

Derr = {z : Spre(z) = 0}. (2)

This set contains questions for which the base
model produces no correct answer across the ten
sampled generations. We derive D, from the
training splits of TriviaQA (Joshi et al., 2017) and
HotpotQA (Yang et al., 2018), and train adapters
exclusively on the corresponding error set.

We measure target adaptation using the mean
post-adaptation correct-generation rate:

Z Spost ($) (3)

xeDerr

1
Adaptation = ——
’Derr ‘

Because every example in D, has a pre-adaptation
score of zero, and because adapters are trained
on De,, itself, this quantity measures the model’s
acquisition of the target answers on the training
examples; it does not measure generalization to
held-out questions.

Retention Axis. We evaluate intrinsic retention
on the model-specific known set:

Dxnown = {J} : Spre(-r) = 1} . 4)

These are prompts for which the base model gener-
ates a correct answer in all ten samples. Restricting
retention evaluation to this set distinguishes disrup-
tion of previously reliable outputs from ordinary
uncertainty on prompts that the base model did
not answer consistently. We use the strictest cri-
terion, Spe(z) = 1, because it keeps attribution
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clean: a later collapse on these prompts reflects a
change in behavior rather than pre-existing uncer-
tainty. Relaxing the criterion (for example, admit-
ting prompts with Spe(2) > 0.9) would enlarge
Drnown at the cost of including prompts whose
degradation is harder to separate from sampling
variability; Appendix G examines the analogous
choice on the collapse-threshold side.

Negative Shift. Aggregate accuracy can conceal
severe changes affecting individual prompts. For
T € Dixnown. We define a prompt-level Negative
Shift event as

Ins(z) = I[Spre() — Spost(x) > 7].  (5)

We set 7 = 0.8. Because every prompt in Dy own
has Spre(z) = 1, a Negative Shift occurs when
Spost () < 0.2. It therefore captures a transition
from consistently correct to predominantly incor-
rect generation while excluding smaller changes
that may arise from sampling variability. Ap-
pendix G shows that the principal comparative
trends remain similar under an alternative thresh-
old.

We aggregate these events into a severity-
weighted total, where each event is weighted by
the size of its collapse in the correct-generation
rate:

NS = Z HNS (33) [Spre(x) - Spost (x)] .

ZEDknown
(6)

Because every counted event satisfies Spye(z) —
Spost(z) > 7 = 0.8, this total closely tracks the
number of severely degraded prompts, and we refer
to it simply as the Negative Shift of a configura-
tion; reported values are given as whole numbers.
Lower values indicate stronger retention of previ-
ously reliable outputs. Because |Dypown| differs
across models and datasets (Table 1), we also re-
port each value as a percentage of |Dypown|, Which
places all settings on a common scale.

External Retention. To assess broader capabil-
ity degradation, we additionally evaluate zero-
shot accuracy on MMLU (Hendrycks et al., 2021)
and BIG-bench-9, comprising nine BIG-bench
multiple-choice tasks (Srivastava et al., 2023). The
included tasks are listed in Appendix A.

When reporting a single external-retention score,
we use their unweighted mean:

MMLU + BIG-bench-9
5 )

(7

ext —
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Negative Shift localizes severe changes to individ-
ual prompts, while MMLU and BIG-bench-9 mea-
sure broader degradation in knowledge and reason-
ing.

Retention—-Adaptation Trade-Off. For each
trained configuration, we plot adaptation against
Negative Shift and against R.y¢. Higher adaptation,
lower Negative Shift, and higher external retention
are preferred. These plots characterize how genera-
tion behavior changes across adapter mechanisms,
learning rates, and capacity tiers.

3.2 UIOrthoLoRA

Standard PEFT adapters, including LoRA, DoRA,
and VeRA, parameterize their updates without ex-
plicitly accounting for the singular structure of the
pre-trained weight matrix. Related retention-aware
and spectral methods often use subspace informa-
tion to initialize or constrain a low-rank update.
UIOrthoLoRA instead uses the pre-trained singular
bases to define the core coordinate system of the
adapter throughout training.

The central idea is to assign progressively greater
adaptation flexibility to lower-energy spectral com-
ponents. Within the core spectral parameterization,
dominant singular directions remain fixed, inter-
mediate directions permit coefficient adjustment,
and the most flexible directional changes are re-
stricted to orthogonal transformations within the
low-energy spectral tail. This design aims to pre-
serve the high-energy structure of the pre-trained
matrix while using less emphasized directions for
task-specific adaptation. Figure 1 summarizes the
architecture.

For a frozen pre-trained weight matrix Wy €
Réoutxdin we compute the thin SVD

Wo = U diag(o)V T, (8)
where U € R%ut*" and V' € R%»*" have orthonor-
mal columns, and o € R”, with r = min(doyt, din)
and o1 > --- > o, > 0. We partition the singular
bases into dominant, intermediate, and tail regions:

U = [Umaj Umid Utail) ;

©
V = [Vinaj Vimid Vtaill -

Two hyperparameters control the partition: the
blocks contain r — ka1, kval — Kkvee, and FKyec
columns, respectively, where 0 < kyee < kyal < 7
The trailing k., components have trainable adapter
coefficients, while the trailing kye. components
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Figure 1: Architectural overview of UIOrthoLoRA. The pre-trained weight matrix is decomposed into its singular
components (U, diag(o), V') and partitioned into the dominant, intermediate, and tail regions of Section 3.2. The
dominant components are frozen, and the identity block I fixes their coefficients to one. Intermediate components
have trainable spectral coefficients (auiq). The tail, treated as an effective null space, has trainable coefficients
(avai1) and trainable rotations (R, Ry ). Global scaling vectors (D, E) modulate the unit-invariance.

additionally permit directional adaptation. Here,
amiq and ay,;) denote free adapter coefficients, dis-
tinct from the corresponding singular values of Wj.

UlIOrthoLoRA applies a different adaptation
regime to each region:

* Dominant region. The singular bases remain
frozen and their coefficients in the core spectral
parameterization are fixed to one. This region
therefore introduces neither new spectral direc-
tions nor region-specific trainable spectral coeffi-
cients.

 Intermediate region. The singular bases remain
frozen, while their spectral coefficients a,;q €
RFvai—hvec are trainable. The core adapter may
therefore vary its contribution along these exist-
ing spectral directions while keeping their bases
fixed.

* Tail region. The low-energy tail is treated
as an effective null-space region. Its spectral
coefficients ayn; € RPFvee are trainable, and
its bases are adapted within their existing sub-
spaces through trainable orthogonal transforma-
tions Ry, Ry € O(k’vec).

The resulting adapter bases and coefficients are

ﬁ = [Umaj Umid UtailRU]v
V = [Vmaj Vmid ‘KcailRV] P

1 rT— kval
mid
Olgail

(10)

a:

With trainable input and output feature scalers

D € R%» and E € R%ut, the adapter update is
AW = diag(E)U diag(a)V " diag(D), (11)
and the adapted layer computes

h=(Wo+ AW)z. (12)

The adapted tail bases remain orthogonal to
the frozen dominant and intermediate bases.
UIOrthoLoRA preserves the pre-trained spectral
coordinate system in the higher-energy component,
while concentrating its most flexible directional
adaptation in the low-energy tail. Relative to the
original singular bases, any cross-region mixing is
introduced only through the outer feature scalers
D and E.

Details of the one-time SVD, parameter initial-
ization, orthogonal parameterization, sequential
forward computation, and trainable-parameter ac-
counting are provided in Appendix D.

4 Experiments and Results

We use the generation-level framework of Sec-
tion 3.1 to study how PEFT changes previously re-
liable outputs, and we organize the analysis around
our three research questions: the effects of op-
timization and capacity (RQ1), the differences
among adapter mechanisms (RQ?2), and whether
spectrum-aware structural constraints mitigate the
observed degradation (RQ3).

4.1 Experimental Setup

We compare UIOrthoLoRA with LoRA (Hu et al.,
2022), DoRA (Liu et al., 2024), and VeRA

502



Model Dataset |Derr| | Dxnown|
TriviaQA 32,799 43,724
Llama-3.2-3B - poooiQA 11323 4.612
TriviaQA 20469 28,147
Gemma-3-12B i 00QA 10938 4723

Table 1: Model-specific error and known set sizes.

(Kopiczko et al., 2024). These baselines repre-
sent learned low-rank factors, magnitude—direction
decomposition, and learned scaling over frozen ran-
dom projections, respectively.

Experiments use Llama-3.2-3B-Instruct (Al @
Meta, 2024) and Gemma-3-12B-IT (Gemma Team,
2025). Each model is adapted on model-specific
error sets derived from the training splits of Trivi-
aQA (Joshi et al., 2017) and HotpotQA (Yang et al.,
2018). Throughout the results, adaptation accuracy
is therefore measured on the same examples used
for training: it reflects target-answer acquisition
rather than generalization to held-out questions (see
Limitations). All adapters within a model—dataset
setting use the same error and known sets. Table 1
reports their sizes.

Across the experimental grid, learning rates span
1079 to 1072, with the exact values varying by
model—dataset setting as detailed in Appendix C.
We group configurations by trainable parameter
count p into small (p < 10M), medium (10M<
p < 100M), and large (p > 100M) tiers. VeRA is
represented only in the small-capacity tier in our
evaluated grid.

All adapters target the same attention and feed-
forward projection modules. Complete training and
inference settings are provided in Appendices A
and C. We evaluate each configuration using adapta-
tion accuracy on Dey, Negative Shift (Equation 6)
on Dy own, and zero-shot accuracy on MMLU and
BIG-bench-9. Table 2 summarizes the main results.

4.2 RQ1: Effects of Optimization and
Capacity

4.2.1 Learning-Rate Sensitivity

Figure 2 shows the complete learning-rate sweep
for Gemma-3-12B-IT adapted on HotpotQA. Cor-
responding results for the other model-dataset set-
tings are provided in Appendix E.

Learning rate strongly affects both adaptation
and retention. Increasing the learning rate initially
improves target-answer acquisition, but aggressive
optimization can sharply increase Negative Shift

Gemma-3-12B-IT | HotpotQA

Negative Shift External Retention (Rext)
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Figure 2: Learning-rate sweep for Gemma-3-12B-IT
adapted on HotpotQA. Each row is one adapter method
and each point is one trained configuration, with color
encoding the learning rate; the vertical axis is adaptation
accuracy on the training error set. The left column plots
each configuration against its Negative Shift (lower is
better) and the right column against external retention
Rex (higher is better), so reliable configurations appear
in the upper left of the left panels and the upper right of
the right panels.

and reduce external benchmark accuracy. High
target accuracy alone is therefore insufficient to
identify a reliable adapted model.

The shape of this degradation differs across
adapter mechanisms. LoRA and DoRA exhibit an
abrupt transition: beyond a relatively narrow stable
region, their Negative Shift rises rapidly and their
external scores decline, with MMLU approaching
0.20 in the most degraded configurations. VeRA
and UIOrthoLoRA follow a more gradual trajec-
tory, with retention declining more smoothly as the
strength of adaptation increases.

These results answer the optimization compo-
nent of RQ1: the retention—adaptation trade-off
is highly sensitive to learning rate, and the most
aggressive configuration is not a reliable one.

4.2.2 Adapter Capacity

A common heuristic in PEFT practice is mini-
mal necessary capacity: one should use the small-
est adapter that fits the target task. This view is
grounded in the intrinsic-dimensionality perspec-
tive of Aghajanyan et al. (2021), which shows
that downstream optimization occurs in a low-
dimensional subspace, and it is operationalized by
methods such as AdaLoRA (Zhang et al., 2023),
which prune parameter budgets during training.

503



| TriviaQA | HotpotQA
Method | Adaptation Retention | Adaptation Retention
|  Acct Neg. Shift | MMLU 1 BIG-bench-9 1| Acc? Neg. Shift | MMLU 1 BIG-bench-9
Gemma-3-12B-IT
Base Model ‘ - 0 0.715 0.638 ‘ 0 0.715 0.638
Small
VeRA 0.976 8,463 (30.1%) 0.691 0.607 0.993 1,624 (34.4%)  0.661 0.607
UIOrthoLoRA 0.982 8,523 (30.3%) 0.696 0.582 0.985 1,548 (32.8%) 0.678 0.629
LoRA 0.996 8,920 (31.7%) 0.691 0.611 0.990 1,589 (33.6%) 0.690 0.618
DoRA 0.997 8,825 (31.4%) — 0.625 0.989 1,571 (33.3%) 0.698 0.624
Medium
UIOrthoLoRA 0.982 8,430 (29.9%) 0.704 0.602 0.988 1,492 (31.6%)  0.691 0.597
LoRA 0.997 7,825 (27.8%) 0.703 0.641 0.994 1,488 (31.5%) 0.699 0.615
DoRA 0.997 8,114 (28.8%) 0.703 0.623 0.992 1,510(32.0%)  0.696 0.611
Large
UIOrthoLoRA 0.975 8,194 (29.1%) 0.702 0.604 0.988 1,523 (32.2%) 0.690 0.617
LoRA 0.997 7,639 (27.1%) 0.705 0.637 0.995 1,497 (31.7%) 0.705 0.633
DoRA 0.978 7,604 (27.0%) 0.705 0.627 0.993 1,514(32.1%)  0.704 0.624
Llama-3.2-3B-Instruct
Base Model | = 0 0.622 0.458 | = 0 0.622 0.458
Small
VeRA 0.925 13,805 (31.6%)  0.420 0.415 0.904 1,350(29.3%)  0.250 0.353
UIOrthoLoRA 0.935 10,088 (23.1%) 0.549 0.428 0.958 931 (20.2%) 0.530 0.419
LoRA 0.938 13,597 (31.1%)  0.342 0.397 0.942 1,066 (23.1%)  0.496 0.404
DoRA 0.952 13,910 (31.8%)  0.422 0.388 0.954 1,064 (23.1%)  0.512 0.417
Medium
UIOrthoLoRA 0.945 10,234 (23.4%) 0.544 0.440 0.960 906 (19.6%) 0.522 0.455
LoRA 0.961 8,967 (20.5%) 0.601 0.466 0.993 972 (21.1%) 0.548 0.459
DoRA 0.963 8,908 (20.4%) 0.601 0.468 0.994 982 (21.3%) 0.561 0.461
Large
UIOrthoLoRA 0.943 10,108 (23.1%)  0.559 0.416 0.960 870 (18.9%) 0.549 0.449
LoRA 0.966 8,703 (19.9%) 0.601 0.456 0.994 892 (19.3%) 0.581 0.462
DoRA 0.968 8,556 (19.6%) 0.603 0.467 0.996 926 (20.1%) 0.570 0.455

Table 2: Balancing Adaptation and Retention (UIOrthoLoRA is our adapter). Adaptation is target accuracy (1)
on the training error set De,,, the same examples used for training, so it reflects target-answer acquisition rather
than held-out generalization; Retention is Negative Shift (Equation 6, |) on the known set Dypown (7 = 0.8;
in parentheses, its value relative to |Dypnown|, With split sizes in Table 1) together with zero-shot MMLU and
BIG-bench-9 accuracy (7). Rows report representative configurations, so the capacity figures, which require
adaptation > 0.98, may show different runs for the same method and tier; bold marks the best value per column
within each capacity tier, and a dash marks an evaluation that is unavailable or not applicable.

Under this view, a tighter bottleneck restricts de-
viation from the pre-trained solution and should
therefore also protect prior behavior. Our matched-
performance comparison tests this expectation di-
rectly.

and UIOrthoLoRA decreases from 1,548 to 1,492
while its external retention rises from 0.653 to
0.675.

The large configurations remain competitive, but
improvement is not monotonic for every method

To examine capacity while controlling for target
performance, Figure 3 compares Gemma-3-12B-IT
HotpotQA configurations achieving adaptation ac-
curacy of at least 0.98. Corresponding comparisons
for the other model—dataset settings are provided
in Appendix F.

The clearest improvement occurs when moving
from the small to the medium tier. LoORA’s Nega-
tive Shift decreases from 1,589 to 1,468, while its
external retention increases from 0.654 to 0.664.
DoRA similarly decreases from 1,571 to 1,461,

and metric. For example, UIOrthoLoRA achieves
its highest external retention in the medium tier
rather than the large tier. The results do not imply
that the largest possible adapter is always prefer-
able. Instead, they show that an overly narrow
update can require greater interference to reach the
same target accuracy, and that additional capacity
can improve retention in the evaluated matched-
performance comparisons.

Together, these findings answer the capacity
component of RQ1: among configurations achiev-
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Gemma-3-12B-IT | HotpotQA (adaptation = 0.98)
Negative Shift External Retention (Rext)

[DoRA
S 1,571 1 0.661
M A 1,461 1 0.671
L 1,514 1 0.664
ILoRA
S 1,589 1 0.654
M 1,468 1 0.664
L 1,497 1 0.669
[UIOrthoLoRA
S 1,548 1 0.653
M {1,492 I 0.675
L 1,523 1 0.654
VeRA
S I 1,624 I 0.634
0 1,000 2,000 0.60 0.65

Figure 3: Capacity comparison on Gemma-3-12B-IT
adapted on HotpotQA, grouped by adapter method and
capacity tier (S, M, L); VeRA appears only in the small
tier. Only configurations achieving adaptation accuracy
> 0.98 on the training error set and having complete
external evaluations are included; for each method and
tier, the left panel reports the lowest Negative Shift
and the right panel the highest external retention Ryt
among qualifying configurations, so the two panels may
reflect different runs. Lower Negative Shift and higher
Ryt are better.

ing similar adaptation performance, the smallest
adapter does not necessarily better preserve prior
behavior.

4.3 RQ2: Degradation Across Adapter
Mechanisms

The baseline adapters also differ in how the reten-
tion loss develops across the optimization sweep.
LoRA and DoRA learn update directions directly
and exhibit the sharpest degradation at aggressive
learning rates. VeRA restricts learning to scaling
over frozen random projections and follows a more
gradual trajectory, although it does not eliminate
forgetting and is represented only in the small-
capacity tier of our grid.

A plausible explanation for this divergence lies
in the parameterization of the update. LoRA
and DoRA learn their projection directions from
scratch, so at aggressive learning rates, the learned
directions can move the adapted function far from
the pre-trained weight distribution. VeRA and
UIOrthoLoRA instead operate over fixed vector
spaces: VeRA scales frozen, randomly initialized
projections, while UIOrthoLoRA adapts magni-
tudes over the frozen pre-trained spectral bases and
confines its directional changes to rotations within
the low-energy tail.

The intrinsic and external measures change to-
gether: configurations with large increases in Neg-

ative Shift also tend to show substantial declines
on MMLU and BIG-bench-9. This agreement in-
dicates that the prompt-level failures captured by
Negative Shift accompany broader degradation in
knowledge and reasoning.

These observations answer RQ2: existing
adapter mechanisms do not provide uniform pro-
tection against forgetting, and the parameteriza-
tion of the update affects the severity and trajec-
tory of degradation. The contrast between learned-
direction and structurally constrained adapters is
consistent with the hypothesis that limiting direc-
tional flexibility can reduce abrupt interference, al-
though the experiments do not establish this mech-
anism causally.

4.4 RQ3: Spectrum-Aware Structural
Mitigation

We next evaluate whether concentrating directional

adaptation in the low-energy spectral tail improves

the observed retention—adaptation trade-off.

UIOrthoLoRA provides its clearest advantage in
the small-capacity regime. On Gemma-3-12B-IT
adapted on HotpotQA, among small-capacity con-
figurations reaching adaptation accuracy of at least
0.98, UIOrthoLoRA attains the lowest Negative
Shift (1,548, or 32.8% relative to | Dxpown|), com-
pared with DoRA (1,571; 33.3%), LoRA (1,589;
33.6%), and VeRA (1,624; 34.4%), while maintain-
ing competitive external retention. We note that
these margins are narrow: the span across the four
methods is 76, or 1.6% relative to the known set,
and each number comes from a single training run,
so we read this ordering as an observed tendency
rather than a statistically separated result.

The same pattern is particularly strong for
Llama-3.2-3B-Instruct adapted on TriviaQA. Small
UlIOrthoLoRA reaches adaptation accuracy 0.935
while retaining an MMLU score of 0.549, com-
pared with 0.342 for LoRA, 0.422 for DoRA, and
0.420 for VeRA. It also reaches a Negative Shift of
10,088 (23.1% relative to | Dypown|), substantially
lower than LoRA (13,597; 31.1%), DoRA (13,910;
31.8%), and VeRA (13,805; 31.6%). These small-
tier configurations sit below the 0.98 adaptation
gate used in the capacity figures, which is why the
corresponding comparison in Appendix F shows
no small tier for this setting.

At medium and large capacities, LoRA and
DoRA become more competitive and can equal or
exceed UIOrthoLoRA on individual retention met-
rics. UIOrthoLoRA therefore does not dominate
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every method in every configuration. Its strongest
evidence lies in the small-capacity results and in its
smoother degradation across learning rates.

These findings answer RQ3 within the evalu-
ated settings: restricting the most flexible direc-
tional adaptation to the low-energy spectral tail can
improve retention while maintaining competitive
target adaptation, particularly under constrained
parameter budgets. The results do not establish
superiority over retention-aware methods that were
not included in the empirical comparison.

5 Conclusion

We studied how parameter-efficient fine-tuning
changes outputs that an instruction-tuned language
model previously generated correctly and reliably.
We introduced a dual-axis evaluation framework
that measures target adaptation and retention from
repeated generations, together with Negative Shift,
which identifies severe collapses in previously reli-
able generation.

Our experiments show that retention depends
strongly on optimization, capacity, and adapter
structure. For RQ1, the learning rate has a pro-
nounced effect on the retention—adaptation trade-
off: aggressive optimization can sharply increase
the Negative Shift and reduce the external bench-
mark performance. Among configurations achiev-
ing a comparable target adaptation, moving from
small to medium capacity improves retention. For
RQ2, LoRA and DoRA exhibit relatively abrupt
degradation at aggressive learning rates, whereas
VeRA and UIOrthoLoRA follow smoother reten-
tion trajectories, indicating that the adapter param-
eterization affects not only how much behavior is
disrupted, but also how that disruption develops
during adaptation.

For RQ3, UIOrthoLLoRA provides its clearest ad-
vantage under constrained parameter budgets. By
preserving the dominant pre-trained singular bases,
it improves retention in the small-capacity settings
while maintaining competitive target adaptation. At
larger capacities, the baselines become more com-
petitive, and no method dominates every retention
measure.

Overall, our results show that an adapted model
should be evaluated by its generation reliability.
Generation-level retention analysis provides a di-
rect way to expose such failures and to compare
adapter configurations that achieve similar target
performance.
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Limitations

Several limitations should be considered when in-
terpreting our study.

Adaptation is measured on the training targets.
The adaptation axis is evaluated on the same error-
set examples used to train each adapter, so it mea-
sures whether the model learns to generate the tar-
get answers rather than generalization to held-out
target questions.

Dependence on sampling and decoding. Gener-
ation scores are estimated from ten sampled genera-
tions under a fixed prompting and decoding config-
uration (temperature, top-p, and prompt format). A
different configuration may yield different reliabil-
ity estimates, so the scores should be read relative
to this protocol.

Single run per configuration. Each reported
configuration corresponds to one training run (all
initializations use a fixed global seed; Appendix C),
and we report no variance estimates across train-
ing seeds and perform no statistical power analysis
(Miller, 2024). Small differences between methods,
on the order of a few dozen in Negative Shift on
known sets of several thousand prompts, should
therefore be read as single-run observations rather
than statistically separated results. The larger ef-
fects we emphasize, such as the abrupt learning-
rate degradation of LoRA and DoRA and Negative
Shift gaps of several thousand, are less likely to
reflect run-to-run variation, but we did not verify
this with repeated runs.

Scoring by alias matching. Correctness is deter-
mined by normalized matching against reference-
answer aliases, using the rules specified in Ap-
pendix B. The matcher can err in both directions.
It may miss semantically valid answers phrased dif-
ferently (for example, a numeric quantity written
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in words rather than digits), and its token-overlap
and fuzzy rules may accept incorrect responses that
share most tokens with a reference answer, such
as a response naming only part of a multi-part an-
swer or a near-identical but distinct entity name.
The scores therefore approximate rather than per-
fectly capture correct generation. Two properties
of the protocol limit, but do not remove, the effect
of matcher errors on our comparisons: membership
in Dy, own requires all ten base-model generations
to pass the matcher, so a spuriously accepted an-
swer must be produced consistently to contaminate
the known set, and the same matcher scores gen-
erations before and after adaptation, so Negative
Shift measures a change in matcher-judged behav-
ior under identical acceptance rules. Re-scoring
the framework under stricter matching, such as ex-
act match only, is a robustness check we consider
valuable future work.

Negative Shift threshold. Negative Shift uses
7 = 0.8 to emphasize severe collapses in the
correct-generation rate; smaller but meaningful
degradations do not enter the aggregate, and the
threshold is interpretable but not universally opti-
mal.

Scope of evaluation. Our study covers English
factual question answering and selected external
reasoning benchmarks. Long-form generation, dia-
logue, multilingual, and code settings are not eval-
uated, and benchmark retention does not guarantee
preservation of all capabilities in deployment.

UIOrthoLoRA overhead. UIOrthoLoRA com-
putes a one-time SVD of each adapted weight ma-
trix and stores the resulting spectral factors, adding
initialization cost and memory relative to standard
low-rank adapters. It also introduces two structural
hyperparameters (kya1, kvec) Whose optimal setting
may depend on the model and target domain; we
use static values and leave dynamic or learned allo-
cation to future work.

Baseline scope. Our empirical comparison fo-
cuses on LoRA, DoRA, and VeRA because they
represent learned low-rank directions, magnitude—
direction decomposition, and learned scaling over
frozen random projections. We do not compare
directly against all retention-aware initialization
and subspace methods discussed in Section 2. The
results should therefore be interpreted as a com-
parison among the evaluated mechanisms, not as

evidence of superiority over all retention-aware
PEFT methods.

Risks. Adaptation can silently degrade outputs
that were previously reliable while leaving overall
fluency intact. In deployment, this may create mis-
placed confidence that a specialized model retains
all capabilities of its base model. Generation-level
regression evaluation can help expose such failures,
although it does not guarantee reliability outside
the evaluated prompts and decoding settings.

Supplementary Material Statement

Appendices A and C specify the complete inference
and training configurations, including the prompt-
ing and decoding protocol, per-setting learning-rate
grids, and optimizer settings; Appendix B specifies
the full answer-matching procedure. Appendices D
and H detail the UIOrthoLoRA implementation
and algorithm. Appendices E-G report the full
learning-rate sweeps, the capacity comparisons for
all model—dataset settings, and the Negative Shift
threshold-sensitivity analysis.

Data Availability Statement

TriviaQA, HotpotQA, MMLU, and BIG-bench
are existing, publicly available datasets. Our
implementation, the model-specific error and
known splits, per-prompt pre-adaptation and post-
adaptation generation scores, and the complete
learning-rate and capacity sweep results are avail-
able at https://github.com/Guy-Bilitski/
what-did-my-adapter-break.
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A Inference Details

To ensure reproducibility across both intrinsic
(knowledge injection) and extrinsic (reasoning)
evaluations, all inferences were conducted with the
Language Model Evaluation Harness (1Im_evall)
using bfloat16 precision.

Intrinsic Evaluation (Targeted QA). For the
TriviaQA and HotpotQA evaluations, we fol-
lowed the repeated-generation probing protocol
of Pletenev et al. (2025) in a 5-shot setting
(num_fewshot=5). For each prompt, we generated
N = 10 independently sampled responses under
the same prompt and decoding configuration. The
generated responses were scored with the answer-
matching procedure specified in Appendix B. The
system prompt was:

“You are a trivia assistant. Answer each
question with only the entity name, noth-
ing else.”

We formatted five demonstrations as user-assistant
turns (e.g., “What is the capital of France?” —
“Paris”) with temperature=0.5, top_p=0.9, and
max_new_tokens=20.

Extrinsic Evaluation (MMLU & BIG-bench).
Broad-spectrum evaluation was conducted in the
following way:

* MMLU: Evaluated in a zero-shot setting
(num_fewshot=0) to isolate the model’s zero-
shot retrieval of world knowledge.

"https://github.com/EleutherAl/
Im-evaluation-harness

e BIG-bench-9: Evaluated across nine selected
BIG-bench multiple-choice tasks: Analytic
Entailment, Cause and Effect, Conceptual
Combinations, Causal Judgment, Analogical
Similarity, Common Morpheme, Logical De-
duction, Logical Sequence, and Odd One Out.

B Answer Matching Procedure

This appendix specifies the procedure that decides
whether a generated response counts as correct in
Equation 1. It documents the exact implementation
used to produce all reported scores; the same proce-
dure is applied to every generation, before and after
adaptation, and is included in the released code.

Reference answers. For TriviaQA, A(z) con-
tains the alias list distributed with the dataset (the
normalized_aliases field together with the nor-
malized answer value), which enumerates accepted
surface forms of the same answer. For HotpotQA,
the dataset provides a single gold answer string, so
A(x) has one entry.

Response extraction. Each generated response
is stripped of surrounding whitespace, and a
leading “answer:” prefix is removed when
present (case-insensitive). No other truncation
is applied, so the full generated string (up to
max_new_tokens=20) enters the matcher.

Normalization. The response and each reference
answer are normalized identically before compar-
ison: Unicode accents are removed (NFD decom-
position, dropping nonspacing combining marks,
Unicode category Mn), text is lowercased, each
punctuation character is replaced by a space, the ar-
ticles “a”, “an”, and “the” are removed, and whites-
pace is collapsed.

Matching rules. A response is counted as cor-
rect if it matches any reference answer in A(x).
For each reference answer, the following rules are
applied in order:

1. Digit gate. Numbers are extracted from the
raw (pre-normalization) strings using the pattern
=Nd+(?:,\d+H)*(?:\.\d+)?. If either string
contains numbers, the two extracted number sets
must be exactly equal; otherwise this reference
answer is rejected without applying the remain-
ing rules.

2. Exact match. The normalized strings are equal.
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3. Token overlap. Treating each normalized string
as a set of tokens, and provided both sets are
non-empty: the response tokens are a subset of
the reference tokens; or the reference tokens are
a subset of the response tokens and the response
contains at most two additional tokens.

4. Fuzzy match. The rapidfuzz
token_sort_ratio between the two nor-
malized strings is at least 85.

Properties and consequences. The digit gate
makes numeric answers strict, and strict in a lit-
eral sense: a response and a reference expressing
the same quantity in different forms (“12 thousand”
versus “12,000”) do not match. The token-overlap
and fuzzy rules are deliberately permissive toward
word order and short paraphrases, which reduces
false negatives on entity answers but can also ac-
cept responses a stricter matcher would reject, for
example a response naming only one part of a multi-
part answer, or a near-identical but distinct name
that clears the fuzzy threshold. The Limitations
section discusses how these error modes bear on
our measurements; the central mitigating property
is that the identical matcher scores pre-adaptation
and post-adaptation generations, so every compar-
ison in the paper is between quantities measured
under the same acceptance rules.

C Training Details

All parameter-efficient fine-tuning was executed

using the Hugging Face trl SFTTrainer?.

Optimization Setup. Models were trained for 10
epochs using the Fused AdamW optimizer. We
applied a cosine learning-rate scheduler with a
warmup ratio of 0.05. The maximum gradient norm
was clipped at 1.0. Training was conducted with
a per-device batch size of 64 and a maximum se-
quence length of 1024 tokens. All training utilized
bfloat16 precision to match the base models.

Adapter Configurations and Sweeps. All base-
line adapters were applied comprehensively across
all linear layers in the attention and feed-forward
blocks (g_proj, v_proj, k_proj, o_proj,
gate_proj, up_proj, down_proj). The LoRA
scaling scalar o was fixed at 32, and dropout was
disabled (0.0).

2https://huggingface.co/docs/trl/sft_trainer

To rigorously establish the optimal Pareto fron-
tier for all adapters, we swept learning rates span-
ning 1076 to 1072,

+ Gemma-3-12B-IT, HotpotQA: 1075, 5x 1076,

1075, 5x107°, 1074, 5x1074, 1073, 5x1073,

1072

e Gemma-3-12B-IT, TriviaQA: 5x1076, 1072,
5x107°, 1074, 5x107%, 1073, 5x 1073, 10~2;

* Llama-3.2-3B-Instruct, HotpotQA: 5x 1076,
1075, 5x1075, 1074, 5x1074, 1073, 5x 1073,
1072

» Llama-3.2-3B-Instruct, TriviaQA: 1075,
5%1075,107%,5x1074,1073, 5x 1073, 102,
All randomized initializations (e.g., standard LoORA
matrices or orthogonal rotations) were anchored to
a global seed of 42 to ensure deterministic initial-

ization across runs.

D UlOrthoLoRA Implementation Details

D.1 Forward Pass and Parameter Efficiency

During training we avoid materializing the dense
update matrix AW and instead apply the adapter
sequentially. We use the row-vector batch conven-
tion X € RB*L*din for which the adapter branch
computes X (AW)T with AW as in Equation 11:

D v &
X ®—> Xsc X—> Hproj % Hscale (13)

xUT OF
— Yout — Yﬁnal

Here D € R%n scales the input features, 1% projects
them onto the (partly rotated) right singular direc-
tions, the coefficients a scale the latent activations,
U maps back to the output space, and E € R%ut
applies output scaling; the result is added to the
frozen base output X VVOT .

The trainable parameters are the diagonal
scalers D and FE, the coefficients «y,;q and
Qyail, and two orthogonally parametrized ma-
trices Ry, Ry € O(kyec), implemented using

torch.nn.utils.parametrizations.orthogonal.

This keeps the number of trainable parameters
comparable to standard low-rank adapters while
leaving the dominant singular bases fixed. The
coefficients ay,;q and «y,; are initialized to the
corresponding singular values of W, and the
scalers are initialized to D = 0.1 and £ = 0.1.

D.2 Efficient Spectral Initialization

A naive implementation that recomputed the
SVD at every forward pass would be prohibitive
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(O(min(mn?, m?n))). We instead perform the de-

composition once. At initialization we compute a
single SVD of the pre-trained weight W), partition
the resulting factors U, o, and V| into the domi-
nant, intermediate, and tail regions of Section 3.2,
and register them as frozen, non-trainable factors
that are saved with the adapter checkpoint and re-
ceive no gradient updates. The SVD is not recom-
puted during training: each adapter update reuses
these frozen factors together with the trainable co-
efficients ayyig, ey and rotations Ryy, Ry. The
UIOrthoLoRA algorithm is given in Algorithm 1
(Appendix H).

E Learning-Rate Sweeps Across
Model-Dataset Settings

Figures 4-6 give the complete per-configuration
learning-rate sweeps for the three model-dataset
settings not shown in the main paper, using the
same axes as Figure 2: target adaptation against
Negative Shift (|) and against external retention
(unweighted mean of MMLU and BIG-bench-9 ac-
curacy, T). Each point is one trained configuration
and color encodes the learning rate; the per-setting
learning-rate grids are listed in Appendix C.
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Figure 4: Learning-rate sweep for Gemma-3-12B-IT
adapted on TriviaQA.
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Figure 5: Learning-rate sweep for Llama-3.2-3B-
Instruct adapted on HotpotQA.
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Figure 6: Learning-rate sweep for Llama-3.2-3B-
Instruct adapted on TriviaQA.

F Capacity Comparisons Among
Matched-Adaptation Configurations

Figures 7-9 give the capacity comparisons for the
three model—dataset settings not shown in the main
paper, using the same convention as Figure 3: only
configurations meeting the adaptation threshold
(accuracy > 0.98) and having complete external
evaluations are displayed, grouped by capacity
tier (small, medium, large; by trainable parame-
ter count). A bar is absent when no configuration



in that method-tier met the adaptation threshold;
this is distinct from tiers that were not evaluated
(VeRA, whose capacity is effectively fixed, appears
only in the small tier and only where a qualify-
ing small-capacity configuration exists). No bars
are added for configurations that did not meet the
threshold. Concretely, for Llama-3.2-3B-Instruct
on HotpotQA (Figure 8) only UIOrthoLoRA has
a small-tier configuration that meets the threshold,
and on TriviaQA (Figure 9) no small-tier configu-
ration of any method reaches it, so the small tier
is absent from that comparison. Small-tier config-
urations for these settings do exist in the sweep
but remain below the 0.98 gate; Table 2 reports
representative small-tier runs selected without this
gate.

Gemma-3-12B-IT | TriviaQA (adaptation = 0.98)
Negative Shift External Retention (Rext)

[DoRA

S 4 8,923 4 0.664

M A 8,114 4 0.667

LA 7,604 g 0.674
ILoRA

S 8,920 4 0.651

M 7,825 E 0.672

L | 7,639 I 0.678
[UIOrthoLoRA

SH 8,523 B 0.646

M 8,430 E 0.653

LA 8,282 g 0.657
[VeRA

SH 10,022 B 0.641

0 5000 10,000 0.60 0.65 0.70

Figure 7: Matched-adaptation capacity comparison for
Gemma-3-12B-IT adapted on TriviaQA.

Llama-3.2-3B-Instruct | HotpotQA (adaptation = 0.98)
Negative Shift External Retention (Rext)

[DoRA
M A 982 g 0.511
L1 926 j 0.518
[LoRA
M A 972 g 0.504
L4 872 j 0.522
[UIOrthoLoRA
S 1,415 {0295
M - 1,276 g 0.344
LA 1,215 g 0.331
0 1,000 0.30 0.40 0.50

Figure 8: Matched-adaptation capacity comparison
for Llama-3.2-3B-Instruct adapted on HotpotQA. Only
UIOrthoLoRA has a small-tier configuration meeting
the > 0.98 adaptation threshold in this setting.

Llama-3.2-3B-Instruct | TriviaQA (adaptation = 0.98)
Negative Shift External Retention (Rext)

IDoRA

M 14,582 ] 0.450

L] 14,289 i 0.476
ILoRA

M 9,424 i 0.534
[UIOrthoLoRA

M | 15,678 ,:|0_350

L] 15,247 i 0.359
0 10,000 030 0.40 0.50

Figure 9: Matched-adaptation capacity comparison for
Llama-3.2-3B-Instruct adapted on TriviaQA. No small-
tier configuration of any method meets the > 0.98 adap-
tation threshold in this setting, so the small tier is absent.

G Sensitivity to the Negative Shift
Threshold

The main paper uses a Negative Shift threshold of
7 = 0.8 (Equation 5), which admits only severe
collapses in the correct-generation rate. To verify
that our comparative conclusions are not an arti-
fact of this specific value, we recomputed Negative
Shift under a more lenient alternative threshold,
7 = 0.6, for every trained configuration.

As expected, Negative Shift increases at the
lower threshold, because 7 = 0.6 additionally ad-
mits known-set prompts whose correct-generation
rate falls from 1.0 to as high as 0.4. The compar-
ative structure, however, is preserved: across all
four model-dataset settings, the per-configuration
Negative Shift values at 7 = 0.6 and 7 = 0.8 are
strongly rank-correlated (Spearman p between 0.93
and 0.98, over up to 194 configurations per setting).
The comparative patterns across adapter mecha-
nisms, learning rates, and capacity tiers are there-
fore similar under both thresholds, and the main-
paper conclusions do not depend on the choice
7 = 0.8. We emphasize that this is threshold ro-
bustness (similar comparative conclusions) rather
than identical values, which necessarily change
with 7.

Table 3 illustrates this stability for a represen-
tative learning-rate sweep. Both thresholds trace
the same trajectory (moderate degradation at small
learning rates, rising through the mid-range, and a
sharp increase at aggressive learning rates where
target adaptation itself collapses), with 7 = 0.6
shifted upward by a roughly constant offset.
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H UIOrthoLoRA Algorithm

Learning rate  Adaptation NS (7=0.8) NS (7=0.6)
107° 0.306 1,142 1,481
5x107° 0.967 1,573 1,732
1074 0.993 1,554 1,729
5x107% 0.997 1,943 2,140
1073 0.996 2,899 3,077
5x1073 0.023 3,874 4,094
1072 0.007 4,069 4,307

Algorithm 1 UIOrthoLoRA: Frozen Spectral Ini-
tialization & Forward Pass

Require: Base weight W, € R%utXdinspectral
dimension 7 = min(doyt, din)

Table 3: Negative Shift under the main threshold 7 =
0.8 and the alternative 7 = 0.6, for a representative
DoRA configuration (rank 16) on Gemma-3-12B-IT
adapted on HotpotQA, across learning rates from 107>
to 10~2. Values rise at the more lenient 7 = 0.6, but
both thresholds trace the same trajectory, so the compar-
ative trend is preserved.

Require: Hyperparameters: kya1 (trainable
adapter coefficients), kyec (adaptable tail
directions)

. Initialization (run once):

: U,0,VT + SVD(Wp)

D Ttrozen < T — Kvals  Tstable < 7 — Kvec

: # Slice and freeze spectral bases

UﬁX +— U

T :_ijrstable
. VﬁX < V

‘T'stables*

. afx < 1 € R"frozen {Dominant adapter coeffi-
cients fixed to one}

: # Initialize trainable parameters

9o a € RM «  init(o,,...) {a

[amid; atail] }

= Y T N T

e

10: Initialize trainable square matrices Ry, Ry €
RFvee X Evec

11: Register orthogonal parametriza-
tions on Ry and Ry
{torch.nn.utils.parametrizations.orthogonal}

12: Initialize D € R%» and E € R%u {Input and
output feature scalers}

13: Forward pass (input z € R%»):

14: # 1. Construct the adaptive tail bases

15: qadapt — Uy BU

16: Va—l(;apt A R;‘/T—srcableiﬂ

17: # 2. Concatenate fixed and adaptive compo-
nents

18: U + [Uﬁx,Uadapt]

19: & < [agix; o]

20: VT A [Vﬁl—(; Va—(gapt}

21: # 3. Compute the adapter output

22: h + VT (z ® D) {Project onto spectral coor-
dinates}

23: y + U(h ® &) {Apply coefficients and map
to output space}

24: return Wox + (y © E) {Residual connection}

I AI Assistants

We utilized Al assistants, such as ChatGPT, to as-
sist with code formatting, phrasing suggestions,
and LaTeX styling during writing. All outputs
were reviewed and edited by the authors, ensuring
no content was generated or used without human
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verification.
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