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Abstract

Vision-Language Continual Learning (VLCL) has attracted
significant research attention for its robust capabilities, and
the adoption of Parameter-Efficient Fine-Tuning (PEFT)
strategies is enabling these models to achieve competitive
performance with substantially reduced resource consump-
tion. However, dominated First-Order (FO) optimization is
prone to trap models in suboptimal local minima, especially
in limited exploration subspace within PEFT. To overcome
this challenge, this paper pioneers a systematic exploration
of adopting Zeroth-Order (ZO) optimization for PEFT-based
VLCL. We first identify the incompatibility of naive full-ZO
adoption in VLCL due to optimization process instability. We
then investigate the application of ZO optimization from a
modality branch-wise to a fine-grained layer-wise across var-
ious training units to identify an optimal strategy. Besides,
a key theoretical insight reveals that vision modality exhibit
higher variance than language counterparts in VLCL during
the ZO optimization process, and we propose a modality-
aware ZO strategy, which adopts gradient sign normalization
in ZO and constrains vision modality perturbation to further
improve performance. Benefiting from the adoption of ZO
optimization, PEFT-based VLCL fulfills better ability to es-
cape local minima during the optimization process, exten-
sive experiments on four benchmarks demonstrate that our
method achieves state-of-the-art results.

Introduction

Continual Learning (CL) has witnessed significant advance-
ments in convolutional architectures (e.g., ResNet (Feng,
Wang, and Yuan 2022; Rebuffi et al. 2017; Feng et al. 2022)
and ViT(Wang et al. 2022b,a; Gao, Cen, and Chang 2024)).
Recently, Vision-Language Models-based Continual Learn-
ing (VLCL) approaches have attracted growing research at-
tention. Particularly, CLIP-based methods (Thengane et al.
2022; Ding et al. 2022; Zhao et al. 2023; Ni et al. 2023)
have demonstrated robust continual learning capabilities.
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However, these methods require full-parameter fine-tuning
of CLIP models, which incurs substantial computational
overhead. To overcome this critical bottleneck, Parameter-
Efficient Fine-Tuning (PEFT) strategies (Zhang et al. 2025a;
Houlsby et al. 2019; Hung et al. 2019; Kang et al. 2025) have
recently emerged as a compelling alternative. These tech-
niques make it possible to achieve competitive CL perfor-
mance with significantly reduced resource consumption. For
instance, the VLCL method MoE4Adapter (Yu et al. 2024)
leverages a PEFT approach to address this limitation.

Existing VLCL methods predominantly employ First-
Order (FO) optimization strategy (Ruder 2016), which up-
date parameters using precise gradients derived from back-
propagation. While valued for their stable directional guid-
ance, this approach becomes a drawback in the context of
PEFT. Its deterministic update paths limit exploration during
training , and the low-dimensional subspace to which PEFT
confines optimization makes these methods susceptible to
converging to sharp local optima that overfit the current task
(Keskar et al. 2017; Mollenhoff and Khan 2023), leading to
a performance drop when faced with new tasks and poten-
tially exacerbating catastrophic forgetting. To explore solu-
tions with stronger generalization capabilities, Zeroth-Order
(ZO) optimization offers a promising alternative (Feng et al.
2025). Unlike traditional FO optimization, this method for-
goes precise gradients from backpropagation, instead esti-
mating performance with random perturbations, making it
less prone to getting trapped in local minima when explor-
ing a constrained space (Malladi et al. 2023; Zhang et al.
2025b), hence potentially applied in PEFT-based VLCL.

There is already a vast amount of ZO finetuning re-
searches (Malladi et al. 2023; Zhang et al. 2025b), while
they lacks of considering its common strategy of fully
replacing FO optimization is applicable to VLCL, given
the documented optimization disparities between modality
branches (Liang et al. 2022; Jha, Gong, and Yao 2024; Peng
et al. 2022; Sun et al. 2020; Cheng et al. 2024) and the in-
herent sensitivity of ZO’s perturbation-based approach. In
this paper, we initiate the study of applying ZO optimization
into VLCL, and aim to answer the following key question:



How can ZO be integrated in VLCL settings, and can it boost
overall performance?

To answer the question, this paper adopts a fine-grained
perspective, investigating the performance of ZO when ap-
plied to different modality branches and trainable layers
within PEFT-based VLCL. Specifically, we respectively ex-
plore ZO in the vision or language modality branch while
retaining FO in the other, to identify their benefits and lim-
itations. Based on the insights gained, we then extend our
investigation to a more granular layer-wise and adopt ZO
into different training units, including continuous prefix/suf-
fix layers and interleaved odd/even layers across a modality
branch, to obtain a optimal result. Meanwhile, we identify a
convergence discrepancy between modalities of VLCL un-
der ZO optimization, thus proposing a Modality-aware ZO
(MoZO) strategy, adopting gradient sign normalization in
Z0 and constraining vision modality perturbation to further
boost VLCL performance.

In summary, the main contributions of this work are:

e We present the optimization challenge in PEFT-based
VLCL, where conventional FO method is prone to con-
verging to suboptimal local optima, and explore to lever-
age the ZO optimization to address the problem.

e We adopt the ZO optimization at both branch-wise
and fine-grained layer-wise within PEFT-based VLCL,
achieving optimal performance through detailed analysis
and refined application strategies.

We identify the issue of optimization discrepancy be-
tween modalities of PEFT-based VLCL under ZO opti-
mization, and propose a M0ZO strategy further improv-
ing overall performance.

A Preliminary for ZO Optimization in
PEFT-based VLCL

Traditional optimization methods in continual learning pri-
marily rely on FO gradient descent (Cha et al. 2020; Hadsell
et al. 2020), updating model parameters 6 based on precise
gradients computed via backpropagation:

01 =6, —n-VoL(6,), (D

where V¢ .Z(6;) is the first-order gradient. While FO meth-
ods offer accurate gradient directions and have been widely,
their deterministic update paths tend to limit exploration dur-
ing training, potentially increasing the risk of convergence
to suboptimal local minima and reducing adaptability in dy-
namic continual learning scenarios.

In contrast, ZO optimization estimates gradients through
forward passes through purposeful perturbations. For a pa-
rameter subset X, ZO approximates gradients via direc-
tional perturbations:

Z(6% +eA)— ZL(6))
c @

where A is a random directional vector, and € is a small per-
turbation scale. ZO methods introduce gradient stochasticity
(Berahas et al. 2022), which may improve the ability to ex-
plore non-convex loss landscapes and escape poor local min-
ima. However, the reliance on randomized perturbations can
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lead to variance in gradient estimates, whose effect may vary
across different model architectures or modalities. To vali-
date this point, we first establish a baseline and investigate
the most straightforward strategy: a complete replacement
of the FO optimizer with ZO in PEFT-based VLCL, which
means adopt ZO in both vision-language branches and over-
all trainable units. However, our subsequent experiments
demonstrate this strategy leads to severe training instability,
evidenced by loss oscillations during the convergence pro-
cess, and results in a significant performance degradation.

Recent research suggests that partially incorporating ex-
ploratory while high-variance ZO estimators into the model
architecture improves its global optimization performance
(Talaei et al. 2025; Chen, Huang, and Wen 2025). We trans-
late this advance to the context of PEFT-based VLCL. As
shown in Figure 1, we adopt a empirical exploration to pro-
gressively investigate how to best apply the ZO optimization
in VLCL. To explore suitable application paradigms, we de-
signed a comprehensive set of experiments applying ZO at
varying levels of granularity, from entire modality branches
to fine-grained partially trainable units. However, given the
vast diversity of configurations arising from combinations
of modality branches and PEFT trainable units, constructing
a single, unified theoretical framework is intractable. Con-
sequently, we conduct a comprehensive empirical analysis
to investigate both the differential impacts of applying ZO
across modality branches and the distinct characteristics of
employing it in various trainable layer configurations (such
as continuous and interleaved layers), which allows us to
achieve optimal results.

Study of ZO Optimization in VLCL
Implementation

Datasets and task construction. We evaluate our method
on three datasets: CIFAR-100 (CIFAR), Tiny-ImageNet
(TinyImg), and ImageNet-R (ImgR). For task construction
under the CIL paradigm, we adopt the IncX configuration
(e.g., Inc20 denotes 5 tasks with 20 classes each on CI-
FAR). All tasks enforce disjoint class distributions and ex-
clude task-specific identifiers during inference to ensure a
rigorous evaluation protocol.

Baseline. We choose MoE4Adapter (Yu et al. 2024) as
the SOTA baseline, which incorporates Mixture of Experts
(MoE) into CLIP for VLCL. To explore PEFT alternatives,
we also replaces the MoE modules with Low-Rank Adap-
tation (LoRA (Hu et al. 2022)) modules. For LoRA results,
we present a part of them and put the remaining in supple-
mentary material.

Implementation details. All experiments employ the
CLIP-ViT-B/16 backbone architecture. The CLIP backbone
remains frozen, with only task-specific adapters (MoE or
LoRA modules) being trainable. For the ZO-based method,
we adopt a more conservative ZO strategy which evaluates
multiple candidate updates and selectively applies the one
that yields the lowest loss(Feng et al. 2025). Hyperparame-
ters including perturbation scale € = 0.001 for ZO gradients
and FO/ZO mixing ratio A = 1, are validated on the first task
and retained for subsequent tasks.



Branch-wise: vision or language modality branch adopt ZO
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Figure 1: Illustration of our study. The language and vision encoders of CLIP are frozen, only the trainable units attached to
each layer is performed to parameters update. To sum up, we systematically explores how ZO optimization operates in VLCL,
including branches (Dual, Vision, or Language) and layers (w/ Hop-odd, w/ Hop-even, w/ Prefix (six) and w/ Suffix (six)).

CIFAR Inc20 CIFAR Inc10 TinyImg Inc20 ImgR Inc20
Last. Avg. Last. Avg. Last. Avg. Last. Avg.

Baseline 80.47 86.97 77.52 8521 52.13 60.55 65.36 71.53
Du. w/ZO 6929 7736 67.64 75.88 4240 47.64 58.56 65.92
Vis. w/ZO 76.05 83.93 72.98 82.08 49.65 57.90 62.54 69.84
Lan. w/Z0O 80.94 87.00 76.74 85.03 49.14 58.69 64.38 70.38

Baselinef 80.44 87.10 79.66 86.34 51.93 59.80 64.34 71.79
Du. w/ZO 71.07 7837 69.70 76.82 44.53 5271 58.71 6597
Vis.w/ZO 75.86 83.86 73.73 8225 49.98 58.11 62.70 69.88
Lan. w/ZO 7747 85.40 79.63 87.01 49.90 5892 64.33 70.59

Method

Table 1: How ZO optimization affects VLCL in different
branches (CLIP). w/ ZO denotes the branch (Du. (Dual),
Vis. (Vision), or Lan. (Language)) where ZO optimization is
applied. The { indicates MoE modules in baseline are re-
placed with LoRA.

Rethinking ZO Optimization in VLCL

The potential of ZO optimization in VLCL. PEFT-based
VLCL harnesses trainable units in vision-language model to
achieve parameter-efficient adaptation. Conventional FO op-
timization method relies on precise gradient descent, hence
leading to the attraction by local optima and suboptimal con-
vergence. To mitigate these challenges, we first explore in-
tegrate full ZO optimization into VLCL. By leveraging its
perturbation-based search mechanism, ZO enhances explo-
ration in the parameter space, enabling escape from local
optima. However, does naively replacing FO with ZO neces-
sarily lead to better performance?

Analysis of naive ZO optimization failure in VLCL.
We attempt to apply ZO into the VLCL, a straightforward in-
tuition is to replace FO optimizers with ZO methods across
both the vision and language branches including all train-
able units, and the results are shown in Table 1. However,
it can be observed when ZO is adopted in both vision and
language branch (dual w/ ZO), the performances are signif-
icantly degraded regardless of MoE or LoRA settings, with
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Figure 2: How ZO optimization affects loss convergence
of VLCL in different branches (CLIP). w/ ZO denotes the
branch (Dual, Vision, or Language) where ZO applied.

Last. and Avg. averagely decreasing by 8.5% and 9.5% re-
spectively. It can be attributed to the reason that the variance
of ZO destabilizes VLCL training, leading to the optimiza-
tion process is difficult to converge. To verify this point, we
plot the loss function trajectories across these experimental
settings shown in Figure 2. The Figure 2a and 2b reveal that
dual-branch ZO approach suffers from severe loss oscilla-
tions and failed convergence compared to the original FO
optimization. From this observation, we conclude that full
ZO optimization is fundamentally ill-suited for VLCL, as
its inherent gradient estimation fluctuations induce training
instability. On the contrary, FO optimization provides sta-
ble gradient directions throughout the training process. This
raises the question: Can synergistic integration of ZO and
FO optimization achieve better performance?

How can ZO optimization be effective in VLCL?
Branches, or Layers? We further investigate a hetero-



geneous optimization strategy: applying ZO to only one
modality branch while retaining FO for the other. From a
qualitative perspective, Figure 2c and 2d reveal when ZO is
adopted into a single branch (vision or language), the overall
loss function trajectory is promising to converge compared
with dual branch ZO. We consider that the single-branch FO
provides optimization stability, guiding the overall training
process maintains consistency. Meanwhile, we can find that
the performance obtains significant improvement shown in
Table 1, most of the results are close to the baseline, and
even some results outperform baseline. It can be explained
that ZO’s perturbation-based gradient estimation introduces
controlled stochasticity into the optimization process, which
probabilistically assists the optimizer in evading suboptimal
local minima. Additionally, we find that the performance
of language w/ ZO generally outperform vision w/ ZO, we
argue that the optimization stability of language branch is
stronger than vision branch, which is verified by the loss
trajectories of Figure 2c and 2d. These findings suggest a
Z0O-FO synergy strategy which balances performance ex-
ploration and training convergence in VLCL, validating the
feasibility of the integration optimization.

Building on these observations, the effectiveness of
coarse-grained integration motivates us to explore the poten-
tial of synergistic optimization between ZO and FO meth-
ods. We further consider a fine-grained perspective: Can
layer-wise allocation of ZO and FO optimization within
modality-specific enhance CL performance?

Why Layers Matter: Triggering Effective
Continual Adaptation

To explore the performance regarding layer-wise allocation
of ZO and FO, four layer-wise ZO patterns were tested:
Hop-odd (adopt ZO in odd layers), Hop-even (adopt ZO in
even layers), Prefix (six) (adopt ZO in first six layers) and
Suffix (six) (adopt ZO in last six layers) in dual or single
modality branch, with FO used in other layers. The baseline
and selection of modality branch is still refer to Table 1.
Layer-wise ZO unlocks VLCL performance potential.
We then apply layer-wise ZO optimization to both dual and
single modality branches, with the remaining layers opti-
mized by FO. As shown in Table 2, we observe that layer-
wise strategy can provide significant performance improve-
ments compared to applying ZO across all trainable units
in branches. In dual w/ ZO, the layer-wise ZO optimization
averagely improves 9.4% accuracy on four patterns across
all dataset. More interestingly, we observe that certain fine-
grained layer-wise ZO patterns can outperform full FO ap-
proaches. To investigate the layer-wise effectiveness, we first
analyze the performance of applying the collaborative ZO-
FO optimization to a uniform layering strategy (with Hop-
odd selected as a representative case). The loss trajectories
under different modalities are recorded and presented in Fig-
ure 3, it demonstrates a more stable convergence process
during training compared to that shown in Figure 2. We ar-
gue that more fine-grained layer-wise strategy further ampli-
fies the respective advantages of ZO and FO in VLCL, FO
provides stable gradient directions and ZO’s stochastic per-
turbations help the optimization escape from local minima.
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CIFAR Inc20 CIFAR Inc10 TinyImg Inc20 ImgR Inc20

Method
Last. Avg. Last. Avg. Last. Avg. Last. Avg.
Dual w/ ZO 69.29 77.36 67.64 75.88 4240 47.64 58.56 65.92
w/ Hop-odd  81.64 88.11 79.22 86.98 51.68 59.75 65.24 71.59
w/ Hop-even 81.59 88.07 79.12 86.81 51.95 60.53 64.99 71.29
w/ Prefix (six) 79.12 85.89 76.53 84.77 50.47 59.34 65.01 71.36
w/ Suffix (six) 80.98 87.52 78.03 86.63 51.48 59.33 63.10 69.99
Vision w/ ZO 76.05 83.93 72.98 82.08 49.65 57.90 62.54 69.84
w/ Hop-odd 81.83 88.36 79.39 86.96 51.56 60.11 65.68 72.05
w/ Hop-even 82.41 88.36 78.95 86.74 52.27 60.98 64.99 72.10
w/ Prefix (six) 79.34 86.17 76.72 84.85 50.14 59.73 65.25 71.96
w/ Suffix (six) 82.21 88.33 79.23 87.03 51.65 60.20 64.25 70.76
Language w/ ZO 80.94 87.00 76.74 85.03 49.14 58.69 64.38 70.38
w/ Hop-odd 8228 88.51 79.28 87.05 51.73 60.59 65.20 71.90
w/ Hop-even 82.17 88.45 78.73 86.27 52.07 60.71 65.06 72.16
w/ Prefix (six) 82.19 88.51 79.07 86.83 52.02 60.49 64.87 71.64
w/ Suffix (six) 82.19 88.30 78.82 86.71 51.57 60.38 65.17 72.10

Table 2: How ZO optimization affects VLCL through dif-
ferent layers (CLIP). We design four configurations across
layers from different branches: w/ Hop-odd (ZO in odd lay-
ers), w/ Hop-even (ZO in even layers), w/ Prefix (six) (ZO in
first six layers) and w/ Suffix (six) (ZO in last six layers).
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(a) Du. w/Hop-odd. (b) Lan. w/Hop-odd.

Figure 3: Analyzing convergence behavior of VLCL in Hop-
odd across Dual (Du.) and Language (Lan.) branches.

Observation on Layer-wise Heterogeneity in ZO for
VLCL. To gain deeper insights, we start to analyze the
impact of different layer-wise settings on performance. In-
terestingly, we observe that all SOTA results emerge when
Z0 and FO optimization are applied in an interleaved man-
ner across layers (e.g., on Hop-odd or Hop-even). To further
investigate this phenomenon, we analyze the gradient behav-
ior under four different layer-wise configurations within the
language branch. The corresponding gradient distributions
are visualized in Figure 4. We clearly observe that the gra-
dient variance is significantly lower when ZO and FO are
interleaved across layers, compared to configurations where
either ZO or FO is applied continuously throughout. We hy-
pothesize that this benefit stems from the functional hetero-
geneity across layers: shallow layers focus on local features,
while deeper layers capture abstract semantics. A uniform
optimization method may overlook such diversity, whereas
interleaving ZO and FO better aligns with each layer’s ex-
ploration and stability needs, leading to a more robust opti-
mization process that stabilizes gradient flow while facilitat-
ing escape from local minima.

A New Enhancement from Vision Discrepancy

Understanding the discrepant behavior of ZO in vision
branch. From Figure 2, we observe that when ZO is adopted
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Figure 4: How ZO optimization affects gradient variance
across layers in VLCL.

in a single branch, the loss convergence trajectory of vi-
sual branch demonstrates significantly inferior performance
compared with language branch. To further investigate this
phenomenon, we record the gradient variance distribution
of different optimization strategies from a layer-wise per-
spective in VLCL, since layer-wise ZO obtain better per-
formance, and the visualization results are shown in Fig-
ure 5 and 6. It can be observed that dual branch FO opti-
mization exhibit a minimal numerical fluctuations in gradi-
ent variance, reflecting robust convergence stability regard-
less of Hop-odd or Hop-even layers setting, while the lack
of sufficient fluctuation might lead the optimization process
to converge to local optima. In contrast, dual branch ZO in-
duce severe oscillations, causing the optimization trajectory
to diverge. When the ZO-FO collaborative mechanism is
employed, we interestedly observe that under the same layer
wise setting, the gradient variance of the visual branch ZO
is also more violent than that of language. This observation
motivates a critical inquiry: Could targeted suppression of
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Figure 5: Analyzing gradient variance of VLCL in Hop-odd
across Dual, Vision, Language.
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CIFAR Inc10 TinyImg Inc20  ImgR Inc20
Last.  Avg.  Last. Avg. Last.  Avg.

Dual w/ Hop-odd 7922 8698 51.68 59.75 6524 71.59

Method

MoZO 79.36 87.02 5235 59.75 6532 71.93
Dual w/ Hop-even  79.12  86.81 5195 60.53 6499 71.29
MoZO 79.87 87.25 5246 61.23 6580 71.82

Table 3: Effect of MoZO optimization on performance. Dual
w/ Hop-odd/even indicates the results of adopting Hop-odd
and Hop-even layer-wise ZO in dual branch.

Z0-induced perturbations in the visual modality yield per-
formance gains?

Gradient Regularization and Vision Branch Pertur-
bation Control. To validate this hypothesis, we propose a
MoZO optimization strategy that incorporates gradient reg-
ularization during the estimation process, with explicit con-
straints on perturbations applied to the vision branch to mit-
igate instability. Specifically, we first introduce a signed gra-
dient transformation to regularize the ZO-estimated gradient
8z0. This can be expressed as:

g = Sign(gZO)a (3)

where gzp denotes the original ZO-estimated gradient, and
& is the transformed signed gradient. The sign(-) function is
applied element-wise, defined as:

+1. ifx; >0
sign(x;) = ¢ 0. ifx;=0 4)
—1. ifx; <0

This transformation retains only the direction information of
the gradient, discarding the amplitude information. Further-
more, we implement modality-specific perturbation factors
for ZO optimization, assigning a deliberately lower value to
the vision branch (g,) compared to the language branch (g).
Hence, the final MoZO update rule can be expressed as:

0 _ 6m,t — M 'g(em,ta gvét)v if m = vision (5)
mi+ Ons— N8Oy, &), if m=language
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Figure 6: Analyzing gradient variance of VLCL in Hop-even
across Dual, Vision, Language.
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where 0 is the gradient parameter, 1), is the learning rate, and
& represents a perturbation vector. To verify this strategy,
we first record the gradient variance on CIFAR, and plot the
comparison shown in Figure 7. It can be observed that our
strategy significant reduce the vision branch gradient fluc-
tuations expressed in Figure 7b and 7d (shown in red line),
regardless of Hop-odd or Hop-even. We further validate this
conjecture through quantitative analysis shown in Table 3,
it can be find that stabilizing ZO gradient estimation and
reducing vision branch perturbations yields consistent per-
formance gains across CIFAR, Tinylmg and ImgR datasets.
This method focus on the instability limits of ZO in VLCL
and maintains the balance of the optimization process across
different modality branches, paving the way to further re-
fines the application strategy of ZO optimization in VLCL.

Ablation, Demonstration and Beyond

Exploring diverse ZO strategies. Our ablation start to ex-
plore other ZO strategies of hybrid ZO-FO collaboration in
VLCL. As shown in Table 4, applying ZO to dual branches
significantly degrades performance compared to the base-
line, confirming the instability caused by excessive gradient
oscillations. In contrast, single-branch ZO optimization mit-
igates this issue, with the significant improvement in Last.
and Avg. metrics. We then explore the impact of different
Z0O optimization on VLCL performance. As we default to
the conservative ZO strategy in the main analysis, we fur-
ther conduct more aggressive ZO variants. Specifically, we
examine a naive ZO approach—referred to as ZO* which
performs a single gradient estimation and directly updates
the parameters without any loss-based validation. On top
of this, we introduce a variant named Sign, which incorpo-
rates a signed gradient transformation to regulate the mag-
nitude of the estimated gradients. This design aims to mit-
igate the instability caused by ZO estimates while preserv-
ing directional information. It can be observed that the ag-
gressive ZO* optimization degrades performance, as it re-
lies on a single gradient estimation without validating the

CIFAR Inc10
Method Strategy Last.  Avg.
MoE4Adapter
Dual w/ ZO 70* 66.67 75.08
Vision w/ ZO Z0* 7232  81.64
Language w/ ZO 70%* 76.19 84.58
Dual w/ ZO Sign 66.68 77.20
Vision w/ ZO Sign 7334  83.47
Language w/ ZO Sign 78.52 8591

Table 4: Behavioral consistency across diverse ZO strate-
gies. * indicates a naive ZO strategy, Sign indicates a ZO
strategy using the gradient transformation method.

update direction, making it more sensitive to the fluctua-
tions in the loss landscape compared with conservative ZO.
Notably, adopting Sign-based gradient estimation enhances
performance across all configurations, suggesting that en-
forcing gradient amplitude consistency in ZO perturbations
helps stabilize the optimization trajectory and improves con-
vergence. This observation aligns with our proposed ZO op-
timization strategy in Section , which advocates for gradi-
ent magnitude control as a means to suppress fluctuation up-
dates and maintain optimization balance across modalities.

Significance analysis. We then explore the average incre-
mental performance among five runs on two dataset (CIFAR
and ImgR), with three different ZO configurations (dual
branch, vision branch and language branch), recording the
accuracy of Last. and Avg. shown in Figure 8. We observe
that ZO optimization yields smaller performance variance
on the CIFAR dataset than on ImgR across different con-
figurations, regardless of Last. and Avg. metrics. One pos-
sible explanation is that ImgR derived from the larger-scale
ImageNet, contains more fine-grained and semantically di-
verse categories than CIFAR. This increased label complex-
ity leads to a more rugged and high-dimensional loss land-
scape, which makes ZO gradient estimation on stochastic
perturbations harder to stabilize. Additionally, from the per-
spective of different ZO configurations, applying ZO opti-
mization to the language branch consistently yields the bet-
ter performance. We hypothesize that this is because the lan-
guage branch typically operates on lower-dimensional ten-
sors, making it less susceptible to the instability introduced
by random perturbations in ZO gradient estimation. In con-
trast, the higher-dimensional vision branch benefits more
from FO gradients, which provide precise gradient optimiza-
tion direction. The combination of FO-dominated updates in
the vision branch and ZO exploration in the language branch
may facilitate better escape from local minima and lead to
more robust convergence.

Quantifying memory efficiency. We record the memory
usage across different ZO settings, as shown in Table 5.
Compared to applying FO optimization in the dual branch
baseline, using ZO optimization leads to a 89.1% reduction
in memory consumption, due to the elimination of gradient
backpropagation and storage overhead. When applying ZO
optimization to a single branch, memory consumption is re-
duced by 65.3% on the visual branch and 37.9% on the lan-
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Figure 8: Significance analysis of performance across Dual (Du.), Vision (Vis.), Language (Lan.).

Method MoE4Adapter MoE4Adapter
Baseline ~19.96GB ~15.11GB
Dual w/ ZO ~2.17GB | ~1.73GB |
Vision w/ ZO ~6.93GB | ~5.71GB |
Language w/ ZO ~12.39GB | ~11.09GB |

Table 5: Comparison of GPU memory usage between differ-
ent ZO settings across branches (CLIP).

guage branch, respectively. The greater memory reduction
on the visual branch is attributed to its higher input dimen-
sionality, as it processes image data. Applying ZO in this
context helps to alleviate memory pressure by avoiding stor-
age of high-dimensional gradients. For the results in LoORA
architecture, it inherently requires fewer trainable units to
perform parameters update, resulting in overall lower mem-
ory consumption. Overall, these findings highlight ZO’s
inherent advantage in significantly reducing memory con-
sumption, especially in high-dimensional settings, making it
a highly practical and efficient optimization alternative for
resource-constrained VLCL scenarios where memory effi-
ciency is critical.

Related Work

Continual learning of VLM. Recent advances in CL have
witnessed the emergence of VLMs as promising solutions
to mitigate catastrophic forgetting through their generalized
multimodal representations. Pioneering studies (Ding et al.
2022; Thengane et al. 2022) demonstrate that pretrained
VLMs like CLIP (Radford et al. 2021) inherently possess
remarkable continual learning capabilities even without fine-
tuning. PROOF (Ding et al. 2022) further enhances CL ro-
bustness by integrating multimodal cues with adaptive map-
ping strategies. Nevertheless, conventional VLM-based ap-
proaches predominantly emphasize task-specific feature ac-
quisition for new domains (Huang et al. 2024), inadvertently
compromising the integrity of previously learned represen-
tations and leading to progressive performance degradation.
To address this limitation, recent efforts adopt PEFT tech-
niques (Houlsby et al. 2019; Hung et al. 2019) that selec-
tively update lightweight modules while maintaining frozen
backbone parameters. MoE4Adapters (Yu et al. 2024) in-
troduces a mixture-of-experts (MoE) architecture, enabling
task-specific feature specialization without cross-task inter-
ference and achieving state-of-the-art performance. How-
ever, these methods universally rely on FO optimization, in-
herently restricting their capacity to explore optimal param-
eter trajectories during optimization.
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Optimization for continual learning. From an optimiza-
tion view, existing CL methods predominantly focus on rec-
onciling the stability-plasticity dilemma (Lu et al. 2025)
through gradient technology (Li et al. 2024). Orthogonal pa-
rameter updates (Saha, Garg, and Roy 2021; Lin et al. 2022;
Lopez-Paz and Ranzato 2017; Farajtabar et al. 2020) and
sharpness-aware minimization (Deng et al. 2021; Shi et al.
2021; Bian et al. 2024) represent two mainstream directions,
which respectively aim to decouple task-specific gradients
and converge to flat loss minima for improved generaliza-
tion. While these strategies enhance optimization stability,
they often inadequately address the exploration-exploitation
trade-off, as deterministic gradient descent trajectories tend
to converge to suboptimal local minima with limited pertur-
bation resilience. Emerging ZO optimization(Nesterov and
Spokoiny 2017; Berahas et al. 2022) presents a paradigm
shift by employing gradient-free stochastic perturbations to
estimate descent directions. This approach offers dual ad-
vantages: 1) inherent stochasticity facilitates escape from lo-
cal optima through controlled parameter space exploration,
and 2) elimination of backward propagation reduces mem-
ory overhead by avoiding gradient matrix storage.

Our work. This work investigates how ZO optimization
can be effectively adapted to VLCL, addressing catastrophic
forgetting by harmonizing the inter-modal asymmetry of
VLMs with the stochastic perturbations of ZO optimization.

Conclusion

In this work, we systematically investigate ZO optimiza-
tion into VLCL and propose a novel hybrid ZO-FO op-
timization paradigm. Through extensive empirical analy-
sis, we identify two critical challenges of applying ZO in
VLCL: destabilized training caused by excessive gradient
variance and modality-specific optimization discrepancies.
To address these, we first demonstrate that selectively ap-
plying ZO to specific branches (vision or language) while re-
taining FO optimization in others significantly outperforms
naive full-ZO approaches. Building on this, we further pro-
pose a layer-wise collaborative strategy that interleaves ZO
and FO across network layers, achieving state-of-the-art per-
formance by harmonizing stochastic exploration with deter-
ministic refinement.

Limitation. This work currently focuses on CLIP-based
vision-language modalities. The generalization of ZO-FO
collaboration to other VLMs (e.g., multimodal transformers
with audio or video inputs) remains unexplored, particularly
in scenarios where modalities exhibit heterogeneous feature
distributions or temporal dependencies.
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