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Abstract

Fine-tuning Multimodal Large Language Models for downstream tasks
requires balancing task adaptation with retention of broad pre-trained
capabilities. In practice, full fine-tuning often improves in-distribution
performance but degrades zero-shot behavior, while parameter-efficient
tuning is more stable yet may leave a substantial adaptation gap. We
present Restoring Generalization Alignment (ReGA), a simple two-stage
post-tuning procedure. ReGA first applies standard LoRA to obtain a
task-adapted checkpoint, and then performs a short alignment stage that
combines a low-loss path constraint with a soft anchor to the zero-shot
model. This second stage encourages a nearby solution that preserves
task performance while remaining closer to the pre-trained operating point.
Experiments on LLaVA-1.5, Qwen2.5-VL, and InternVL-3.5 show that ReGA
consistently improves the trade-off between in-distribution adaptation
and broad zero-shot generalization relative to standard PEFT, regularized
baselines, and merging-based baselines. The same recipe also remains
effective in replay-free continual learning.

1 Introduction

Multimodal Large Language Models (MLLMs) (Liu et al., 2023; Bai et al., 2025; Chen et al.,
2024b) have become strong general-purpose models for visual question answering, docu-
ment understanding, grounded dialogue, and zero-shot reasoning. In practice, however,
these models are rarely used in a purely zero-shot manner. They are usually adapted to
downstream data through instruction tuning or parameter-efficient fine-tuning. This adapta-
tion creates a familiar but consequential trade-off. Full Fine-Tuning (FullFT) often gives the
strongest in-distribution (ID) performance, but can substantially degrade capabilities that
were useful before tuning. Parameter-Efficient Fine-Tuning (PEFT) methods such as LoRA
(Hu et al., 2021) are more stable and cheaper, yet they often remain behind FullFT on the
target task and can still accumulate forgetting under continued adaptation (Shuttleworth
et al., 2024; Luo et al., 2023; Ung et al., 2024).

A growing literature has tried to improve this trade-off from several directions. Stronger
adapters and prompting schemes increase the expressive power of PEFT, while weight
anchoring, weight averaging, and flatness-aware optimization aim to preserve pre-trained
behavior during or after tuning (Li et al., 2018; Wortsman et al., 2022; Foret et al., 2021;
Garipov et al., 2018; Mirzadeh et al., 2021). These ideas are useful, but they do not directly
address the regime we focus on here: a task-adapted MLLM that already performs well
on the downstream task, yet has moved away from a good zero-shot operating point. This
regime is especially important for MLLMs because a single adaptation step can simultane-
ously affect multiple heterogeneous abilities, including OCR, document reasoning, visual
grounding, and hallucination behavior. As a result, over-specialization in MLLMs is often
broader than a drop on a single benchmark.

This observation motivates a simple question: after ordinary PEFT has learned the task, can
we cheaply move the model to a better local solution that retains task performance while
recovering more of the model’s broad pre-trained behavior? We answer this question with
Restoring Generalization Alignment (ReGA), a two-stage post-tuning procedure. ReGA
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Figure 1: Overview of ReGA. (a) Standard PEFT produces a task-adapted checkpoint © ¢
from the zero-shot model ©;. (b) ReGA adds a short second phase that optimizes a nearby
solution using two constraints: a low-loss path term that keeps the solution connected to the
task anchor, and a soft proximal pull toward the zero-shot model. (¢) The final checkpoint
improves the trade-off between task adaptation and broad generalization.

first runs standard LoRA to obtain a fask anchor. It then performs a short alignment phase
with two complementary objectives: (i) a low-loss path constraint that keeps the updated
solution connected to the task anchor, and (ii) a soft pull toward the zero-shot model. In the
LoRA parameterization, the second term reduces to an adapter-space anchoring penalty. The
contribution of ReGA is therefore not a new regularizer by itself, but a simple post-tuning
recipe that decouples task acquisition from generalization repair.

Our focus on MLLMs is empirical. The method itself is general and does not depend on a
vision-specific architecture. We study MLLMs because they provide a stringent testbed for
the stability—plasticity trade-off: unlike many unimodal settings, degradation can appear
across several capabilities at once, making it easier to evaluate whether a method truly
improves the ID/OOQOD frontier rather than only one task metric. Across LLaVA-1.5, Qwen2.5-
VL, and InternVL-3.5, we show that ReGA consistently improves this frontier against
stronger regularized, merged, and compute-matched baselines, while remaining replay-free
and lightweight. We further study the same idea in replay-free continual learning, where
the tension between adaptation and retention becomes even sharper.

N

1. We study MLLM post-tuning as a trade-off between downstream adaptation and
retention of broad zero-shot behavior, and analyze this trade-off through the
notions of adaptation gap and alignment drift.

2. We propose ReGA, a simple two-stage post-tuning procedure that combines a
low-loss path constraint with zero-shot anchoring in the adapter space.

3. ReGA improves the ID/OOD trade-off across three MLLM families and remains
effective in replay-free continual learning with modest additional training cost.

\_ _J
2 Related Work

2.1 Parameter-Efficient Adaptation for LLMs and MLLMs

Parameter-efficient fine-tuning has become the standard adaptation interface for foundation
models, beginning with low-rank and quantized updates (Hu et al., 2021; Dettmers et al.,
2023) and extending to studies of the gap between LoRA and FullFT together with stronger
adapter parameterizations, such as dynamic allocation and low-interference updates (Shut-
tleworth et al., 2024; Liao et al., 2025; Zhang et al., 2025b). In multimodal system:s, this line
has expanded from standard visual instruction tuning (Liu et al., 2023; Bai et al., 2025; Chen
et al., 2024b) to continual and multi-task settings, where recent methods organize adaptation
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through hierarchical decoupling, branch routing and curriculum mixtures (Zhang et al.,
2025a; Ge et al., 2025; Che et al., 2025; Chen et al., 2025).

2.2 Loss Landscape Geometry, Flatness, and Model Merging

A parallel literature studies adaptation through parameter-space geometry. Linear mode
connectivity and related flatness analyses showed that many trained solutions can be
connected by low-loss paths (Garipov et al., 2018; Draxler et al., 2018; Frankle et al., 2020;
Mirzadeh et al., 2021), which in turn motivated weight averaging and interpolation-based
robust fine-tuning (Izmailov et al., 2019; Foret et al., 2021; Wortsman et al., 2022). These
ideas later informed task arithmetic and sparse merging methods (Ilharco et al., 2023; Yadav
etal., 2023), and recent work extended merging from one-shot fusion to aligned or continual
regimes in vision-language and foundation models, including aligned model merging for
VLM continual learning and adapter merging for continual adaptation (Sokar et al., 2025;
Qiu et al., 2025; Qiao & Mahdavi, 2025; Shu et al., 2025; Song & Zheng, 2026).

2.3 Continual Learning and Forgetting in Foundation Models

Continual learning has traditionally combined replay, regularization, and parameter isola-
tion (Rebulffi et al., 2017; Kirkpatrick et al., 2017; Li & Hoiem, 2017; Parisi et al., 2019). Recent
work revisited these themes for foundation models by analyzing the behavioral difference
between PEFT and FullFT, measuring catastrophic forgetting in LLMs, and introducing ded-
icated VLM /MLLM benchmarks and surveys (Shuttleworth et al., 2024; Haque, 2025; Zheng
et al,, 2025; Chen et al., 2024a; Zhao et al., 2025; Liu et al., 2025). Alongside these analyses,
replay-free PEFT methods continue to develop around constrained full fine-tuning, shared
or orthogonal low-rank subspaces, conflict-aware subspace alignment, and single-adapter
continual composition (Nayak et al., 2025; Ling et al., 2025; Kaushik et al., 2026; Fa et al.,
2026; Zhou et al., 2025; Cao & Wu, 2025), making parameter interference and subspace
compatibility central themes in recent continual adaptation research.

3 Methodology

We study post-tuning of a Multimodal Large Language Model (MLLM) under parameter-
efficient adaptation. Let i denote the frozen pre-trained backbone, and let ¢ denote the
effective additive update induced by the trainable adapter parameters across all adapted
layers. For clarity, we write the adapted model as

O(p) =y +9¢, )

where O(¢) denotes the effective model after applying the adapter update to the backbone.
Throughout, norms of ¢ refer to the Euclidean norm of the vectorized effective update,
equivalently the sum of squared Frobenius norms over adapted weight matrices. Under
standard LoRA initialization, the induced update is ¢ = 0, so the zero-shot model is

Oy = O(0) = 9. 2

Given a downstream training set Dy,q, standard LoRA fine-tuning produces a task-adapted
checkpoint

Of = O(¢st) = ¢ + g, ®)

which we refer to as the task anchor. Our goal is to start from this task anchor and search for
a nearby solution that preserves the acquired task capability while retaining more of the
broad zero-shot behavior of the pre-trained model.

Before introducing ReGA, we first summarize the empirical behavior of standard post-
training in Fig. 2. Across both model families, full fine-tuning achieves stronger task
adaptation on the target distribution, whereas LoRA is typically more stable on broad
zero-shot benchmarks but still drifts away from the pre-trained operating point as training
proceeds.

This pattern suggests that ordinary PEFT finds a useful task solution, but not necessarily
one with the best balance between task specialization and retained generalization. ReGA is
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Figure 2: Adaptation dynamics under standard post-training. Training trajectories of
LLaVA-1.5 and Qwen2.5-VL on the mixed VQA/OCR training set. Top row: Full fine-
tuning reaches higher target-task performance than LoRA. Bottom row: Full fine-tuning
degrades strict zero-shot retention more rapidly, while LoRA is more stable but still moves
away from the zero-shot operating point over training.

designed as a short second-stage optimization that starts from this task-adapted checkpoint
and searches for a nearby solution with a better trade-off.

3.1 ReGA Obijective

ReGA uses a short second-stage optimization after ordinary LoRA training. The second
stage optimizes the underlying adapter parameters through their induced effective update
¢ with the following objective:

EReGA (Gb) = ‘Ctask (‘P) + /3 £LMC (‘P) +A Rprox (‘P)r (4)

where L5 (¢) is shorthand for the standard autoregressive training loss of @(¢) on Dy,
and B, A > 0 control the two second-stage regularizers.

Low-loss path term. A solution that remains connected to the task anchor through low-loss
interpolations is less likely to move to a brittle region that preserves one metric at the cost of
others. We therefore define a linear interpolation in the effective adapter-update space:

Ou(¢) =+ (1 -a)pp +ap,  a~U[01] ®)

The interpolated update can be evaluated functionally and need not be represented as a
single rank-r adapter. The path term is the expected task loss along this segment:

Linmc($) = Eqrso1] [Lrask (On(9))]- (6)

Minimizing Eq. (6) encourages the complete segment between the task anchor and the
updated solution to remain at low task loss, rather than improving only the endpoint while
introducing a loss barrier between them.

Zero-shot anchoring term. The second ingredient is a soft pull toward the zero-shot model:

RprOX((P) = ||®(‘P) - @st%- 7

Because ¢ is defined as the effective additive update relative to the frozen backbone, Eq. (7)

reduces exactly to
Rprox($) = 19113 (8)
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Thus, the proximal term is an L, penalty in effective adapter-update space. Its role in
ReGA is not to introduce a different regularizer, but to make the zero-shot checkpoint an
explicit anchor during the second-stage search. The two terms in Eq. (4) therefore play
complementary roles: Lyyic preserves a low-loss connection to the task anchor, while Rprox
biases the search toward the pre-trained operating point.

This complementarity also admits a local interpretation. Let d = ¢ — ¢y, and let Hy; denote
the Hessian of the task loss at the Phase-1 anchor. When ¢y, is close to a stationary point, a
second-order expansion gives

1
Limc () = Liask(Pre) + ngHftd +O([d]13)-

The path term therefore locally penalizes movement along task-sensitive, high-curvature
directions, while the proximal term supplies the direction toward the zero-shot operating
point. This interpretation is local and does not constitute a general guarantee of improved
zero-shot performance.

3.2 Optimization

ReGA is implemented in two phases.

Phase 1: task adaptation. We first run standard LoRA fine-tuning on D,,¢, and obtain the
task anchor ¢y;.

Phase 2: geometric alignment. We then initialize the second stage from the task anchor,
ie, ¢ < ¢5, and optimize Eq. (4) while keeping the backbone ¢ frozen. In practice, the
expectation in Eq. (6) is estimated with K Monte Carlo samples:

R K
Bve(#) = g 15 Lo (On (@), ex U0 ©
=1

Writing the gradient with respect to the effective update ¢, we obtain

K
vf/J'CReGA = vqi'ctask(()b) + g Z 1495 vG)*Ctask (®Bék ((P)) + 2/\(;7' (10)
k=1

The factor ay appears because ©,(¢) depends linearly on the current effective update.
In implementation, gradients with respect to the underlying LoRA factors are obtained
automatically through the parameterization that induces ¢. Each Phase-2 step evaluates
one endpoint loss and K path losses, so its forward-evaluation cost scales linearly with
1+ K and the number of second-stage steps. In the experiments, we therefore report
forward-pass-equivalent controls together with measured wall-clock and memory costs.

3.3 Replay-Free Continual Learning Instantiation

The same formulation applies to replay-free continual learning. Suppose training proceeds
sequentially over tasks {Dj,..., Dr}. After finishing task t — 1, we retain the previous
checkpoint

O =9+ ¢ (11)
For the new task Dy, standard LoRA first yields a task anchor (,b{ ! ReGA then optimizes

Lioca(®) = Li(@) + BEeqor [Le(w+ (1 - a)gf' +ap)| +Alp -l (12)

Relative to the single-task setting, the zero-shot anchor is replaced by the previous check-
point. The proximal term therefore encourages retention of previously acquired behavior,
while the path term keeps the new solution connected through low task loss to the task
anchor learned on the current task. This yields a replay-free update rule with the same
optimization structure as Eq. (4).
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Table 1: Main single-task results on three MLLM families. ReGA gives the strongest overall
target-performance/generalization trade-off. Best results are in bold; second-best are
underlined.

Model Method | Target/Task-Related | Generalization / Retention
‘ VQA v2 OCRBench ‘ MMMU MME DocVQA InfoVQA TextVQA POPE
"~ Zero-Shot 65.4 840 73.4 2380.6 92.3 791 78.2 88.7
® FullFT 84.5 848 65.2 1950.4 85.4 70.2 81.5 80.2
2 LoRA 81.2 841 71.8 2310.5 90.1 77.5 79.4 86.5
= LoRA+WD 79.8 838 72.5 2360.2 91.0 78.5 78.0 87.8
> L2-SP 82.1 843 68.5 2100.2 88.6 74.3 80.1 83.4
g Wise-FT 78.5 835 72.1 2350.1 91.5 78.2 77.8 879
E TIES 76.2 820 70.5 2280.8 89.2 75.4 76.5 85.1
ReGA 84.2 845 73.1 2382.4 92.5 79.4 80.8 88.5
@ Zero-Shot 64.2 864 68.2 2347.0 95.7 82.6 84.9 86.4
N FullFT 83.8 870 60.5 1920.5 88.2 74.5 86.2 78.5
; LoRA 80.5 865 66.8 2295.4 93.5 80.8 85.1 84.2
Iy LoRA+WD 78.2 862 67.5 2330.1 95.0 81.9 84.6 85.9
lg L2-SP 814 867 63.2 2050.8 914 77.6 85.5 81.6
ﬂgJ Wise-FT 77.6 860 67.1 2315.2 94.8 81.5 84.5 85.8
a TIES 75.4 852 65.8 2250.6 92.6 79.2 83.8 83.5
ReGA 83.5 868 67.9 2345.8 96.0 82.9 85.8 86.2
Zero-Shot 45.2 645 36.4 1510.7 68.2 451 58.2 85.9
I FullFT 79.8 660 28.5 1250.2 55.4 38.5 62.5 754
1 LoRA 749 652 34.8 1480.5 65.1 43.2 60.1 83.2
il LoRA+WD 735 649 35.9 1500.2 67.5 443 59.2 85.1
§ L2-SP 76.5 653 31.2 1320.8 60.8 40.6 61.2 79.5
= Wise-FT 724 648 35.6 1495.3 66.5 44.5 59.5 84.8
= TIES 70.8 640 33.9 1450.6 64.2 42.8 58.4 82.6
ReGA 791 658 36.1 1493.4 68.5 45.4 61.8 85.7

4 Experiments

4.1 Experimental Setup

We evaluate three representative MLLMs: LLaVA-1.5-7B, Qwen2.5-VL-7B-Instruct, and
InternVL-3.5-8B (Chen et al., 2024b). All single-task experiments use a mixed training
set of approximately 650k samples constructed from VQA v2 and OCR-VQA. We report
two target or task-related metrics, VQA v2 and OCRBench, together with six held-out
generalization metrics: MMMU, MME, DocVQA, InfoVQA, TextVQA, and POPE(Fu et al.,
2025; Mathew et al., 2021b;a; Singh et al., 2019). Because DocVQA, InfoVQA, and TextVQA
share substantial OCR and document structure with OCR-VQA, we interpret them as
related-task transfer, while MMMU, MME, and POPE form a stricter zero-shot retention set.
This evaluation covers perception, OCR, document understanding, and reasoning-oriented
benchmarks, and is intended to measure both task adaptation and retained broad capability.
We compare against FullFT, LoRA (Hu et al., 2021), LoORA+WD, L2-SP, Wise-FT(Wortsman
et al., 2022), and TIES(Yadav et al., 2023). Unless otherwise stated, LoRA uses rank r = 64,
« = 16, dropout 0.05, and all linear layers as target modules. Additional comparisons with
MaTS, multi-seed runs, and strict zero-shot retention statistics are provided in Appendix C.9,
Appendix C.7, and Appendix C.8, respectively.

4.2 Main Results

Table 1 reports the main single-task results. Across all three model families, ReGA con-
sistently improves the target-performance/generalization trade-off relative to standard
LoRA and regularized or merged baselines. Compared with FullFT, ReGA reaches similar
target-task performance while retaining substantially stronger zero-shot behavior. The
gains are especially clear on benchmarks that depend on broad visual-language alignment
rather than only narrow task fitting. For example, on Qwen2.5-VL-7B, ReGA attains 96.0
on DocVQA, exceeding both Zero-Shot (95.7) and LoRA (93.5), while remaining close to
FullFT on VQA v2.

4.3 Matched-Budget Ablation

A central concern is whether the Phase-2 gain comes from the objective itself or from
additional optimization. We therefore report two controls on LLaVA-1.5-7B: forward-
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Figure 3: Performance versus relative training cost on Qwen2.5-VL-7B. We plot two target
or task-related benchmarks (VQA v2 and OCRBench) and two held-out generalization
benchmarks (MMMU and DocVQA) against relative training cost on a log scale. ReGA
remains in the low-cost PEFT regime while approaching the target-task performance of
FullFT and retaining stronger held-out behavior than other PEFT-based or merged baselines.

Table 2: Forward-pass-equivalent and best-of-sweep controls on LLaVA-1.5-7B. ReGA
remains stronger than longer-training and stronger-sweep baselines under the same 2.2-FPE
accounting.

Method | Budget/Setting | VQAv2 OCRBench MMMU POPE
LoRA 1.0 epoch 74.9 652 34.8 83.2
LoRA 2.2 FPE 774 655 334 81.6
LoRA+WD 1.0 epoch 73.5 649 35.9 85.1
LoRA+WD 2.2 FPE 76.9 655 35.6 84.7
L2-Sp best single setting 76.5 653 31.2 79.5
L2-SP 2.2 FPE (sweep) 77.6 657 33.1 81.2
LoRA+WD 2.2 FPE (sweep) 77.8 657 36.0 85.5
ReGA 2.2 FPE (1.0 + 0.2) 79.1 658 36.1 85.7

pass-equivalent (FPE) reruns, which equalize the number of forward evaluations at the
dataset-epoch level, and best-of-sweep controls, which tune LoORA+WD and L2-SP over
the same regularization range rather than using a single operating point. With K = 5,
each Phase-2 step evaluates one endpoint loss and five path losses, so the complete ReGA
schedule corresponds to 1.0 + 0.2(1 4+ 5) = 2.2 FPE. Table 2 shows that longer training
partially narrows the gap for standard baselines, but does not recover the same target-
performance/retention balance as ReGA. LoRA trained to 2.2 FPE improves target-task
performance, but its retention metrics drop further, while LoORA+WD is more stable but
remains behind ReGA on both VQA v2 and POPE.

To summarize the cost-performance trade-off more compactly, we additionally compare
methods in the plane of downstream performance versus relative training cost. Rather than
listing memory and time separately, this view highlights whether a method stays in the
low-cost PEFT regime while approaching the task quality of substantially more expensive
full-parameter updates.
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Table 4: Continual Learning performance on the MLLM-CL benchmark using LLaVA-1.5-7B.

For each task, Last denotes the accuracy after

the complete sequence (RS — Med — AD —

Sci — Fin), while Avg denotes the average accuracy over sequential evaluations. The final

column is the mean of the five task-level Avg values. Best replay-free results are in bold.

RS (%) | Med (%)

Method ‘

AD (%) |

Sci (%) |

Fin (%)

[TastT AvgT|LastT AvgT|Last] Avg7|Last{ Avgf|LastT AvgT | VeanAvsl
Zero-shot | 3229 - | 2828 - | 1559 - | 355 - | 6256 - | -
w/ Replay Buffer (20 samples/task)
LoRA 29.57 80.87 | 29.19 58.60 7.09 3895 | 1955 3641 | 63.60 36.78 50.32
O-LoRA (Wang et al., 2023) 7621 80.13 | 51.34 70.23 | 36.50 61.35 | 42.64 53.34 | 90.20 59.38 64.89
L2P (Wang et al., 2022) 7521 80.09 | 3850 68.64 | 32.31 54.79 | 41.05 48.68 | 88.05 55.02 61.44
HiDe-LLaVA (Guo et al., 2025) 7536 8151 | 39.23 62.37 | 37.17 49.37 | 45.02 50.61 | 81.89 55.73 59.92
MR-LoRA (Zhao et al., 2025) 79.87 80.82 | 62.71 7219 | 51.89 65.41 | 5248 6252 | 89.69 67.31 69.65
w/o Replay Buffer (Replay-Free)
LoRA 26.75 80.72 | 25.76  59.68 079 4051 | 18.69 18.64 | 70.44 28.49 45.61
O-LoRA (Wang et al., 2023) 62.68 80.22 | 35.17 6756 | 16.93 51.51 | 3444 4428 | 92.16 48.28 58.37
ModalPrompt (Zeng et al., 2024) | 65.99 80.11 | 37.35 59.66 | 2327 46.86 | 37.61 4297 | 87.60 50.36 55.99
HiDe-LLaVA (Guo et al., 2025) 41.17 8091 | 30.33 6547 | 1873 39.78 | 37.08 3292 | 92.21 43.90 52.60
ReGA (Ours) 70.15 81.05 | 55.30 70.10 4520 60.30 | 48.10 55.20 | 88.20 59.10 65.15

4.4 Representation Stability

We track the cosine similarity between the last- T, 3: Component, proximal-form, and

layer visual-token hidden states of each adapted
model and those of the zero-shot checkpoint

sampling ablations.

on MMMU. As shown in Fig. 4, FullFT moves

away from the zero-shot representation much
faster than adapter-based tuning, while stan-
dard LoRA still exhibits a steady decline over

B ‘ VQAv2 OCRBench MMMU POPE
0.0 (proximal only) 77.8 653 35.8 85.2
0.5 79.0 657 36.0 85.5
1.0 79.1 658 36.1 85.7
2.0 789 656 36.1 85.6

training. ReGA changes this trend during the

Proximal Form

‘VQAVZ OCRBench  MMMU POPE

short second stage and recovers a substantial
fraction of the lost similarity.

Scalar L, only 77.8 653 35.8 85.2
Diagonal Fisher only 79.0 656 35.9 85.4
Scalar L, + LMC (ReGA) 79.1 658 36.1 85.7

4.5 Replay-Free Continual Learning

We further evaluate ReGA on MLLM-CL (Zhao

et al., 2025), where LLaVA-1.5-7B is trained se-
quentially on Remote Sensing, Medical, Au-

tonomous Driving, Science, and Finance.

4.6 Ablations and Robustness

We further isolate the contribution of the
path term, the sampling approximation, the
adapter budget, and the adapter parameter-
ization. Table 3 shows that the path term
is beneficial beyond proximal anchoring
alone: moving from f = 0 to B = 1.0 im-
proves both target-task and retention met-
rics. The same table also shows that in-
creasing the number of interpolation sam-
ples improves the Monte Carlo approxima-
tion up to about K = 5, after which the
gains saturate. We additionally compare
a diagonal-Fisher-weighted proximal vari-
ant as a stronger anisotropic regularizer. Its
gain over a scalar proximal term is small,
and both remain behind the full ReGA ob-
jective. Table 5 shows that the improvement

K ‘ VQAv2 OCRBench MMMU POPE
1 78.5 648 35.2 84.8
3 78.9 654 35.8 85.3
5 79.1 658 36.1 85.7
10 79.1 659 36.1 85.8
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Figure 4: Representation stability relative to
the zero-shot anchor.ReGA increases the simi-
larity during its short second stage, indicating
that the final checkpoint remains closer to the
pre-trained representation while preserving
the task gains obtained in Phase 1.

is stable across LoRA ranks and also transfers to stronger PEFT variants such as DoRA (Liu
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Table 6: Additional robustness checks on LLaVA-1.5-7B. ReGA remains effective under
narrower supervision and more restrictive adapter placement, with the largest gain in the
default mixed-data, all-linear setting.

Category | Setting | VQAv2 OCRBench MMMU POPE
VQA v2 only + LoRA 773 606 34.3 82.7

Data VQA v2 only + ReGA 79.6 611 35.1 84.0
OCR-VQA only + LoRA 57.8 686 33.5 83.9
OCR-VQA only + ReGA 58.4 695 34.1 84.8
attention-only LoRA 73.6 646 34.3 82.9
attention-only ReGA 75.7 650 35.0 84.0

Modules MLP-only LoRA 72.7 643 33.9 82.5
MLP-only ReGA 74.8 647 34.7 83.6
all-linear LoRA 749 652 34.8 83.2
all-linear ReGA 79.1 658 36.1 85.7

et al., 2024) and AdaLoRA (Zhang et al., 2023). Cross-model sensitivity and stronger-
proximal-pull results are provided in Appendix C.2 and Appendix C.3.

4.7 Interpolation-Path Diagnostics

We additionally examine the linear interpola- Taple 5: Robustness across adapter rank
tion path between the zero-shot anchor and ;.4 PEFT parameterization on LLaVA-1.5-
each final task-adapted checkpoint. This 7B [eft: LORA rank sweep. Right: applying

prior-to-endpoint path differs from the task- ReGA on top of stronger PEFT baselines.
anchor-to-candidate path optimized during

Phase 2, and is used Ol’lly as an auxiliary di- Rank | Method | VQA' OCR MMMU POPE || Method |VQA OCR MMMU POPE
agnostic of how adaptation changes the loss i DAirca | w3 s Wi e
and error profiles between the pretrained and ¢ RN T
final operating points. We evaluate this inter- "= |
polation for both standard LoRA and ReGA.

As shown in Fig. 5, the difference between standard LoRA and ReGA is not limited to the

endpoint metrics.

LoRA | 772 641 35.0 83.8
ReGA | 793 649 359 85.6

LoRA | 749 652 348 83.2
ReGA | 79.1 658 36.1 857

LoRA ‘ 745 655 345 829

ReGA | 788 660 36.2 85.8

4.8 Additional Robustness Checks

To make the evaluation less dependent on a single training recipe, we additionally test
dataset composition and module scope. The first asks whether the proximal pull remains
useful when the supervision becomes narrower; the second asks whether the method
depends on using all linear layers. Table 6 shows that ReGA still improves the target-
performance/retention trade-off under single-source supervision and restricted-module
adaptation, although the gain is smaller than in the mixed-data, all-linear setting. This is
consistent with the role of the second stage as a local correction around a strong task anchor:
when the Phase-1 anchor is weaker or less expressive, the room for improvement is reduced
but does not disappear.

4.9 Optimization Behavior

We finally give a qualitative view of the optimization path. As shown in Fig. 6, the first stage
accounts for the main movement toward a task-adapted solution, while the second stage
performs a shorter local adjustment around that checkpoint. Although this two-dimensional
projection is only illustrative, it is consistent with the role of ReGA in practice: the second
stage does not replace task learning, but refines an existing task solution toward a parameter
region that better preserves the pre-trained operating point.

5 Conclusion and Discussion
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Figure 5: Auxiliary zero-shot-to-endpoint interpolation diagnostics. Top row: on target-
task benchmarks, standard LoRA exhibits a more pronounced loss barrier, whereas ReGA
produces a lower-loss interpolation path. Bottom row: on held-out benchmarks, the error
increase along the path is smaller for ReGA than for standard LoRA.

We studied MLLM post-tuning as a trade-
off between downstream adaptation and
retention of broad zero-shot capability. The
proposed ReGA framework addresses this
trade-off with a simple two-stage recipe:
standard PEFT first acquires the task, and a
short second stage then improves the op-
erating point of the adapted checkpoint
through path-based alignment and zero-
shot anchoring. Across three MLLM fam-
ilies, ReGA consistently strengthened the
ID/OO0D frontier relative to standard LoRA,
regularized PEFT, and merging-based base-
lines, while remaining replay-free and
lightweight. The same idea also transferred
effectively to replay-free continual learning,
where the tension between plasticity and
retention is more severe.

At the same time, the method should be
viewed as a local post-tuning correction
rather than a universal solution to forget-
ting or generalization. Its effectiveness de-
pends on the existence of a task-adapted
checkpoint that is already strong and lies

Parameter Space Trajectory Visualization
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Figure 6: Adapter trajectory visualization
during two-stage training. We project the
adapter optimization path of LLaVA-1.5-7B
into two principal components. Phase 1
moves the model toward a strong task-
adapted solution. Phase 2 makes a smaller
update around this checkpoint and shifts the
parameters toward a region that is closer to
the zero-shot anchor while maintaining task
performance.

within a region where a better trade-off can still be reached by a short geometric adjust-
ment. When the downstream objective is highly specialized, strongly shifts away from
pre-training, or requires capabilities that are poorly aligned with the zero-shot model, the
proximal pull may provide only a limited benefit and can even restrict further specialization.

In addition, the Phase-2 objective introduces

extra compute through path sampling, and the

current formulation uses a simple isotropic anchoring term instead of a more structured
importance-aware prior. These limitations suggest several natural directions for future
work, including stronger anchor selection strategies, more adaptive geometric objectives,
and extensions beyond adapter-based post-tuning.

10
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Ethics Statement

This work studies post-tuning and continual adaptation of multimodal language models
using public benchmarks and standard open-model training pipelines. The method does
not involve private user data, biometric identification, or human-subject interaction. As
with other fine-tuning methods, ReGA can inherit biases, errors, or unsafe behaviors from
the underlying pre-trained models, and it should not be interpreted as a safety guarantee.
In particular, the method may be less reliable under severe domain shift or in high-stakes
settings, where additional task-specific evaluation, monitoring, and human oversight remain
necessary.
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Appendix

A Detailed Implementation Settings

We provide a comprehensive overview of the experimental configuration to ensure repro-
ducibility. Our framework is implemented using the PyTorch library and integrates with
the Hugging Face Transformers and PEFT ecosystems.

A.1 Hyperparameter Configurations

Table 7 details the default hyperparameters used for both the initial Capability Acquisition
(Phase 1) and the subsequent Geometric Alignment (Phase 2). Consistent with the main
text, Phase 1 utilizes standard LoRA fine-tuning to establish the Task Anchor (O¢;), while
Phase 2 applies the ReGA objective to search for a nearby solution with a better target-
performance/generalization trade-off. We employ a substantially reduced learning rate and
a constant scheduler in Phase 2 to support stable local optimization around the task anchor.

ReGA uses the same Phase-1 LoRA checkpoint as its task anchor, followed by a short
Phase-2 optimization with learning rate 1 x 1075, A = 0.1, B =1.0,and K = 5. The reported
0.2 Phase-2 epochs are optimizer-step epochs. Because each Phase-2 step evaluates one
endpoint loss and five path losses, the full schedule corresponds to 1.0 + 0.2(1 +5) = 2.2
forward-pass-equivalent (FPE) epochs. We therefore compare against baselines using the
same 2.2-FPE accounting. For LORA+WD and L2-SP, the regularization sweep range is
A € {0.01,0.03,0.1,0.3,1.0}.

Table 7: Default Hyperparameter Configuration for LLaVA-1.5, Qwen2.5-VL, and InternVL-
3.5. We distinguish between common architectural settings and phase-specific training
parameters.

Configuration Category | Parameter | Value
Rank () 64
Alpha («) 16
LoRA Architecture Dropout 0.05
Target Modules All Linear Layers
Bias None
Optimizer AdamW
. Adam B4 0.9
Optimizer (Common) Adam B> 0.999
Global Batch Size 128
Learning Rate 2e-4
LR Scheduler Cosine Decay
Phase 1: Capability Acquisition Warmup Ratio 0.03
Epochs 1.0
Weight Decay 0.0
Learning Rate le-5
LR Scheduler Constant
Warmup Ratio 0.0
Phase 2: Geometric Alignment |Optimizer-Step Epochs 0.2
Proximal Weight (1) 0.1
LMC Weight (8) 1.0
LMC Samples (K) 5
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B Theoretical Derivations

B.1 Gradient Derivation of the ReGA Objective

For consistency with the main text, let ¢ denote the effective additive update induced by
the trainable adapter parameters across all adapted layers. The adapted model is

) =y +¢ (13)
where 1 is the frozen backbone. The zero-shot model is therefore
®ZS = @(0) == 110, (14)

and the Phase-1 task-adapted checkpoint is
O = O(¢pp1) = ¥ + ¢ (15)

Throughout this section, ||¢||3 denotes the squared Euclidean norm of the vectorized effec-
tive update, equivalently the sum of squared Frobenius norms over the adapted weight
matrices.

The ReGA objective in the single-task setting is

LreGA(P) = Liask(P) + B Lrmc (@) + A Rprox(¢), (16)
where
Limc(P) = Egpyro] [ﬁtask(@a@’))]/ 17)
and the interpolation path is defined between the task anchor and the current candidate:
Ou(P) =¥+ (1 - a)pyp + ad. (18)
The proximal term anchors the solution to the zero-shot model:
Rprox(¢) = [[©(¢) — ®ZS||% = H‘PH% (19)

Using a Monte Carlo approximation with K samples {a;}X_ , we obtain

5 1 &
ELMC (¢) = E Z 'Ctask (G)Dék ((P)) ’ Q&p ~ U[O, 1]' (20)
k=1
Since
]
@(Xk ((P) — leI, (21)
o
the gradient with respect to the effective update is
‘B K
Vo LreGA = Vg Liask(¢) + K Y ) Vo Lask (On, (¢)) + 270 (22)
k=1

Let 6 denote the underlying trainable adapter parameters and let ¢ = ¢(6) be their induced
effective update. The implementation obtains gradients through the adapter parameteriza-
tion by automatic differentiation:

VoLreGa = Jp(0) " Vo LreGA, (23)

where ] (0) is the Jacobian of the effective update with respect to the trainable adapter
parameters.

The complementary role of the path term also admits a local interpretation. Let

d=¢— s, (24)
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Algorithm 1 ReGA Phase-2 Optimization

Require: Frozen backbone , Phase-1 adapter parameters 6y;, induced task-anchor update
¢t = ¢(0f), training data Dy, proximal weight A, LMC weight 8, number of samples
K, Phase-2 step budget S,
1: Initialize current adapter parameters: 0 < 6

2: fors =1to S, do
3 Sample minibatch B ~ Dy

4:  Compute current effective update ¢ < ¢(6)
5: Compute endpoint task loss:
Ligsk Etusk(lp +¢; B)
6: Initialize Lypc < 0
7: fork =1to K do
8: Sample ay ~ U[0,1]
9: Form interpolated effective update:
Qo (1= ar) g + agp
10: Accumulate path loss:

Limc < Limc + Liask (P + ¢uy; B)

11: end for
12: ELMC — ELMC/K
13: Compute proximal term:
2
Rprox < llollz

14: Form total loss:
L ‘Ctask + ﬁACLMC + )\Rprox
15: Update 6 with AdamW on VgL
16: end for
17: return O(¢(0)) = ¢ + ¢(0)

and let Hy; denote the Hessian of the task loss at the Phase-1 anchor. A second-order
expansion along the interpolation path gives

Etask((Pft + “d) = ‘Ctask((Pft) + “vgtask((Pft)Td
2
L4
+=d" Hpd + O([ld]9)- (25)

Taking the expectation over « ~ U/[0,1] yields

1
Limc(P) = Liask(Pre) + EVEtask((Pft)Td
1
+¢d Hpd + O(||d])3). (26)
When the task anchor is close to a stationary point, the first-order term is small. The
path term therefore locally discourages movement along task-sensitive, high-curvature

directions. This is a local interpretation rather than a general guarantee of improved zero-
shot performance.

B.2 Algorithm Pseudocode
Algorithm 1 provides a PyTorch-style implementation of the ReGA Geometric Alignment

phase. We use functional model calls to evaluate interpolated effective updates without
modifying the stored task-anchor parameters.
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C Additional Quantitative Experiments

C.1 Hyperparameter Sensitivity Analysis

The geometric alignment phase has two principal hyperparameters: the proximal weight
A, which controls the strength of the pull toward the zero-shot checkpoint, and the LMC
weight B, which controls the low-loss path constraint.

Sensitivity to Proximal Weight (1). We investigate the impact of A by varying it across a
logarithmic scale from 1073 to 5.0 on LLaVA-1.5-7B. As visualized in Figure 7, we observe
a clear target-performance/retention trade-off. Small values (A < 0.01) provide little
correction relative to standard LoRA. Conversely, excessively large values (A > 1.0) pull
the model too strongly toward the prior and degrade the acquired VQA v2 performance.
The default A = 0.1 provides a strong balance, increasing MMMU from 34.8% for standard
LoRA to 36.1% while maintaining high target-task accuracy.

Sensitivity to Proximal Weight (1)

82 37.0
80
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~ 78} =)
? 36 Oé
< 761 1°°
g )
< | >
574 1355 @
: :
= 72F Q
< 20 135.0 A
2 :
68 134.5
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it it i ito 340

Proximal Weight (A)

Figure 7: Impact of Proximal Weight (A). We track VQA v?2 target-task performance and
MMMU zero-shot retention on LLaVA-1.5. The default A = 0.1 provides a favorable balance
between retaining the Phase-1 task capability and moving toward the zero-shot operating
point.

Sensitivity to LMC Weight (8). Table 8 presents the ablation of the low-loss path term.
When g = 0, the objective reduces to proximal-only optimization. Incorporating the path
term further improves the evaluated target-performance/retention operating point by
constraining the path from the task anchor to the updated solution. The results are relatively
stable for 8 € [0.5,2.0].

Table 8: Ablation of LMC Weight  on LLaVA-1.5. The default § = 1.0 provides the strongest
overall operating point across the reported metrics.

LMC Weight Target / Task-Related Retention
B) VQAv2 OCRBench | MMMU POPE
0.0 (Proximal Only) 77.8 653 35.8 85.2
0.5 79.0 657 36.0 85.5
1.0 (Default) 79.1 658 36.1 85.7
2.0 78.9 656 36.1 85.6
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C.2 Cross-Model Hyperparameter Sensitivity
We additionally vary one coefficient at a time around the default (A, §) = (0.1,1.0) on

all three model families. This is a local sensitivity analysis rather than a complete two-
dimensional sweep.

Table 9: Cross-model sensitivity to A and . The defaultis A = 0.1, § = 1.0, and K = 5.

Model A B |VQAv2 MMMU POPE

0.03 1.0 78.7 35.6 85.1
0.10 0.0 77.8 35.8 85.2
0.10 0.5 79.0 36.0 85.5
0.10 1.0 79.1 36.1 85.7
0.10 2.0 78.9 36.1 85.6
0.30 1.0 78.6 36.3 86.1

0.03 1.0 82.9 67.6 85.7
0.10 0.0 82.4 67.7 85.9
0.10 0.5 83.3 67.8 86.1
0.10 1.0 83.5 67.9 86.2
0.10 2.0 83.2 67.9 86.2
0.30 1.0 83.0 68.0 86.4

0.03 1.0 83.7 72.7 88.1
0.10 0.0 82.9 72.8 88.3
0.10 0.5 84.0 73.0 88.4
0.10 1.0 84.2 73.1 88.5
0.10 2.0 84.0 73.1 88.4
0.30 1.0 83.8 73.2 88.6

LLaVA-1.5

Qwen2.5-VL

InternVL-3.5

Across all three backbones, f is stable within the tested range [0.5,2.0]. Increasing A shifts the
operating point toward stronger retention with a small reduction in VQA v2. We therefore
use A = 0.1, B = 1.0, and K = 5 as the default. When retention is prioritized, A can be
moderately increased; when target-task degradation is observed, it should be reduced.

C.3 Stress Test under Stronger Proximal Pulls

To isolate the role of the path term when the pull toward the zero-shot checkpoint is strong,
we compare proximal-only optimization and ReGA at A € {0.3,1.0}. The update-norm
ratio is computed using the induced effective LoRA updates rather than the raw low-rank
factors. We also report Bmay, the maximum validation cross-entropy loss barrier along the
interpolation path from the Phase-1 task anchor to the Phase-2 solution.

At the default A = 0.1, the incremental improvement over proximal-only optimization is
moderate. Under stronger proximal pulls, the complementary role of the path term becomes
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Table 10: Stress test under stronger proximal pulls on LLaVA-1.5-7B. ReGA preserves
substantially more target-task performance while maintaining similar retention.

A | Method | VQA v2 OCRBench MMMU POPE | Norm Ratio Bpax
0.30 Proximal only 75.7 651 36.2 85.9 0.74 0.231
’ ReGA 78.6 657 36.3 86.1 0.77 0.058
1.00 Proximal only | 69.5 642 36.5 86.2 0.49 0.386
7 | ReGA 76.3 653 36.4 86.3 0.57 0.081

clearer: ReGA preserves substantially more target-task performance while maintaining
similar MMMU and POPE scores. This stress test characterizes the evaluated operating
points but does not establish dominance over every possible proximal-only coefficient.

C.4 Scalability Analysis: Impact of LoORA Rank

To verify that ReGA’s efficacy is not limited to a specific parameter budget, we evaluate
performance across varying LoRA ranks r € {8,16,64,128}. As shown in Table 11, ReGA
consistently outperforms the corresponding LoRA baseline across all tested ranks. The
gains are not restricted to low-capacity adapters and remain substantial at ranks 64 and 128.

Table 11: Scalability across LoRA Ranks (1) on LLaVA-1.5-7B. ReGA consistently improves
the target-performance/retention trade-off across adapter capacities.

Target / Task-Related Retention
Rank (r)| Method| ;% 0>~ OCRBench| MMMU POPE

8 LoRA 76.5 635 35.2 84.1
ReGA |79.4 (+2.9%) 642 35.8 85.5

16 |LoRA 77.2 641 350  83.8
ReGA [79.3 (+2.1%) 649 35.9 85.6

64 LoRA 749 652 34.8 83.2
ReGA |79.1 (+4.2%) 658 36.1 85.7

128 LoRA 74.5 655 34.5 82.9
ReGA |78.8 (+4.3%) 660 36.2 85.8

C.5 Applicability to Advanced PEFT Mechanisms

To test whether ReGA is limited to standard LoRA, we extend the evaluation to two stronger
PEFT variants: DoRA (Weight-Decomposed LoRA), which separates magnitude and di-
rection updates, and AdaLoRA (Adaptive LoRA), which dynamically allocates the rank
budget based on importance scores.

As presented in Table 12, ReGA improves both baselines across all reported metrics. When
applied to DoRA, ReGA enhances VQA v2 accuracy by 2.4 points and matches the zero-shot
MMMU score of 36.4 in this experiment. These results show that the Phase-2 recipe transfers
to the additional PEFT parameterizations evaluated here.

C.6 Ablation on Monte Carlo Sampling Steps

The low-loss path objective relies on a Monte Carlo approximation of the path expectation,
where K denotes the number of stochastic samples drawn along the interpolation path.
We analyze the trade-off between approximation quality and computational overhead by
varying K € {1,3,5,10}.
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Table 12: ReGA across different PEFT architectures on LLaVA-1.5-7B. ReGA provides
consistent gains in target-task performance and retention when integrated with DoRA and
AdaLoRA.

Target / Task-Related Retention

Method VQA v2 OCRBench| MMMU POPE
DoRA Baseline 77.8 645 35.1 84.5
DORA + ReGA  |80.2 (+2.4%) 661 364  86.0
AdalLoRA Baseline 76.2 638 34.9 83.9
AdaLoRA + ReGA [79.5 (+3.3%) 654 360  85.6

Table 13 summarizes the results. A single sample provides a less stable approximation and
gives lower performance. Increasing K to 3 and 5 improves the evaluated operating point,
while increasing K from 5 to 10 provides negligible marginal gains but increases Phase-2
cost. We therefore adopt K = 5 as the practical default.

Table 13: Impact of Sampling Steps (K) on Performance and Efficiency. Training time is
reported relative to the K = 1 setting in Phase 2. K = 5 provides the best practical trade-off.

Samples Relative Target / Task-Related Retention
(K) Time VQAv2 OCRBench | MMMU POPE
1 1.00x 78.5 648 35.2 84.8
3 1.35x 78.9 654 35.8 85.3
5 (Default) 1.68x 79.1 658 36.1 85.7
10 2.55x 79.1 659 36.1 85.8

C.7 Seed Sensitivity

The main tables report the canonical training seed used throughout the study. To estimate
run-to-run variation, we repeat representative settings using three training seeds. Table 14
reports the mean and standard deviation across these runs.

Table 14: Three-seed results on representative LLaVA-1.5-7B and Qwen2.5-VL-7B settings.
Values are mean =+ standard deviation across training seeds.

Model | Method | VQA v2 OCRBench MMMU POPE
LoRA 748+0.3 651.7+15 34.74+0.2 83.14+0.3
LLaVA-15 LoRA+WD 73.6+04 649.341.2 35.840.2 85.04+0.2
) Proximal only | 77.7£0.3 653.2+1.1 35.7£0.2 85.2+0.2
ReGA 79.0+0.2 657.6+:0.8 36.0+0.1 85.7+0.1
Qwen2.5-VL LoRA 80.4+0.2 865.0+0.6 66.840.2 84.240.2
) ReGA 83.4+0.1 868.2+0.7 67.94+0.2 86.1+0.1

The VQA v2, OCRBench, and POPE gains are larger than the observed seed variation. The
smaller MMMU differences should be interpreted as retention improvements within the
broader multi-metric pattern rather than as the sole source of ReGA’s benefit.

C.8 Strict Zero-Shot Retention

Because DocVQA, InfoVQA, and TextVQA share OCR and document structure with the
OCR-VQA training set, we treat them as related-task transfer rather than strict distribution-
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shift evaluations. We define strict zero-shot retention using MMMU, MME, and POPE:

100 S
Retrict (m) = —— y b 27)

7
3 pe {MMMUMME,POPE} 575

where s, j, is the score of method m on benchmark b, and szg ; is the corresponding zero-shot
score.

Table 15: Target-task gap and strict zero-shot retention. AVQA is measured relative to FullFT
within each backbone. Retention is the macro-average percentage of the zero-shot score
retained on MMMU, MME, and POPE.

Model | Method | AVQA to FullFT Strict Retention (%)

FullFT 0.0 87.1
InternVL-3.5 | LoORA+WD -4.7 99.0

ReGA -0.3 99.8

FullFT 0.0 87.1
Qwen2.5-VL | LoRA+WD -5.6 99.2

ReGA -0.3 99.8

FullFT 0.0 82.9
LLaVA-1.5 LoRA+WD -6.3 99.0

ReGA -0.7 99.3

Across the three backbones, ReGA remains within 0.3-0.7 VQA points of FullFT while
retaining 99.3-99.8% of the zero-shot score on the strict retention set.

C.9 Comparison with a Stronger Merging Baseline

We additionally compare against MaTS on the common five-metric subset. MaTS improves
substantially over TIES, but retains a larger target-task gap than ReGA.

Table 16: Comparison with MaTS on the common five-metric subset.

Model | Method | VQA v2 OCRBench MMMU MME POPE
TIES 76.2 820 70.5  2280.8 85.1
InternVL-3.5 | MaTS 79.4 838 727 23641 88.0
ReGA 84.2 845 73.1 23824 88.5
TIES 754 852 65.8  2250.6 83.5
Qwen2.5-VL | MaTS 79.0 863 67.6 23325 85.8
ReGA 83.5 868 67.9  2345.8 86.2
TIES 70.8 640 33.9 1450.6 82.6
LLaVA-1.5 | MaTS 73.3 649 354  1498.7 85.0
ReGA 79.1 658 36.1 1493.4 85.7

C.10 Replay-Free Continual Learning on Two Backbones

The detailed main-table results report both final and trajectory-averaged metrics for LLaVA-
1.5. To compare the two backbones in a uniform compact format, Table 17 reports the final
accuracy on each task after the complete sequence RS—Med— AD—Sci—Fin. Mean Final
is the arithmetic mean of the five final task accuracies.
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Table 17: Replay-free continual learning on two backbones. All entries are final task accura-
cies after the complete sequence; no replay buffer is used.

Backbone |Method | RS Med AD Sci Fin Mean Final

LoRA |268 258 08 187 704 28.5
O-LoRA | 627 352 169 344 92.2 483

LLaVA-L5 |\orpp 667 509 39.6 44.8 89.4 58.3
ReGA |702 553 45.2 48.1 88.2 61.4

LoRA |39.8 354 172 30.8 77.6 402
Owen2.5.y1, |O-LORA |65.1 478 345 43.2 90.1 56.1
' SEFE | 685 53.1 42.7 48.6 916 60.9
ReGA |73.4 59.6 49.1 54.3 90.8 65.4

ReGA improves Mean Final over SEFE by 3.1 points on LLaVA-1.5 and 4.5 points on
Qwen2.5-VL under the same replay-free task order.

D Computational Cost Analysis

D.1 Training Efficiency and Resource Overhead

We provide a breakdown of the computational resources required by ReGA compared with
the baseline methods. Table 18 reports peak VRAM usage and total wall-clock training time
for fine-tuning LLaVA-1.5-7B on the composite dataset of 650k samples.

Memory Efficiency. ReGA maintains the memory-efficient profile of PEFT methods. Unlike
Full Fine-Tuning, which requires gradients and optimizer states for the complete 7B parame-
ter set, ReGA only trains the lightweight adapters. The measured Phase-2 memory overhead
includes the frozen task-anchor update, functional interpolation, additional path evalua-
tions, activation or computation-graph storage, and allocator effects. In our implementation,
peak VRAM increases from 14.2 GB for standard LoRA to 16.1 GB for ReGA.

Time Efficiency. Phase 1 is identical to standard LoRA training for 1.0 epoch. Phase 2 uses
0.2 optimizer-step epochs and evaluates one endpoint loss together with K = 5 path losses
per step, corresponding to a total budget of 2.2 FPE. Because Phase 2 is short, the measured
end-to-end training time is 3.2 hours, or approximately 1.28 times that of standard LoRA.
This additional cost improves the target-performance/retention trade-off while remaining
below the memory requirement of full-parameter training.

Table 18: Computational Cost Breakdown on LLaVA-1.5-7B (8 x A100). Training time in-
cludes both Phase 1 and Phase 2 for ReGA.

Method | Precision | Peak VRAM | Total Training Time | Time/LoRA
Full Fine-Tuning BF16 78.5 GB 3.8 hours 1.52x
L2-SP BF16 78.5 GB 3.9 hours 1.56x
DoRA BF16 14.5 GB 2.8 hours 1.12x

ReGA (Ours) BF16 16.1 GB 3.2 hours

LoRA (r = 64) BF16 14.2 GB 2.5 hours 1.00x
1.28x
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E Limitations and Anticipated Failure Modes

Figure 8 illustrates a potential failure mode in which directions toward the zero-shot check-
point conflict with directions that preserve low task loss around the Phase-1 anchor. When
the target task differs substantially from pre-training, there may be no nearby solution that
simultaneously retains the specialized task capability and moves meaningfully toward the
pretrained operating point. In this case, a strong proximal pull can produce a suboptimal
compromise.

Figure S: Failure Case Analysis of ReGA
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Figure 8: Schematic illustration of a potential failure mode. When the target-task solution is
poorly compatible with the zero-shot operating point, the proximal direction may conflict
with the task-preserving directions available around the Phase-1 anchor.

Conflict with Incorrect Priors. ReGA assumes that the zero-shot checkpoint provides a
useful generalization anchor. If the pre-trained model contains a systematic misconception or
bias that the adapted model has corrected, the proximal pull may partially restore that error.
For example, a task-adapted model may learn a fine-grained distinction in low-resolution
OCR images that the zero-shot checkpoint cannot resolve. Pulling too strongly toward the
prior can then degrade performance on these specialized instances. Confidence-aware or
parameter-wise anchoring is a natural direction for future work.

Extreme Domain Shift. When the target data are poorly represented in the visual backbone’s
pre-training distribution, the zero-shot checkpoint may not provide a useful anchor. In
such cases, the proximal term can interfere with learning the novel features required by the
target task. ReGA should therefore be viewed as a local post-tuning correction rather than a
universal solution to forgetting under arbitrary domain shift.
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