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Abstract

Leveraging the effective visual-text alignment and static
generalizability from CLIP, recent video learners adopt
CLIP initialization with further regularization or recombi-
nation for generalization in open-vocabulary action recog-
nition in-context. However, due to the static bias of CLIP,
such video learners tend to overfit on shortcut static fea-
tures, thereby compromising their generalizability, espe-
cially to novel out-of-context actions. To address this is-
sue, we introduce Open-MeDe, a novel Meta-optimization
framework with static Debiasing for Open-vocabulary ac-
tion recognition. From a fresh perspective of generalization,
Open-MeDe adopts a meta-learning approach to improve
“known-to-open generalizing” and “image-to-video debi-
asing” in a cost-effective manner. Specifically, Open-MeDe
introduces a cross-batch meta-optimization scheme that ex-
plicitly encourages video learners to quickly generalize to
arbitrary subsequent data via virtual evaluation, steering a
smoother optimization landscape. In effect, the free of CLIP
regularization during optimization implicitly mitigates the
inherent static bias of the video meta-learner. We further
apply self-ensemble over the optimization trajectory to ob-
tain generic optimal parameters that can achieve robust
generalization to both in-context and out-of-context novel
data. Extensive evaluations show that Open-MeDe not only
surpasses state-of-the-art regularization methods tailored
for in-context open-vocabulary action recognition but also
substantially excels in out-of-context scenarios. Code is re-
leased at https://github.com/Mia-YatingYu/Open-MeDe.

1. Introduction

Open-vocabulary action recognition (OVAR) aims to iden-
tify test videos whose classes are not previously encoun-
tered during the training phase, which challenges the gen-
eralization and zero-shot capabilities of the video learn-
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Figure 1. Performance comparison (Top-1 Acc (%)) under various
open-vocabulary evaluation settings where the video learners ex-
cept for CLIP are tuned on Kinetics-400 [26] with frozen text en-
coders. The satisfying in-context generalizability on UCF101 [43]
(a) can be severely affected by static bias when evaluating on
out-of-context UCF-SCUBA [30] (b) by replacing the video back-
ground with other images.

ers [3, 48, 52, 57]. Recently, the emergence of image-based
visual-language (I-VL) pre-training, such as CLIP [39] and
ALIGN [23], has shown promising zero-shot inference in
image-based tasks. Inspired by this success, recent at-
tempts [3, 4, 8, 34, 36, 49] have been made to adapt
CLIP for general action recognition via additional temporal
modeling following the “pre-train, prompt and fine-tune”
paradigm [47]. Broadly, these video learners optimize the
learnable parameters from the start point of CLIP, pursu-
ing decent performance on the training videos, known as
standard fine-tuning objectives. However, adapting CLIP to
the video domain, especially for OVAR, is extremely chal-
lenging, as the video learners with standard fine-tuning ob-
jectives often lead to overfitting, which achieves improved
specialization at the cost of generalization degradation.

To build an improved zero-shot video learner, Open-
VCLIP [53] and FROSTER [21] propose to regularize the
fine-tuning process curbing deviation from CLIP’s gener-
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alization from the perspective of model patching [22] and
knowledge distillation [7, 13, 38], respectively. In Fig. 1,
these methods have achieved satisfying performance com-
pared to frozen CLIP and X-CLIP [34] on UCF101 [43]
dataset under in-context open-vocabulary evaluation, where
the action categories have strong correlations with the con-
text in videos. However, when it comes to the out-of-
context evaluation in SCUBA [30], where the video back-
ground is replaced by other images, the performance de-
grades severely. As these video learners are intimately tied
to the learning of shortcut static features, which manifest as
static bias, they interfere with the learning of motion cues,
resulting in poor out-of-context generalization [16]. Based
on these observations, we argue that the static generaliza-
tion of CLIP can (1) effectively adapt to in-context scenar-
ios for OVAR by regularizing video learners; yet (2) it un-
desirably hinders the sensitivity of such video learners to
motion cues, exerting a notable detrimental impact on gen-
eralization under out-of-context, open-vocabulary setting.

How can we encourage the emergence of such robust
open-vocabulary generalization for both in-context and out-
of-context scenarios? We explore an explicit approach to
this problem: as the video learner is trained with a sampled
batch of videos at each gradient step, our objective is to op-
timize the learner from a meta-learning standpoint so that it
can quickly adapt to arbitrary subsequent data, thereby min-
imizing inherent biases toward known data and static cues.

Based on this insight, we propose Open-MeDe, the
first Meta-learning based framework with static Debiasing
for in-context and out-of-context Open-vocabulary action
recognition. Meta-learning, also known as “learning to
learn”, incorporates virtual evaluation during the training
process for better generalization [1, 17, 35]. In our meta-
learning scheme, the “learning to generalize” process is en-
hanced by naturally treating sequences of adjacent batches
sampled from the training set as a distribution of tasks.
More concretely, our procedure optimizes the video learner
to obtain fast weights by gradient descent updates on the
current batch (i.e., meta training), while evaluating the sub-
sequent batch (i.e., meta testing) based on fast weights of
the learner, which mimics a known-to-open task. Based on
the evaluation performance in meta testing, our procedure
can further optimize the learner to obtain more generaliz-
able video-specific knowledge against inherent known and
static biases. In effect, this cross-batch meta-optimization
formulates a meta-learner free of CLIP regularization,
thereby facilitating smoother optimization and robust video
representation learning for fast known-to-open generaliz-
ing, thus enhancing image-to-video debiasing. Tailored to
the optimization trajectory of the video learner, we further
employ self-ensemble stabilization, i.e., Gaussian Weight
Average (GWA), to derive generic optima for robust gener-
alization at open-vocabulary test time. Overall, while inte-

grating the same video learner, our model-agnostic Open-
MeDe outperforms existing regularization-based methods,
which strikes a promising balance on in-context and out-of-
context generalization settings (Fig. 1).

The contribution of our work can be summarized as:
• We introduce a novel meta-learning based framework,

Open-MeDe, which provides new insights for more gen-
eralized open-vocabulary action recognition.

• We propose cross-batch meta-optimization and self-
ensemble stabilization, which effectively power known-
to-open generalizing and image-to-video debiasing of the
video learner for robust generalizability.

• We conduct extensive evaluations on various scenarios in-
cluding base-to-novel, cross-dataset, and out-of-context
open-vocabulary action recognition. Experimental re-
sults show that Open-MeDe consistently improves per-
formance across all the benchmarks.

2. Related Work

2.1. Adapting CLIP to Action Recognition
A seminal work of I-VL, CLIP [39] has demonstrated re-
markable static generalization, achieving promising perfor-
mance in image-based zero-shot inference. Despite exten-
sive works [40, 47, 52] fully fine-tuning the video learner,
a collection of studies focuses on adopting lightweight
adapters [5, 36, 55] or incorporating learnable prompts [24,
49] for easy video adaptation. However, these video learn-
ers adhere to the standard fine-tuning paradigm, which
tends to overfit in the closed-set setting, thereby limit-
ing expertise in open-vocabulary settings. To this end,
Open-VCLIP [50] regularizes the fine-tuning process of the
video learner, preventing deviation from CLIP’s general-
ization, by interpolating frozen CLIP weights with the cur-
rent learner on the fly. FROSTER [21] and STDD [56] en-
force the regularization from the perspective of knowledge
distillation [7, 10, 14, 41], aligning features of the video
learner and frozen CLIP via a tailored residual module. De-
spite demonstrating superiority in open-vocabulary evalua-
tions, the increased computational overhead and excessive
reliance on static cues introduced by CLIP regularization
hinder efficient adaptation and robust generalization. In
contrast, we approach the problem of adapting CLIP-based
video learners to OVAR from a fresh view of “learning to
generalize without bias”. During training, the learner is ex-
plicitly forced to quickly generalize to forthcoming data by
sorely resorting to the knowledge learned by itself rather
than by the virtue of CLIP’s static generalization.

2.2. Meta-learning
Rather than directly learning from experiences, with the
goal of learning to learn, meta-learning can quickly gener-
alize to new tasks by leveraging prior learning abilities [19].
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Figure 2. Illustration of our framework. (a) The cross-batch meta-optimization scheme aims to mimic the known-to-open generalization
task Ti by performing the gradient descent update (i.e., meta training) on the support batch S and virtual evaluation (i.e., meta testing) on the
query batchQ. Then, the video learner is optimized by both class-specific losses from S and task feedback fromQ for more generalizable
knowledge against inherent known and static biases. (b) Overview of the Open-MeDe framework with self-ensemble stabilization. During
the episodic training process, we exploit the optimization trajectory of the video learner to perform Gaussian Weight Average (GWA) to
derive generic optima for robust generalization.

As the representative works in meta-learning, MAML [17]
boasts simplicity and has actively driven the development
of the gradient-based methods in few-shot learning. Re-
cently, meta-learning techniques have also been explored
in zero-shot learning [20, 32, 37, 45] and domain adapta-
tion [29], which typically perform episode-wise training by
dividing the training set into support and query sets with
different classes distributions. Targeting long-tailed issues
within closed-set video scene generation, MVSGG [54] em-
ploys meta-learning across several manually predefined task
types, which are partitioned based on specific conditional
biases in the training data. However, these approaches are
often prone to meta-overfitting due to insufficient meta tasks
and limited application scopes of generalization. Differ-
ently, our work tackles ubiquitous challenges in video un-
derstanding beyond closed-set and in-context settings, i.e.,
mitigating static bias of video learners for open-vocabulary
generalization. To the best of our knowledge, we are the
first to directly integrate the mini-batch training mecha-
nism with meta-learning to naturally mimic diverse known-
to-open tasks utilizing cross-batch data without additional
computational overhead.

3. Method

3.1. Preliminaries

Action recognition with CLIP-based video learner. Con-
sider a CLIP-based video learner with a ViT architec-
ture [15], that incorporates temporal modeling for video un-
derstanding [47, 49, 50, 52, 55, 57]. Next, we present the
standard vision-only fine-tuning paradigm that applies such
a video learner fθv with a frozen text encoder fθt to action
recognition. Specifically, given a video clip Vi, and a can-
didate action label Tj ∈ Ztr described in predefined textual
templates (e.g., “a video of {action}”) from the training set

Dtr, the similarity is calculated as:

si,j =
⟨vi, tj⟩
∥vi∥ ∥tj∥

, vi = fθv (Vi), tj = fθt(Tj), (1)

where the training objective is to maximize it of the matched
Vi and Tj , or to minimize it otherwise. The loss function is
implemented by the cross-entropy loss in [9, 39, 52] as:

LCE = − 1

B

B∑
i

K∑
k

yi,k log

(
exp(si,k)∑K
j exp(si,j)

)
, (2)

where B and K denote the minibatch size and the number
of all known classes, respectively. If the i-th video belongs
to the k-th class, yi,k equals 1; otherwise, yi,k equals 0. In
OVAR, the trained video learner should achieve good gen-
eralization on test data with the class label Ti ∈ Zte, where
Zte ∩ Ztr = ∅.
Model-agnostic meta-learning (MAML). MAML [17] is
a gradient-based meta-optimization framework designed for
few-shot learning, which aims to learn good initialization
such that a few gradient steps will lead to fast learning on
new tasks. Formally, consider a model fθ with parame-
ters θ, MAML learns a set of initial weight values, which
will serve as a good starting point for fast adaptation to a
new task Ti, sampled from a task distribution p(T ). When
adapting to the task Ti, the fast weights θ′i are computed
w.r.t. examples from Ti though single inner-loop update as:

θ′i = θ − α∇θLTi
(fθ), (3)

where α denotes the step size for inner loops. Then, the
model with fast weights fθ′

i
is evaluated on new samples

from the same task Ti, to act as the feedback (i.e., loss gradi-
ents) to adapt to current task Ti to optimize the initialization
θ for generalization as:

θ ← θ − β∇θ

∑
Ti

LTi
(fθ′

i
). (4)
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where β is the step size for outer loops. Computationally,
due to the additional backward propagation burden of the
gradient by gradient update, MAML presents a first-order
approximation, FOMAML, by dropping the backward pass.

3.2. Open-MeDe
As discussed above, the standard fine-tuning paradigm can
cause the video learner to overfit to the known classes dur-
ing training, leading to poor zero-shot capabilities. Also,
CLIP regularization-based approaches face challenges in
achieving robust generalization due to the excessive re-
liance on superficial static cues in videos. To tackle these
issues, we draw upon the philosophy and methodology from
meta-learning, and propose Open-MeDe framework, which
is illustrated in Fig. 2, to enhance both know-to-open gen-
eralizing and image-to-video debiasing simultaneously.

3.2.1. Cross-batch meta-optimization
Our Open-MeDe framework primarily adopts a cross-batch
meta-optimization scheme (in Fig. 2(a)) to enhance the
video learner via meta training and testing, enabling it to
acquire generalizable, video-specific knowledge instead of
overly exploiting static biases. Note that we neither sam-
ple from a distribution of N -way K-shot tasks as done in
few-shot MAML nor deliberately split the training set into
support and query sets as Meta-ZSL [32, 45] suggested. In-
stead, our support and query examples are constructed ef-
fortlessly and arbitrarily by the default training data sam-
pler. In effect, we consider this arbitrariness a blessing for
building the natural “known-to-open generalization task”,
since the known biases in meta training data do not hold in
meta testing data due to different inherent label distributions
across batches. A known-to-open task can be created by ex-
tending the original gradient step into two consecutive mini-
batches in one pass, with the current batch acting as support
data and the subsequent batch as query data. Specifically,
in line with the episode-wise training akin to MAML, we
first train the learner within an inner loop (i.e., meta train-
ing), where the fast weights are obtained through a single
gradient step for each support batch. Following this adapta-
tion, in the outer loop, query videos are sampled to evaluate
the generalization performance of the adapted learner with
fast weights (i.e., meta testing). In this work, our frame-
work further updates the fast weights of the learner based
on the evaluation performance during meta testing, which
then provides feedback for the task to derive more general-
izable optimization for the learner.
Meta training. At each training iteration, we first utilize
each support batch S = {Vi, Ti}B from the task Ti to train
the video learner fθ (with parameters θ), via one standard
gradient step. The inner loop update is governed by the loss
on the support batch as:

LS
Ti
(θ) = L(fθ(S)), (5)

where L(·) refers to the loss function (e.g., the cross-
entropy loss LCE w.r.t. Eq. (2)). Then, we make a tem-
porary copy for the original parameters θ and update the
intermediate parameters for fast weights as follows:

θ′i = θ − α∇θLS
Ti
(θ), (6)

where α denotes the learning rate for meta training. Intu-
itively, this step simulates a direct update to train the learner
to obtain class-specific knowledge of the support data.
Meta testing. After meta training on the support batch, we
then scheme a virtual testing process, leveraging the query
batch Q = {Vi, Ti}B , where S ∩ Q = ∅, to evaluate the
generalization performance of the base learner fθ′

i
. For-

mally, we measure the known-to-open performance on Ti
by calculating the class-specific loss w.r.t. the query data as:

LQ
Ti
(θ′i) = L(fθ′

i
(Q)). (7)

Here, the formulation closely relates to the standard fine-
tuning process, which aims to obtain decent class-specific
performance for all training batches. Differently, this
step merely evaluates the intermediary base learner for its
known-to-open generalizability on each task, due to the
original parameters θ remaining immune to the task-specific
updates. Hence, it can be used to provide feedback for the
learner on what video-specific knowledge should be learned
to derive the robust generalization against inherent known
and static biases in the following meta-optimization.
Meta-optimization. As mentioned above, the intuition be-
hind our approach is that the virtual evaluation during meta
testing can provide useful feedback to encourage the learn-
ing of more robust representations for fast known-to-open
generalization after meta training on the support data (i.e.,
θ′i ← θ). Note that original MAML approaches focus on
optimizing parameters for a strong initialization, enabling
quick adaptation to new tasks with minimal gradient up-
dates. Conversely, open-vocabulary recognition requires
zero-shot capabilities, where no further adaptation can be
applied for new tasks. Therefore, class-specific knowledge
should be strengthened in terms of global optimization. To
this end, within the outer loop, the parameters of the learner
are optimized to minimize the class-specific errors for the
support data and the adaptation cost for the query data si-
multaneously. The combination of both Eq. (5) and Eq. (7)
is used to carry out the outer loop update, thus the objective
for meta-optimization can be defined as:

min
θ
LTi

(θ) =min
θ

(
LS
Ti
(θ) + LQ

Ti
(θ′i)
)

=min
θ

(
LS
Ti
(θ) + LQ

Ti
(θ − α∇θLS

Ti
(θ))

)
.

(8)
Here, the first term refers to the class-specific knowledge
learned on the support batch, while the second term pro-
vides the known-to-open generalization feedback based on
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θ′i towards robust representation learning w.r.t. the task Ti.
The optimizing process of the parameter θ can be given by:

θ ← θ−β∇θ

N∑
i=1

(
LS
Ti
(θ) + LQ

Ti

(
θ − α∇θLS

Ti
(θ)
))

, (9)

where N is the batch size of the task for meta-optimization.
Since the MAML meta-gradient update needs to differen-
tiate through the optimization process (i.e., a gradient by a
gradient), it’s not an ideal solution where we need to op-
timize a large number of tasks during the training phase.
Therefore, we opt for the one-step update approximation by
dropping the backward pass of θ ← θ′i as:

θ ← θ − β

N∑
i=1

(
∇θLS

Ti
(θ) + δ∇θ′

i
LQ
Ti
(θ′i)
)
, (10)

where β and δ are the learning rates for meta-optimization.
With the genuine update of the learner in Eq. (10) with-
out CLIP regularization, we can optimize a parallel or
batch version that evaluates on N known-to-open tasks
of different class distributions (i.e., class-specific knowl-
edge), which encourages to learn more generalizable fea-
tures against known and static biases.
3.2.2. Gaussian self-ensemble stabilization
Typically, training the video learner for longer iterations to
gain specialization on the supervised tasks comes with the
risk of diminished plasticity and generalizability. Model
patching [22, 42, 50, 51] of weight ensembling has been
shown to improve both the performance and generaliza-
tion. Given that the fine-tuning videos are limited in class-
specific knowledge, while the open-vocabulary tasks are un-
constrained, the static generalizable flexibility derived from
large-scale I-VL pre-training should be scrupulously ex-
ploited to enhance the adaptation of the video learner while
minimizing the impact of static bias. Therefore, we further
incorporate self-ensemble stabilization tailored to the video
learner over its optimization trajectory, which utilizes the
knowledge from previous training iterations for a generaliz-
able solution. In a fine-tuning procedure of R epochs with
l step length for each, the learner’s optimization trajectory
is represented by {θt}Rt=1, and θ0 is the pre-trained weights.
The self-ensemble averages the weights of the learner as:

θWA = (1−
R∑

t=1

αt) · θ0 +
R∑

t=1

αt · θt, (11)

where αt ∈ [0, 1] specifies the weights contributed by
the parameters at t-th epoch. Intuitively, during the early
fine-tuning epochs (i.e., at a smaller epoch t), the video
learner lacks the maturity to effectively capture video-
specific knowledge while still retaining substantial static-
related orientation from large-scale pre-training, which in-
troduces vulnerable information for temporal understand-
ing. Conversely, the parameters at the last few epochs (i.e.,

Algorithm 1: Training Procedure
Input: Training set Dtr = {Vi, Ti}M , Video learner fθ .
Require: GWA Params θGWA update at each epoch with l

step length. CLIP Params θCLIP. Batch size of
training samples B. Learning rate α, β, δ.

Output: The final GWA learner fθGWA .

1 Initialize θ, θGWA ← θCLIP; Step = 0; t = 0
2 while not coverged do
3 Step← Step + 1
4 Construct batch of tasks Ti = {S,Q} by sampling

S,Q ← {Va, Ta}B , {Vb, Tb}B ⊆ Dtr

5 forall Ti do
6 // meta training

7 Evaluate∇θLS
Ti
(θ) w.r.t. Eq. (5)

8 Compute adapted parameters with gradient
decent: θ′i = θ − α∇θLS

Ti
(θ) w.r.t. Eq. (6)

9 end
10 // meta testing

11 Evaluate∇θ′i
LQ

Ti
(θ′i) w.r.t. Eq. (7)

12 // meta-optimization
13 Update θ w.r.t. Eq. (10)
14 // Gaussian Weight Average
15 if mod(Step, l) == 0 then
16 t← t+ 1; θt ← θ
17 Update θGWA w.r.t. Eq. (13)
18 end
19 end

at a larger epoch t) have integrated more video-specific
knowledge, highly featuring the supervised downstream
task distribution, whereas the plasticity of the unconstrained
zero-shot capability is not guaranteed. As both sides de-
grade the final open-vocabulary generalizability, we aim to
weaken the contribution of the parameters near the initial
and terminal epochs by employing a distribution prior, re-
sulting in a generic optima for robust generalization.

Driven by [27] in prompt learning, we perform Gaus-
sian Weight Average (GWA) based on model patching, as
shown in Fig. 2(b), which assigns the parameters with lower
weights at initial epochs, higher weights at middle epochs,
and relatively lower weights at final epochs. Given a Gaus-
sian distribution wt ∼ N (µ, σ2) defined over the epochs,
we sample the weight values for the parameters θt as its
corresponding probability in the distribution as:

wt =
1√
2πσ

e−
(t−µ)2

2σ2 , t = 1, . . . , R. (12)

Here, we exclude the integration of CLIP weights θ0 for the
purpose of static debiasing. µ and σ2 are hyper-parameters
for the distribution, and in practice, we determine the value
of µ according to the epoch number. Then, we perform nor-
malization towards the weights of total epochs i.e., αt =
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Table 1. Performance comparison (Top1-Acc (%)) with the CLIP-adapted methods using ViT-B/16 under the in-context base-to-novel
setting. We also report the harmonic mean (HM) of base and novel recognition accuracy. The best and the second-best results are
highlighted. ∗ and † denote the results reproduced with our implementation using frozen text learners.

Method Venue K400 HMDB UCF SSv2

Base Novel HM Base Novel HM Base Novel HM Base Novel HM

Frozen CLIP [39] ICML’21 62.3 53.4 57.5 53.3 46.8 49.8 78.5 63.6 70.3 4.9 5.3 5.1
ActionCLIP [47] arXiv’21 61.0 46.2 52.6 69.1 37.3 48.5 90.1 58.1 70.7 13.3 10.1 11.5
X-CLIP [34] ECCV’22 74.1 56.4 64.0 69.4 45.5 55.0 89.9 58.9 71.2 8.5 6.6 7.4
VPT [24] ECCV’22 69.7 37.6 48.8 46.2 16.0 23.8 90.5 40.4 55.8 8.3 5.3 6.4
ST-Adapter [36] NeurIPS’22 74.6 62.0 67.3 65.3 48.9 55.9 85.5 76.8 80.9 9.3 8.4 8.8
ViFi-CLIP [40] CVPR’23 76.4 61.1 67.9 73.8 53.3 61.9 92.9 67.7 78.3 16.2 12.1 13.9
Open-VCLIP ∗ [50] ICML’23 76.3 62.3 68.6 70.2 50.2 58.5 94.6 77.2 85.0 15.9 10.8 12.9
FROSTER † [21] ICLR’24 76.0 61.9 68.3 70.0 49.9 58.3 94.3 76.9 84.7 15.5 10.3 12.4
Open-MeDe 77.2 63.8 69.9 73.6 56.4 63.9 94.9 78.5 85.9 17.1 12.3 14.3

wt∑R
i=1 wi

. We also formulate GWA as a moving average to
avoid increasing the storage cost of saving multiple snap-
shots of the parameters by updating the average of current
learner θt on the fly (i.e., at epoch t) as:

θGWA ←
∑t−1

i=1 wi∑t
i=1 wi

· θGWA +
wt∑t
i=1 wi

· θt. (13)

3.3. Algorithm overview
We present the overall training procedure of the proposed
model-agnostic Open-MeDe in Algorithm 1. The video
learner is fine-tuned based on training videos based on
our cross-batch meta-optimization scheme cost-effectively.
And the Gaussian self-ensemble stabilization is performed
on the video learner via our GWA for robust generalization
under open-vocabulary settings.

4. Experiments
4.1. Experimental Setup
Datasets. We explore two distinct types of open-
vocabulary action recognition evaluation in this work:
in-context and out-of-context settings. For in-context
scenarios, we conduct experiments following the com-
mon practice in the literature [21, 40, 40, 50] on the
Kinetics-400 (K400) [26], UCF-101 (UCF) [43], HMDB-
51 (HMDB) [28], Something-Something V2 (SSv2) [18]
and Kinectics-600 (K600) [6] datasets under widely-used
evaluation protocols: cross-dataset and base-to-novel eval-
uation. For more challenging out-of-context scenarios,
we newly conduct general cross-dataset evaluations using
K400 dataset as the training set and testing on the synthetic
UCF-SCUBA [30] and UCF-HAT [2, 12] benchmarks.
Implementation details. Generally, we use the official
CLIP ViT-B/16 backbone for all experiments, and our video
learner is the adaptation of the CLIP model follows [50],
unless stated otherwise. During our meta-optimization pro-
cess, we construct a batch of 4 tasks, each task contains 8

support and query samples from the training set. The learn-
ing rates of inner and outer loops for support batches i.e., α,
and β, are synchronized with the initial value of 3.33×10−6

and decay to 3.33−8 utilizing the AdamW [33] optimizer
following a cosine decay scheduler, while the hyperparam-
eter δ for query batches is set to 1.67 × 10−3. For cross-
dataset evaluation, we warm up the training on the K400
dataset for the first 2 epochs and further fine-tune the video
learner for 20 epochs. For base-to-novel evaluation, we
train the learner for 12 epochs with the first two warm-up
epochs on training data. During inference, we use 3 tempo-
ral and 1 spatial views per video and linearly aggregate the
recognition results. See Appendix for experimental details.

4.2. Comparison with state-of-the-art methods
We compare our framework with the state-of-the-art open-
vocabulary action recognition methods on the following
commonly used in-context and newly proposed out-of-
context evaluation protocols.
In-context base-to-novel generalization. In Tab. 1, we
compare the proposed framework with other CLIP-based
methods under the popular in-context base-to-novel setting.
All methods are initially learned on the frequently occurring
base classes and evaluated on both base and novel classes,
where the novel classes represent a realm of previously un-
counted scenarios. From the results, we can summarize the
observations: (1) Most of the methods show reasonable im-
provements from the frozen CLIP [39], except for Action-
CLIP [47], X-CLIP [34] and VPT [24] suffering inferior
performances especially on the novel sets of K400, HMDB
and UCF, indicating the strong generalization of CLIP and
the potential overfitting of these adapted video learners to-
ward the training samples. (2) Our framework experiences
noticeable gains in novel class performance and consistent
achievements on all four datasets, spanning spatially dense
and temporally focused scenarios, which validates the ef-
fectiveness of enhancing generalization and static debiasing
for both known and open classes.
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Table 2. Comparison with the previous methods under the in-
context cross-dataset setting. The results are top-1 accuracies
(%) with mean and standard deviation on the evaluation across
three validation splits within each dataset. ∗ and † denote our re-
implementation with frozen text learners.

Method Venue UCF HMDB K600

Frozen CLIP [39] ICML’21 73.8±0.6 47.9±0.5 68.1±1.1
ActionCLIP [47] arXiv’21 77.5±0.8 48.2±1.5 62.5±1.2
X-CLIP [34] ECCV’22 72.0±2.3 44.6±5.2 65.2±0.4
VPT [24] ECCV’22 69.3±4.2 44.3±2.2 55.8±0.7
ST-Adapter [36] NeurIPS’22 77.6±0.7 51.1±0.6 60.2±1.8
Vita-CLIP [49] CVPR’23 75.0±0.6 48.6±0.6 67.4±0.5
MAXI [31] ICCV’23 78.2±0.7 52.3±0.6 71.5±0.8
Open-VCLIP ∗ [50] ICML’23 83.3±1.4 53.8±1.5 73.0±0.8
ViLT-CLIP [46] AAAI’24 73.6±1.1 45.3±0.9 -
FROSTER † [21] ICLR’24 82.9±0.6 53.4±1.2 71.1±0.8
VicTR [25] CVPR’24 72.4±0.3 51.0±1.3 -
ALT [11] CVPR’24 79.4±0.9 52.9±1.0 72.7±0.6
Open-MeDe 83.7±1.3 54.6±1.1 73.7±0.9

Table 3. Performance comparison (Top-1 / Top-5 Acc. (%))
on UCF dataset. We evaluate both in-context and out-of-context
recognition (marked with ⋆) performances. We also report the har-
monic mean (HM) of the results. ∗ and † indicate our implemen-
tation with frozen text learners.

Method UCF UCF-SCUBA ⋆ UCF-HAT ⋆ HM

X-CLIP 74.5 / 95.4 24.6 / 43.3 56.8 / 78.1 20.3 / 64.7
Open-VCLIP ∗ 83.5 / 96.9 28.9 / 48.0 59.6 / 79.5 47.4 / 68.6
FROSTER † 82.9 / 96.4 25.2 / 43.2 58.6 / 78.9 43.6 / 64.9
Ours 83.9 / 96.9 33.5 / 52.7 64.5 / 82.3 52.4 / 72.4

In-context cross-dataset generalization. In Tab. 2, we
present the compared results under in-context cross-dataset
zero-shot evaluations, where all learners undergo further
fine-tuning on K400 training set and are tested directly on
downstream cross-datasets i.e., UCF, HMDB and K600.
Similar findings can be noticed from the results as base-
to-novel evaluations that frozen CLIP outperforms several
adapted learners, especially on the most generalizability
demanding benchmark, i.e., K600, further demonstrating
the generalization degradation of overfitting within these
methods. Remarkably, our framework based on meta-
learning consistently surpasses state-of-the-art approaches
on all three benchmarks, demonstrating its superior effec-
tiveness and enhanced generalizability.
Out-of-context cross-dataset generalization. In Tab. 3,
we further compare our method with the previous state of
the arts under more challenging out-of-context cross-dataset
evaluations on SCUBA and HAT benchmarks of the UCF
dataset. It can be noticed that: (1) Integrating with CLIP
regularization, both Open-VCLIP [50] and FROSTER [21]
achieve promising improvements compared with X-CLIP
under original UCF in-context scenarios. (2) However, the
compared methods suffer from severely limited generaliza-
tion when encountering out-of-context scenarios due to the

Table 4. In-context cross-dataset comparison (Top-1 Acc. (%))
when integrating our Open-MeDe with different video learners.

Adaptation Method UCF HMDB K600

Adapter-based
ST-Adapter [36] 77.6±0.7 51.1±0.6 60.2±1.8
+ Ours 78.9±1.1 52.0±1.1 72.7±0.8
∆ Gains + 1.3 + 0.9 + 12.5

Prompt-based
Vita-CLIP [49] 75.0±0.6 48.6±0.6 67.4±0.5
+ Ours 77.9±0.8 50.7±1.3 71.5±0.9
∆ Gains + 2.9 + 2.1 + 4.1

Partially-tuned
X-CLIP [34] 72.0±2.3 44.6±5.2 65.2±0.4
+ Ours 79.3±1.3 52.3±1.5 72.9±1.1
∆ Gains + 7.3 + 7.7 + 7.7

Fully-tuned
VCLIP [50] 78.5±1.0 50.3±0.8 65.9±1.0
+ Ours 83.7±1.3 54.6±1.1 73.7±0.9
∆ Gains + 5.2 + 4.3 + 7.8

static bias within these video learners. (3) Our method
significantly outperforms partially fine-tuned X-CLIP and
CLIP regularization methods on various out-of-context sce-
narios. We outperform the second-best competitor by 4.6%
on UCF-SCUBA and 4.9% on UCF-HAT, with the high-
est HM striking an impressive balancing on cross-dataset
generalization for in-context and out-of-context scenarios.
We attribute the superiority of our video learner to the nat-
ural know-to-open generalizing and image-to-video debi-
asing via the newly proposed meta-optimization and self-
ensemble independent from CLIP’s persistent interference
of static biases for robust and generic generalizability.

4.3. Ablation Studies

Applicability with different video learners. In Tab. 4,
we adopt other video learners (with the frozen text en-
coder) from adapter-based ST-Adapter [36], prompt-based
Vita-CLIP [49], partially fine-tuned X-CLIP [34] and fully
fine-tuned VCLIP [50] to validate the effectiveness of our
model-agnostic framework. We find that: (1) All CLIP-
adapted video learners integrating with our method achieve
consistent improvements on in-context cross-dataset evalu-
ations, highlighting its broad and flexible applicability. (2)
Our approach generally exhibits more improvements for
partially and fully fine-tuned methods than PEFT learn-
ers, suggesting the importance of sufficient fitting capac-
ity (i.e., learnable parameters) for video learners to attain
video-specific generalizability.
Effect of cross-batch meta-optimization. In Tab. 5, we
conduct experiments to verify the effect of our cross-batch
meta-optimization scheme. The compared strategies and
analyses are as follows: (a) Consider VCLIP with stan-
dard fine-tuning objectives as a baseline of the plain learner.
(b) When adopting RFD to VCLIP, the K400 closed-set
performance experiences a slight decline for both IC and
OC scenarios, while cross-dataset in-context generalization
improves, with gains of +4.5% on UCF-IC, whereas it
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Figure 3. Performance comparison at different epochs vs. vari-
ous weight self-ensemble strategies. We train the video learner on
K400 and test on the in-context UCF, K400, and out-of-context
K400-SCUBA and UCF-SCUBA benchmarks. Points on the
curves represent epochs of [2, 4, 6], [10, 12, 14] and [18, 20, 22]
from left to right, respectively.

Table 5. We compare the performances of different optimization
schemes under various settings. IC: in-context evaluations, OC:
SCUBA [30] out-of-context evaluations, HM: harmonic mean.
RFD: Residual Feature Distillation, IWR: Interpolated Weight
Regularization, Meta Unseen: MAML for meta seen to unseen,
Meta Cross-batch: our cross-batch meta-optimization.

Optimization Method K400 (closed-set) UCF (zero-shot)
IC OC HM IC OC HM

Plain (a) VCLIP [50] 80.1 42.4 55.4 78.5 28.3 41.6

CLIP Reg. (b) + RFD [21] 79.9 41.5 54.6 82.5 25.2 38.9
(c) + IWR [50] 80.5 40.3 53.7 82.9 28.9 42.9

Meta learning (d) + Meta Unseen [45] 79.5 41.7 54.7 83.2 31.8 46.0
(e) + Meta Cross-batch 81.5 46.6 59.3 83.9 33.5 47.9

severely impairs generalization for UCF-OC (−3.1%). (c)
Similar results are observed when integrating IWR regular-
ization with VCLIP. (d) For the previous meta unseen opti-
mization method for zero-shot learning, all three accuracies
under UCF cross-dataset evaluation increase, where K400
evaluations challenge its closed-set generalizations, indicat-
ing the potential overfitting to meta unseen tasks. (e) No-
tably, our cross-batch meta-optimization scheme ((a)→(e))
enhances all closed-set and zero-shot performance on har-
monic mean with gains of +3.9% and +6.3%, respectively.
This showcases the superiority of our scheme for enhancing
know-to-open generalizing and image-to-video debiasing,
which establishes a promising balance for robust general-
ization capabilities.
Effect of weight self-ensemble. In Fig. 3, we investigate
the trend of generalization performance during K400 train-
ing and the efficacy of weight self-ensemble stabilization
using various strategies. In particular, the curves illustrate
the performance within the video learner’s optimization tra-
jectory at different epochs, where the x-axis and y-axis dis-
play the different stages of training epochs and various gen-
eralization evaluation protocols, respectively. It is notice-

Figure 4. t-SNE [44] visualization of the predictions from Open-
VCLIP and our Open-MeDe on UCF and UCF-SCUBA.

able that the overall performance has experienced trends of
significant enhancement on both closed-set and zero-shot
generalization while quickly leading to drops in zero-shot
performance at the tail of the fine-tuning phase, suggest-
ing the plasticity degradation that highly features super-
vised task-specific distributions on the downstream dataset.
The results show that weight ensembling methods improve
both specialty and generalizability, with our Gaussian self-
ensemble excelling significantly, strongly suggesting it as a
better choice for robust generalization.

4.4. Visualizations

Fig. 4 compares the t-SNE visualizations of Open-VCLIP
and our framework for in-context and out-of-context UCF
predictions. Note that our predictions for videos within the
same category are more concentrated, with reduced con-
fusion between different categories, compared to Open-
VCLIP. This suggests that the proposed framework effec-
tively learns temporal information, mitigating known and
static biases while demonstrating robust generalizability.
However, there remains considerable room for improve-
ment in out-of-context scenarios for video-adapted learners.

5. Conclusion

We introduce Open-MeDe, a novel meta-learning frame-
work for open-vocabulary action recognition. It adopts a
cross-batch meta-optimization, which encourages the video
learner to attain generalizable knowledge counteracting in-
herent known and static biases for effective known-to-open
generalizing and image-to-video debiasing. It also incorpo-
rates Gaussian Weight Average to achieve generic optima
for robust generalization. Extensive evaluations in both in-
context and out-of-context open-vocabulary scenarios vali-
date the applicability and superiority of our framework.
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