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Abstract

We introduce Global Factorized Adaptation
(GFA), a parameter-efficient fine-tuning primitive
that replaces LoRA’s IV per-module low-rank fac-
torizations with a single global factorization over
the concatenated weight update. The substitu-
tion targets a previously underexplored operating
point: LoRA-like per-step compute, competitive
accuracy against a strong per-module baseline,
and adapter budgets below the full-precision local
rank-1 floor. Across 17 (model, task) cells cover-
ing 11 unique tasks on RoBERTa-large, Qwen-
2.5-3B, and LLaMA-3.2-3B, GFA is competi-
tive with DoRA at a matched number of param-
eters. At the same time, GFA matches LoRA’s
median tokens-per-second and VRAM, whereas
DoRA pays a 24-74% wall-clock penalty. Un-
der an equal-module approximation, GFA uses
O(r+/d) trainable parameters rather than LoRA’s
O(rv/dN), yielding a v/N parameter-count ad-
vantage. This enables a sub-LoRA-r = 1 budget
anchor, that uses roughly 0.3 the parameters of
LoRA r = 1 while retaining at least 97% of rank-
16 accuracy on every evaluated decoder task.

1. Introduction

Parameter-efficient fine-tuning (PEFT) of foundation mod-
els has largely converged on the per-module low-rank up-
date (Hu et al., 2022; Houlsby et al., 2019; Ding et al., 2023).
For each target matrix W; € RPi*% ToRA learns

AW, = (Oé/T')BZ‘Ai, B; € Rpixr, A; e R™*4,

This design is fast and effective, but it fixes the unit of com-
pression to be the module. If adaptation updates contain
cross-layer or cross-module structure, then independent lo-
cal factorizations may spend parameters redundantly while
still imposing a hard rank cap on each module.
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GFA asks whether the low-rank constraint must be local.
Instead of learning [V independent factor pairs, we concate-
nate all target update coordinates, reshape them into one
near-square matrix, and learn a single global factorization
BA, and scatter the resulting update back to the original
module shapes. The frozen pretrained weights are never
factorized; only their additive perturbation is parameterized
globally.

Relation to shared PEFT. Several recent methods reduce
the parameter count of per-module PEFT by sharing or struc-
turing components: VeRA shares frozen random matrices
with learned scales (Kopiczko et al., 2024), Tied-LoRA ties
factors across layers (Renduchintala et al., 2024), VB-LoRA
uses a vector bank (Li et al., 2024), Uni-LoRA reconstructs
LoRA parameters from shared latent vectors (Li et al., 2025),
and RandLoRA uses frozen random bases to produce full-
rank updates (Albert et al., 2025). GFA differs from all
of these in what it factorizes: the trainable object is the
concatenated weight-update vector itself, not a shared com-
ponent inside the per-module LoRA parameterization. This
is what enables the sub-LoRA-r = 1 budget regime, which
is unreachable in the per-module template at full precision.

The /N parameter-count argument. Let d; = p;q; and
d =Y. d;. Equal-rank LoRA uses

Prora =71 _(pi + ¢)-

For N equal-size square modules with d; = d/N, this
becomes

PLoRA = 2rvdN.

GFA reshapes the concatenated update into M € R™*F
with mk > dand m ~ k ~ V/d, giving

Popa=r(m+k)= 2rV/d.

Thus, under the equal-module approximation,
Pro
PLiRA ~VN. 1)
GFA

At the ¢ + v attention scope used in our experiments, this
gives a 7.5x—9.7x trainable-parameter saving across the
three model families (N = 48 for RoBERTa-large, N = 72
for Qwen-2.5-3B, N = 56 for LLaMA-3.2-3B).
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Contributions.

1. We propose GFA, a global low-rank PEFT primitive that
moves the rank constraint from individual modules to
the concatenated adaptation vector.

2. We identify a sub-LoRA-r = 1 operating point, denoted
r = 1/2, that is unreachable by full-precision per-module
adapters without quantization or weight tying.

3. We provide an approximation lens showing that GFA and
LoRA are generally incomparable: global factorization is
favored when the reshaped global update has the smaller
budgeted spectral tail, while local LoRA is favored when
updates are locally low-rank but globally incoherent.

4. We report a rank-anchor sweep over 17 (model, task)
cells and an efficiency verification over 135 paired cells,
showing LoRA-like compute and DoRA-comparable ac-
curacy under a conservative tie-band convention, with
strict wins on the most capacity-sensitive cells.

2. Global Factorized Adaptation

Consider a frozen model with target matrices W; €
Rpixar Wy € RP¥NXIN and total target dimension
d=> , Piqi- The frozen weights W; are not factorized;
only their additive perturbations AW, are. GFA parameter-
izes the trainable perturbation in four steps.

Step 1: concatenate.
ordinate vector

Define the concatenated update co-

§ = [vec(AW1); ... ;vec(AWy)] € RY.

Step 2: reshape. Choose k = |V/d], m = [d/k], and
view ¢ (with at most k£ — 1 padding coordinates) as a matrix
M € R™**_ Padding entries are discarded after scattering
and receive no gradient signal.

Step 3: factorize. Learn factors B € R™*" and A €
R"™** with M = BA. We initialize B = 0 and sample
A ~ N(0,0?), so the initial update is 0 (mirroring LoRA).

Step 4: scatter. Let ¢; = ) ,_,p;q;. The effective
weights during training are -

Wfﬁ =W;+s- reshape(vec(BA)ci_lzci, Di, qi) ,

with fixed scale s = 1. Algorithm 1 computes only the rows
of BA intersecting each module slice.

The trainable count is 7(m + k) ~ 2r+/d, and the adapter
FLOPs are O(rd), matching equal-rank LoRA in order.
Like LoRA, GFA merges into the base weights after training,
so inference has no adapter overhead.

LoRA: N local pairs

modl mod2 mod3 mod N

params: 7 >, (p; + q;)
~ 2rvVdN

compute: O (rd)/step

GFA: one global pair

[slice of B - A scattered to all N]

params: 7(m + k) ~ 2rv/d
compute: O (rd)/step

GFA saves N/ N parameters under the equal-module approximation.

Figure 1. Local vs. global. LoRA gives each module its own pair.
GFA uses a global pair and scatters the slices back to the modules.

Algorithm 1 GFA forward pass. The implementation com-
putes only the slices. The m X k product is not materialized.

1: Input: frozen {W;}¥ ,, trainable B € R™*", A €
R™* scale s, boundaries {(c;, pi, ¢i)}

2: fori=1,...,N do

3: 0; < EXTRACTROWS(B, A, ¢;_1,¢;, k)

4:  out; « (W; + s - reshape(d;, pi, ¢;))x;

5: end for

Sub-LoRA-rank-1 budget anchor. Per-module low-rank
adapters have a positive full-precision rank floor at r=1:
LoRA 7=1 has trainable count ), (p; + ¢;), which can-
not be reduced without quantization or weight tying. GFA
can operate below this floor by choosing an integer-valued
global factorization whose trainable count lies below the
LoRA r=1 budget. We denote the corresponding ultra-low-
budget anchor by r=1/2 as a budget label only: it is short-
hand for a configuration whose trainable count is roughly
0.3x that of LoORA r=1 on the decoder settings, not a lit-
eral half-rank matrix factorization. All factor dimensions
remain integer-valued; the label simply places this point on
the same rank-normalized horizontal axis as LoRA.

Local rank is flexible, but not universally larger. LoRA
enforces rank(AW;) < r for every module. For example,
arank-16 LoRA update on a 1024 x 1024 attention matrix
lies on a manifold of dimension 16(1024 + 1024 — 16) =
32,512, far below the 1,048,576 entries of an unconstrained
full-rank update. GFA instead constrains only the rank of
the global reshaped update. After scattering, slices of a low-
rank global matrix can reshape into local module updates
whose rank exceeds the nominal global rank: even a single
row of B A can contain p;q; entries that reshape into a full-
rank p; X ¢; local matrix. Thus global rank 1 does not imply
local rank 1 after scattering. GFA removes the explicit local
rank cap while retaining a global coupling constraint; the
actual realized local rank depends on the learned factors and
the scatter geometry. We therefore frame GFA as a different
inductive bias rather than a strict superset of LoRA.
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3. Approximation Lens

The right theoretical comparison is not whether one hypoth-
esis class contains the other. In general, neither does. The
relevant question is which class gives a smaller approxima-
tion error under a fixed trainable budget.

Let A* = {AW}Y | be a target update, and define
M* = reshape ([vec(AW});...;vec(AWR)]) € R™*F,
Definition 3.1 (Budgeted errors). For budget P, define

& P) = : s M* - M 2
GFA( ) r: r(gﬁl»rli)gp ranlrg(lZ{/I[l)Sr H ”F’
and
b3 P)= min min ||AWX—X;||%.
alP)= o min ST i WXl

Proposition 3.2 (Oracle approximation criterion). Let
0j(M*) denote the singular values of the global reshaped
target, and o; j the singular values of AW}. Then

_ : . *\2
EGFA(P) - r: r(nr?i—rli)gp;gj (M ) ’

whereas

Erora(P) = min U? .
rora(P)= () Zm(mqi)g; ; 7
Thus GFA is favored when the globally reshaped update
has a smaller budgeted spectral tail than the best budgeted
collection of local low-rank approximations.

Proof. Vectorization and reshaping preserve the Euclidean
norm, so GFA’s oracle is the best rank-r approximation
of M™*, minimized over budget-feasible ranks. By Eckart—
Young-Mirsky, the rank-r error is >, o;(M *)2. For
LoRA, each module is approximated independently at rank
r;, and applying the same theorem module-wise gives the
second expression. O

Falsifiable prediction. If a high-quality proxy update, such
as a full fine-tuning delta or high-rank adapter delta, satisfies

Ecra(P) < Erora(P),

then global factorization has a representational explanation
at budget P. If the inequality reverses but GFA still wins, the
advantage must come from optimization, regularization, or
mismatch between the proxy update and the learned solution.
This makes the mechanism testable rather than assumed.

Incomparability. There are updates that are rank-one in
every local module but high-rank after global reshaping;
those favor LoRA. Conversely, a rank-one global matrix can
contain a row whose entries reshape into a high-rank local
module update; those favor GFA. We therefore frame GFA
as a different inductive bias, not as a universal improvement
over local adapters.

4. Decoder Families: Qwen and LLaMA

Figure 2 compares GFA, LoRA, and DoRA on Qwen-2.5-
3B-Instruct and LLaMA-3.2-3B-Instruct across six tasks
(arc_easy, arc_challenge, boolqg, obga, piga,
winogrande). The main observation is that GFA’s curve
is competitive with DoRA’s at every matched rank anchor,
with strict outside-band wins on capacity-sensitive cells,
while retaining LoRA-like per-step compute (Sec. 6). Many
at-rank gaps fall inside the +1.4pp tie band defined in Sec. 7;
these are reported as ties rather than wins.

Matched-rank behavior. On Qwen, GFA reaches 87.8 on
piga at 7=16, compared with DoRA’s 87.3 (40.5pp, in-
side the tie band). On arc_challenge, DoRA leads at
the lowest rank but GFA closes the gap and reaches 84.8
at =16, compared with DoRA’s 83.1 (+1.7pp, a strict
outside-band win). On LLaMA, GFA reaches 85.8 on
obga at r=16 versus DoRA’s 84.4 (+1.4pp, exactly at
the tie-band boundary; we report this as a tie rather than
as a strict win to be conservative). Several cells (Qwen
obgalarc_easy at r>4, LLaMA piga/boolq at r>8,
winogrande on LLaMA across all ranks) are within the
seed band; we treat those as ties. Counted strictly (excluding
ties), GFA’s at-rank wins concentrate at r € {1,2, 16}; the
middle ranks r € {4, 8} show higher tie rates as both meth-
ods saturate. The unambiguous outside-band wins at =16
on the decoder panels are Qwen arc_challenge and a
closing gap on Qwen winogrande; the encoder section
(Sec. 5) adds RoBERTa cola and rte.

Sub-LoRA-r = 1 retention. The leftmost GFA point on
each panel is the » = 1/2 budget anchor. LoRA’s minimum
positive rank is 1, about 230K parameters on Qwen ¢+v and
287K on LLaMA g+v. The GFA anchor lies at roughly 70K
parameters, roughly 0.3 x of LoRA r = 1. Retention from
rank-16 to 7 = 1/2 is high across all twelve panels, with ev-
ery task retaining at least 97% of its rank-16 accuracy. The
three largest drops are LLaMA winogrande (—2.5pp),
LLaMA piga (—1.6pp), and Qwen arc_challenge
(—1.5pp); the remaining decoder tasks drop by at most
1.2pp. For full visibility, Qwen drops are arc_easy
—0.3pp, boolg —0.6pp, winogrande —1.0pp, piga
—1.2pp, arc_challenge —1.5pp, and obga —1.0pp;
LLaMA drops are arc_easy —0.5pp, boolg —0.6pp,
arc_challenge —0.7pp, obga —0.6pp, piga —1.6pp,
and winogrande —2.5pp.

5. Encoder Family: RoBERTa-large

Figure 4 reports five GLUE tasks: cola, mnli, mrpc,
rte, and sst2. The encoder has N = 48 target matrices
at ¢ + v scope. Following standard GLUE practice, all
methods share the classifier head; we therefore plot adapter-
only counts.
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Decoder models: Qwen-2.5-3B (top) and LLaMA-3.2-3B (bottom)
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Figure 2. Two decoder families, six tasks each. Top row: Qwen-2.5 (N =72, d~226M). Bottom row: LLaMA-3.2 (N =56, d~201M).
Methods are placed at the parameter counts induced by LoRA ranks {1, 2,4, 8, 16}. GFA additionally carries the r = 1/2.
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Figure 3. Operating regime. Per-module methods are bounded
below by their integer-rank floor at = 1. GFA enters the shaded
sub-LoRA-r = 1 region by adjusting the global factorization size.

CoLA: a capacity-sensitive task. cola’s Matthews cor-
relation rises from 52.9 at LoRA r = 16 to 67.6 at GFA
r = 16, a +14.7pp gap; DoRA reaches 55.1, leaving GFA
+12.5pp ahead. One possible interpretation is that CoLA
benefits from update capacity beyond the local rank-16 bot-
tleneck. We do not claim this is proven: the local-rank
interpretation is a capacity heuristic, and the direct diagnos-
tic would be the singular-value spectrum of full fine-tuning
or high-rank adapter deltas under the global reshape, which
is exactly the test prescribed by Proposition 3.2.

Saturated GLUE tasks and SST-2. Onmnl1i, mrpc, and
sst2, high-rank differences are small. In particular, sst2
has a numerical —0.3pp difference against DoRA at » = 16,
which is well inside the tie band and is not counted as a
meaningful loss. rte shows a moderate +3.9pp advantage
for GFA at r = 16 (a strict win), but its small validation set
makes variance larger than on the decoder tasks.

Sub-LoRA-r = 1 regime on encoders. The = 1/2 anchor
on RoBERTa is about 11K trainable adapter parameters,
excluding the shared ~ 1M classifier head. If the head
is included, the total trainable count is dominated by the
head, and the apparent savings shrink. On sst2, mnli,
and mrpc, GFA-1/2 stays within roughly 1pp of its rank-
16 accuracy. On rte, the drop is about 4pp. On cola,
the low-budget adapter is near-degenerate, consistent with
CoLA being the most capacity-sensitive task in this sweep.

Table 1. Same-parameter-count efficiency. At a matched
trainable-parameter LoORA r = 4, GFA matches LoRA on VRAM
and throughput while DoRA pays a penalty.

Method Trainable Peak VRAM Throughput Adapter FLOPs

LoRA 1.00x 1.000x 1.000x 1.00x
DoRA 1.00x 1.06 x 0.85x ~ 2X
GFA 0.62x 0.999 x 1.000x 1.00x
GFA-R1  0.30x 0.97x 0.98x 1.00x

6. Compute and Memory

Headline. GFA’s per-step footprint is indistinguishable
from LoRA’s in the median: TPS ratio 1.000, VRAM ratio
0.999 over 135 paired cells. The worst observed slowdown
is a single 0.91x TPS regression.

Directional breakdown. Across 135 paired cells, 0/135
have GFA VRAM exceeding LoRA by at least 5%. In con-
trast, 15/135 have at least 5% lower VRAM than LoRA,
concentrated on encoder/vision backbones. On throughput,
7/135 cells have GFA TPS at least 5% above LoRA, while
6/135 cells are at least 5% below. On Qwen and LLaMA
decoders, GFA tracks LoRA within roughly +1% in the
median. DoRA’s wall-clock penalty over the same mea-
surement suite is 24-74% (median ~ 30%), attributable to
magnitude/direction rescaling.

7. Discussion and Limitations

Tie-band convention. Multi-seed studies on representative
Qwen tasks and ViT CIFAR-100 give a pooled standard
deviation of approximately 0.7pp, implying a rough £+1.4pp
95% interval on large-dev-set accuracy-style cells. We use
this as a conservative tie band: gaps inside the band are pari-
ties, not strict wins. We do not apply the band mechanically
to small-dev-set GLUE tasks (RTE, MRPC) or to Matthews
correlation on CoLA, where seed variance is likely larger.
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Figure 4. ROBERTa/GLUE. Same axes and methods as Figure 2. The x-axis is adapter-only and excludes the head shared by all methods.

Measured claims vs. conjectured mechanisms. Three
claims are directly measured or analytical: the v/ N parame-
ter saving under the equal-module approximation, per-step
compute parity with LoRA, and competitive rank-anchor
accuracy against DoRA under the tie convention. Two mech-
anism claims remain conjectural: the capacity explanation
for CoL A and the spectral interpretation of permutation in-
sensitivity. The approximation lens in Sec. 3 gives a direct
way to test these claims using proxy update spectra.

Baseline tuning. LoRA is the canonical compute baseline,
and DoRA is a strong accuracy-oriented baseline within the
same per-module template. We use matched training set-
tings rather than method-specific learning-rate and dropout
sweeps, did not tune each baseline more exhaustively.

Scope. The headline sweep covers models up to 3B parame-
ters and focuses on g + v adapter scope. We do not include
a full 7B+ instruction-tuning sweep or a broad vision suite.
ViT CIFAR-100 is used for permutation and efficiency diag-
nostics but is not included in the main rank-anchor figures.

Reproducibility. We will release scripts for parameter
counting, rank-anchor construction, efficiency measurement,
and all training configurations. The method itself requires
no custom kernels; the core implementation is the chunked
extraction of rows from B A, as shown in Algorithm 1.

8. Conclusion

GFA replaces N per-module low-rank factorizations with
one global factorization over the concatenated adaptation up-
date. Under the equal-module approximation, this changes
the trainable count from O(rv/dN) for equal-rank LoRA
to O(r+/d), opening an ultra-low-budget regime below the
local rank-1 floor of per-module full-precision adapters. In
our rank-anchor sweep over 17 (model, task) cells covering
11 unique tasks, GFA matches LoRA’s per-step compute
and remains competitive with DoRA under a conservative
tie convention, with strict outside-band wins on capacity-
sensitive cells. At the sub-LoRA-r = 1 budget anchor, GFA
retains at least 97% of rank-16 decoder accuracy on every
evaluated decoder task. The main open questions are multi-
seed confirmation, the direct spectral diagnostic prescribed
by Proposition 3.2, and scaling to 7B+ instruction tuning.
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