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Abstract

Vision-language models (VLMs) such as CLIP exhibit strong zero-shot general-
ization but remain sensitive to domain shifts at test time. Test-time prompt tuning
(TPT) mitigates this issue by adapting prompts with fixed augmentations, which
may falter in more challenging settings. In this work, we propose Meta Test-Time
Prompt Tuning (MetaTPT), a meta-learning framework that learns a self-supervised
auxiliary task to guide test-time prompt tuning. The auxiliary task dynamically
learns parameterized augmentations for each sample, enabling more expressive
transformations that capture essential features in target domains. MetaTPT adopts
a dual-loop optimization paradigm: an inner loop learns a self-supervised task
that generates informative views, while the outer loop performs prompt tuning by
enforcing consistency across these views. By coupling augmentation learning with
prompt tuning, MetaTPT improves test-time adaptation under domain shifts. Exten-
sive experiments demonstrate that MetaTPT achieves state-of-the-art performance
on domain generalization and cross-dataset benchmarks.

1 Introduction

Vision-language models (VLMs) [25] 34} 2| 163] such as CLIP [45] have exhibited strong zero-shot
generalization. By pretraining on large-scale image-text corpora, CLIP learns a joint embedding
space that aligns visual and textual representations. In zero-shot classification, an image is assigned
to the class whose textual description—often instantiated using a template such as “a photo of a
{class} "—has the highest similarity with the image embedding. While this approach obviates the
need for task-specific fine-tuning, zero-shot performance is contingent on the target domain following
a similar distribution to its source domain. When there is a domain shift, its performance on the target
domain will drop substantially.

To mitigate the impact of domain shifts, Test-Time Adaptation (TTA) have been proposed to enable
models to self-adapt during inference. Instead of freezing the model after training, TTA updates
certain model components by optimizing unsupervised objectives [38} 135, [36] without access to
labeled data from source domain. Among these, Test-Time Training (TTT) [55]] introduces a self-
supervised auxiliary task—such as image rotation prediction—optimized at test time, allowing the
model to adjust its representations to new domains.

Building on this paradigm, recent work [[11} 111641126, 166]] such as Test-time Prompt Tuning (TPT) [51]
extend TTA to VLMs, which adapts learnable prompts [68] on-the-fly while keeping the pretrained
image and text encoders frozen. During inference, TPT employs fixed data augmentations [18] to
generate a batch of augmented views for each test sample, exposing the model to diverse visual
variations during adaptation. The learnable prompts is then optimized through entropy minimization
across these views, encouraging the model to produce confident predictions in the new domain.
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Figure 1: Overview of MetaTPT. This framework is formulated as a dual-loop meta-adaptation
process. In the inner loop, a self-supervised auxiliary task is learned to dynamically optimize
parameterized augmentations: ® g is updated through a joint objective combining H and Lg to
produce informative views, while ®y, employs an EMA of ® i to prevent collapse. In the outer loop,
the learnable prompts @ = { @y, Oy;is} by enforcing cross-view consistency, using a combined
loss of L. and L over the generated views.

Inspired by TTT [55]], we propose an extension to TPT [51] that introduces a learnable self-supervised
auxiliary task at test time. We observe the fix augmentations used in TPT may fail to capture the
nuanced features necessary for discrimination, leading to unreliable adaptation especially in challeng-
ing target domains. To overcome these limitations, the self-supervised auxiliary task is designed to
dynamically learn augmentations during adaptation rather than manually defined. These augmenta-
tions are parameterized as differentiable affine transformations, enabling spatial operations—such as
scaling, shearing, flipping, and translation. This adaptability allows the model to capture complex,
sample-specific variations such as subtle spatial distortions, shape deformations, or domain-specific
artifacts that are common in challenging domains.

To effectively co-adapt parameterized augmentations with prompts, we formulate the adaptation
as a bi-level optimization problem, naturally interpreted as a form of dual-loop meta-learning [[12].
Building on this formulation, we introduce Meta Test-time Prompt Tuning (MetaTPT) for vision-
language models. In this framework, the inner loop optimizes a self-supervised task that dynamically
generates adaptive augmentations, while the outer loop updates the prompts by enforcing consistency
across these views. Following TPT [51]], our adaptation is performed online, with learnable parameters
optimized for each test sample. Thus, MetaTPT serves as a meta-adaptation mechanism within a
single test stream, where both loops operate per sample to improve generalization under domain shift.

Empirically, we evaluate MetaTPT on two zero-shot generalization benchmarks (domain general-
ization and cross-dataset evaluation) against four ImageNet-trained models (CLIP [45], CoOP [68]],
MaPLe [27] and MMRL [15]]). Compared with TPT, MetaTPT demonstrates strong performance to
domain shift and achieves more improvements on challenging datasets, highlighting the effectiveness
of learnable augmentations in adapting to complex distribution changes. Ablation studies further
confirm the effectiveness of MetaTPT’s design. First, compared to the fixed augmentations used in
TPT, our learnable augmentations outperforms fixed augmentations all four base models, validating
their generality across target domains. Second, our dual-loop meta-learning framework (interleaved
optimization of augmentations and prompts) outperforms one-stage joint optimization, emphasizing
the benefits of meta-learning. Finally, our online adaptation strategy (meta-adapts augmentations and
prompts per sample) surpasses an offline variant (meta-train augmentations across all samples before
adapting prompts individually), underscoring the importance of online augmentation adaptation.

In summary, (1) We propose MetaTPT, a novel meta-learning framework that jointly adapts learnable
prompts and a self-supervised auxiliary task at test time, thereby enhancing zero-shot generalization
of vision-language models. (2) We introduce a self-supervised task to dynamically optimize aug-
mentations, parameterized as affine transformations, enabling the capture of fine-grained variability
within target domains. (3) We develop consistency-regularized prompt tuning that fosters stable and
robust adaptation by enforcing alignment of representations across the learned views.
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2 Preliminaries

Prompt tuning for VLMs. CLIP [45] consists of two main components: a text encoder g and an
image encoder f. Let t, denote a handcrafted prompt, such as “A photo of a {class}", and let x
represent an image. The probability of class y given the image x is:

Py — P (f () g(ty) /7) |
) Se exp (sim (f (), g(ts)) /7) W

where sim(a,b) = WTbeH represents the cosine similarity, 7 denotes the temperature, and N,
is the class number. To adapt CLIP to downstream tasks, prompt-learning methods introduce
learnable parameters that modify the input embeddings of the frozen encoders. In CoOp [68], a
set of learnable text prompt embeddings ® = {@!, @2 ... ©"} replaces the handcrafted context.
MaPLe [27] extends this paradigm by incorporating learnable prompts @ = {@yy, Oyis} for

both modalities, where Oy; = {@Eﬁ()t L and Oy = {@52}{;1 are inserted across multiple

transformer layers, and cross-modal alignment is enforced via a linear projection. MMRL [[15] further
generalizes this framework by inserting learnable prompts in the higher layers of both encoders, with

Ot = {®Y 1L | and O, = {®}E | allowing independent optimization while maintaining

vis

alignment through the contrastive objective.

Test-time prompt tuning. TPT [51] is a TTA method that optimizes the the learnable prompts
©® during inference. For each test sample, it employs fix data augmentation [18]] ® to generate N
augmented views and selects top-p confident views for optimization:

min H (P@ ('I)(x))) : @)
N
where Pg (®(x)) = piN Z 1[H(P,) < 6] Pe (®'(x)). 3)

Here, H(P) = vazcl P;log P;. ®'(x) denotes the i-th augmented view of test sample x, and § is
the entropy threshold at the p-th confidence percentile. The learnable prompts ® are optimized by
minimizing the average entropy of the selected augmented views.

Meta-learning. MAML (Model Agnostic Meta Learning) [[12] learns a model initialization © that
can quickly adapt to new tasks through a dual-loop optimization:

min Er 7 [L7.(®5)], “)

s.t. ®; = arg mqi)n L7 (P). 5)

Here, Eq. (B) represents the inner loop, corresponding to task-specific adaptation, where ®; is
optimized for task 7;. Eq. (4) defines the outer loop, updating the meta-parameters ® to minimize
the loss across tasks after adaptation. Sun et al. [54] extend this framework to the test-time regime.
By modeling the RNN hidden state itself with a learnable model parameterized by low-rank matrices
® i and Py, which serve as an inner-loop learner updated dynamically with incoming inputs. The
outer loop then optimizes the model parameters © so that the inner-loop updates lead to effective
sequence modeling.

3 Method

In this section, we introduce Meta Test-time Prompt Tuning (MetaTPT), a dual-loop meta-learning
framework for adapting vision-language models. The inner loop (Sec. learns a self-supervised
auxiliary task to optimize parameterized augmentations generating confident and semantically con-
sistent views. The outer loop (Sec. updates the learnable prompts by enforcing prediction- and
feature-level consistency across these views, enhancing robustness and generalization under domain
shifts.
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3.1 Learning a self-supervised task

Inspired by TTT [55]], we introduce a self-supervised auxiliary task for test-time prompt tuning
(TPT) [51] to improve its adaptability on unseen target domain. Although TPT effectively adjusts
frozen models through prompt optimization, its reliance on fixed augmentation [18] limits the
effectiveness in capturing discriminative features. To mitigate it, we formulate the self-supervised
task as a learnable augmentation strategy. Rather than applying pre-defined transformations, we
parameterize the augmentation as an affine transformation ®(x):

' L a b tg
Y =& ;{ ,  where & = c d t,|° 6)

where (x,y) is the original coordinates of image x, and (z’, y') is the transformed coordinate. The
affine matrix ® € R?*3 allows the model to optimize spatial transformations, such as flipping,
scaling, aspect ratio adjustments (controlled by a and d), shearing (controlled by b and ¢), and
translation (controlled by ¢, and t,) in a differentiable manner, producing augmented views that
are most beneficial for prompt adaptation on each test sample. Following TPT [51], we generate a
batch of NV augmented views per sample to introduce diversity, denoting the set of affine matrices as
P = {‘I‘i zNzl c RNV X2x3

To ensure the augmented views effectively guide subsequent prompt adaptation, ® are optimized
to satisfy two objectives. First, they should generate augmented views with high confidence by
minimizing the prediction entropy:

N,
H(x; ®;0) = =} Po(®(x)) log o (®(x)), )
where  Po(®(x)) = Po(x) + Po(®(x)). ®)

Here, the composite entropy over both the input x and its augmented views ®(x) empirically
outperforms optimizing the views alone. Second, the augmentations should avoid semantic bias by
preserving the intrinsic content of the original image. This is enforced by minimizing the feature-level
discrepancy between the original input x and the averaged features of its augmented views ®(x):

Lais(x;®;0) = || fo(x) —f‘@(<1> )], ; ©)

where  f(®e(x Z fo(®'(x (10)

These two items are combined to optimize & in the inner loop.
Linner = H(X7(D7@) +£dls(X;§;®) (11)

We introduce two sets of affine matrices, ® i and ®v,, each initialized with distinct augmentation
types to generate diverse input patterns for prompt adaptation. Directly optimizing may lead them to
converge toward similar transformation patterns, reducing augmentation diversity. To prevent this, we
optimize ® i via Eq. (TI]), while ®y is updated using an Exponential Moving Average (EMA) [21]]
of & K-

‘I)V (*Qq)vﬂ‘(l*a)@[(. (12)
where « is the momentum coefficient. Note that in the inner loop, only the affine matrices ® - and
@, are updated, while the learnable prompts ® remain frozen.

3.2 Consistency-regularized prompt tuning

Entropy-based objectives, as employed in TPT, can promote confident predictions; however, under
challenging domain shifts, they often produce overconfident yet inaccurate outputs. To mitigate this,
MetaTPT enforces consistency between two sets of learned views, ® i (x) and ®v/ (x), providing a
reliable supervisory signal for optimizing the learnable prompts ©.

Predictive consistency L. is first enforced in the probability space through a cross-entropy loss
between the soft predictions from two distinct sets of augmented views:

Nc
Leo(x;®i; Py 0) = =Y Po(Pic(x))log Po (v (x)). 13)
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Semantic consistency Lg; is further enforced in the feature space by minimizing the distance between
the average feature representations of the two augmented views:

Lais(%;Ok;Ov;R) = || fo(Px (%)) — fo(®v (X)) (14)
The learnable prompts ® are jointly optimized by two objectives, while ® i and ®y, remain fixed:
Louter = Ece(x; @K§(I’V;®) +l:dis(x; (I’K§(PV;®)- (15)

3.3 Dual-loop meta adaptation

For each test sample x from the target - - - -
domain, the model is adapted using a Algorithm 1 MetaTPT: Meta Test-Time Prompt Tuning

dual-loop meta-learning framework: Require: Target distribution p(X'); learnable prompts ©;
batch size IV; loop steps T, M ; learning rate 7;, 17,; EMA
Hgn Eop(2) [Louter(x; 23 ©)], momentum o; weights Ax, Ay .
(16)  1: for all test sample x ~ p(X')) do

s.t. ® = arg min Lipner(x; 8; ©). 2:  Initialize ® from a ImageNet-pretrained model.
E:) T i€[1,N]

(17) 3:  Initialize ® ¢ using Eq. (20), and @i,e[l’N] using
Here, Eq. defines the inner loop, Eq' @ M
which minimizes Eq. to learn a 4: Ol;_m *_1 to Tdo
self-supervised task, thereby optimiz- ' ort=1toTdo _
ing the learnable augmentations ® to 6: // Inner loop: learning a self-supervised task
generate informative views for sample 7 Linner = (If{ (x; ‘I:g ;@) + ﬁdis(zq Px;O).
x. Eq. (16) represents the outer loop, 8: Update ®x < ®x — i Ve, Linner-
which updates the learnable prompts 9: Update @y a®y + (1 — a)@x.
© by minimizing Eq. (I3). This 10: end for . )
framework enables sample-wise adap- 11: (/ Outer loop: consistency-regularized prompt tun-
tation of the test stream, enhancing mg
zero-shot generalization. 12: Louer = Lee(x; B3 O) + Lais(x; 23 O).

13: Update ® < © — 1,V Loyer-

After adaptation, the final prediction 14:  end for ~ ~

is obtained by aggregating informa- 15: P(x) = Pg(x)+ Ak Pe(®k(x))+ v Pe(®v(x)).
tion from the original input x and its  16: end for

selected augmented views.

Po(x) = Po(x) + Ak Po(®x (X)) + A\v Po (v (x)). (18)

where A\ and Ay weight the contributions of the augmented views.

4 Experiments

4.1 Experimental Setup

Implementation details. Following the test-time adaptation (TTA) protocol, we adapt the source-
trained model to the target domain data during inference. Following TPT [51]], we use ImageNet as
the target domain and fine-tune the learnable prompts in a few-shot setting for three vision-language
models: CoOp, MaPLe, and MMRL. We then evaluate MetaTPT on these models and the zero-shot
CLIP across target datasets. Unless otherwise specified, all models employed CLIP-ViT-B/16 as the
visual backbone with default hyperparameters. In Alg.|l} we set M = T' = 1, adopting a single inner
and outer optimization loop for a fair comparison. Both loops use the AdamW optimizer, with learning
rates 17; = 1, = 0.0001 for domain generation and 0.001 for cross-dataset evaluation. The EMA
momentum was set to a = 0.9, and a grid search is performed over Ax and Ay. Following TPT [51],
we generate N = 64 augmented views for both @, and ®y,, each with different initializations.
Specifically, @y is initialized to mimic the rotation task used in TTT [53]:

o =[5 B e "

Each @5[1’64} is initialized with Eq. , with a rotation angle y sampled uniformly from (0°, 30°),
enabling in-plane rotations of up to 30 degrees. ® k is initialized to mimic the Random Resize Crop
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Table 1: Comparison of MetaTPT on Domain Generation is conducted across four variants.

| ImageNet-V2 ImageNet-Sketch ImageNet-A ImageNet-R | Average

CLIP [45] 60.86 46.09 47.87 73.98 57.20
CLIP + TPT [51] 63.45 47.94 54.77 77.06 60.81
CLIP + MetaTPT 63.87 47.97 60.04 76.73 62.15
CoOp [63] 64.20 47.99 49.71 75.21 59.28
CoOp + TPT [51] 66.83 49.29 57.95 77.27 62.84
CoOp + MetaTPT 67.03 49.36 62.80 77.78 64.24
MaPLe [27] 64.07 49.15 50.90 76.98 60.28
MaPLe + TPT [51] 64.87 48.16 58.08 78.12 62.31
MaPLe + PromptAlign [[1] 65.29 50.23 59.37 79.33 63.56
MaPLe + MetaTPT 66.46 51.37 62.83 79.63 65.07
MMRL [15] 64.47 49.17 51.20 77.53 60.59
MMRL + TPT 64.49 49.09 50.26 77.31 60.29
MMRL + MetaTPT 66.40 51.49 58.47 80.31 64.17

and Random Horizontal Flip augmentations from PromptAlign [1]:

g

flip-w 0 ty
o= |

w0 }7¢{1...N}. (20)

height Y

where flip € {—1, 1} is a random z-axis flipping factor, emulating Random Horizontal Flip. width
and height are the original dimensions of image x. w and h represent the new dimensions: w =

VtargetArea - ratio, h = \/%, where targetArea = scale - width - height. Here, the

hyperparameters scale and ratio mimic the input parameters of Random Resize Crop. If valid
dimensions w and h are found, random starting coordinates (4, j) are selected to prevent the image
from being cropped beyond its boundaries: i € [0, height — h], j € [0,width — w]. ¢, and t,

translate the center of the original image (w, %) to the new center ( J+ g0+ %) Each

@f[l’w] is initialized via Eq. 1| where scale and ratio are randomly sampled. Specifically,
scale is drawn from the interval (0.2, 1.0), resizing the image to 20% ~ 100% of its original area.
The aspect ratio is sampled from (%, %) introducing mild geometric distortions. All initialization
hyperparameters are fixed and shared across target datasets. Notably, during inner-loop optimization,
we update the affine matrices ® i and ®y- directly, rather than tuning their initialization parameters.
These hyperparameters are used only to construct the initial affine matrices. We implement MetaTPT
on a NVIDIA A800 80GB GPU. For CoOp, MaPLe and MMRL, all results are averaged over three
independent runs.

4.2 Results

Domain generalization. Table T|reports the performance of four vision-language models across
four out-of-distribution ImageNet variants. The results demonstrate that our MetaTPT outperforms
other adaptation methods across all base models. By contrast, TPT exhibits limited robustness
and may underperform under certain conditions; for example, for MMRL, TPT slightly decreases
performance on ImageNet-R by -0.22%, whereas MetaTPT improves it by +2.78%. Similar gains
are observed on ImageNet-A and ImageNet-Sketch, indicating that MetaTPT effectively mitigates
performance degradation and enhances adaptation to diverse target domains.

Cross-dataset evaluation. Table[2]presents the performance of various vision-language models
across ten image classification datasets. The results underscore the superior adaptability of our
MetaTPT, particularly in challenging domain shifts. For example, while TPT fails to effectively adapt
MaPLe on DTD (-0.62%) and EuroSAT (-0.26%), MetaTPT achieves substantial gains of +1.86%
and +1.43%, respectively. Furthermore, TPT exhibits limited adaptability for MMRL, whereas
MetaTPT consistently improves performance across all datasets, thereby demonstrating its efficacy in
cross-domain adaptation.
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Table 2: Comparison of MetaTPT on Cross-Dataset Evaluation is conducted across ten datasets.

v 5 g
— ) 3 S 5
S s O 2 _ £ - o _
= 5§ E 5 z % = sz |y
& T £ B z z & & B3
S & & & & B ®» &8 & 5| <%
CLIP [45] 93.35 88.25 6548 6744 83.65 23.67 6259 4427 4201 65.13 | 63.58
CLIP + TPT [51] 94.16 87.79 66.87 6898 84.67 2478 6550 47.75 4244 68.04 | 65.12
CLIP + MetaTPT 94.81 90.57 68.71 70.77 86.71 26.52 6645 48.17 4196 69.92 | 66.46
CoOp [68] 93.70 89.14 6451 6871 8530 1847 64.15 4192 4639 66.55 | 63.88
CoOp + TPT [51] 93.15 8948 66.77 6848 86.48 20.51 66.06 4332 37.73 6891 | 64.09
CoOp + MetaTPT 93.59 90.76 67.24 69.14 86.81 2197 66.77 4537 41.74 70.43 | 65.38
MaPLe [27] 93.53 9046 65.57 7223 8620 24.74 67.01 4649 48.06 68.69 | 66.30
MaPLe + TPT [51] 93.59 90.72 6650 7237 86.64 2470 67.54 4587 47.80 69.19 | 66.49
MaPLe + PromptAlign [1] | 94.01 90.76 68.50 7239 86.65 2480 6754 4724 4786 6947 | 66.92
MaPLe + MetaTPT 9431 90.82 68.69 7270 87.28 2641 68.16 4835 4949 69.87 | 67.61
MMRL [15] 94.67 9143 66.10 7277 86.40 2630 67.57 4590 53.10 68.27 | 67.25
MMRL + TPT 9440 9131 6649 7289 86.18 2623 6727 4641 47.18 69.04 | 66.74
MMRL + MetaTPT 9490 92.79 69.50 7422 87.61 29.05 69.17 48.88 54.26 72.24 | 69.26
Domain generalization Cross-dataset evaluation
;55 = = 479 B Fix aug 0 = = Fix aug
E Learnable aug 25 Learnable aug
Q4
£ 361 356 158 2o 201
E 3 154 150
. 1
CLIp CoOp MaPLe MMRL CLIp CoOp MaPLe MMRL

Figure 2: Effect of learnable augmentation: comparison of the average performance gains achieved
by learnable augmentations in MetaTPT versus fixed augmentations in TPT across the base models.

4.3 Ablation Studies

Effect of learnable augmentations. Figure 2] presents the effectiveness of learnable augmentations
within MetaTPT for adapting diverse vision-language models. The base model is trained on the source
domain and evaluated directly on the target domain, providing a baseline for measuring adaptation
performance. To mitigate domain shift, TPT employs fixed augmentations for test-time prompt
tuning, which can improve target-domain performance in many cases; however, its benefits are not
universal. For instance, TPT yields negative gains on MMRL, with -0.30% in domain generalization
and -0.51% in cross-dataset evaluation. In contrast, MetaTPT introduces learnable augmentations that
are dynamically optimized at test time, consistently improving performance across all base models in
both cross-dataset evaluation and domain generalization.

Effect of dual-loop optimization. Figure[3|illustrates the effectiveness of dual-loop optimization
within MetaTPT. Compared to one-stage training, where the learnable prompts @ and learnable
augmentations ® are jointly optimized under a unified objective, £ = Linner + Louter, the dual-loop
approach decouples the updates of ® and © into dedicated inner and outer loops, respectively. While
the one-stage optimization is straightforward, it fails to capture the hierarchical dependency between
primary and auxiliary tasks. In contrast, the dual-loop design aligns with the meta-learning principle of
nested optimization, facilitating more effective task adaptation and generalization. Empirically, dual-
loop optimization increases the average accuracy for MMRL from 68.78% to 69.26%, demonstrating
the benefits of respecting the intrinsic hierarchical structure of meta-learning.

Effect of online augmentation adaptation. Figure [4] demonstrates the effectiveness of online
adaptation of learnable augmentations in MetaTPT. Following the online setting of TPT, MetaTPT
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Figure 3: Effect of dual-loop optimization: the
“one-stage” scheme updates ¢ and ©® simulta-
neously, whereas our “dual-loop” scheme alter-
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Figure 4: Effect of online adaptation: In
the “offine” setting, ® is meta-trained prior to
prompt adaptation, whereas in our “online” set-

nates their updates in an interleaved manner. ting, ® and © are meta-adapted per test sample.

DTD

S

\

X

Test Sample

Learned Augmentation

Figure 5: Visualization of learnable augmentations and corresponding attention maps.

meta-adapts both prompts ® and augmentations ® on a per-sample basis within a single test stream.
To provide a comparative baseline, we introduce an offline variant, in which augmentations ® are first
meta-trained for each target domain and subsequently applied to each test sample during meta-testing
with prompt tuning. Notably, the offline variant exhibits a performance degradation of 0.39% relative
to the online approach, underscoring the superiority of online adaptive augmentation in enhancing
test-time generalization.

Visualization of learnable augmentations. Figure [5] visualizes the augmented views and their
corresponding attention maps. In natural-object domains such as OxfordPets, fixed augmentations
may crop views that still retain informative object content, allowing the model to focus its attention
on relevant regions. However, in more challenging domains like DTD, fixed augmentations are more
likely to crop out domain-relevant features—for example, producing a view that highlights a spider
rather than a cobweb (the ground-truth class). In contrast, our learnable augmentation generates
views that better preserve domain-specific semantics, such as emphasizing cobweb textures to guide
the model’s attention. Interestingly, in OxfordPets, the learnable augmentation frequently rotates
objects (e.g., Abyssinian) to a horizontal orientation, making it easier for the model to recognize.

5 Conclusion

In this work, we proposed MetaTPT, a meta-learning framework for test-time adaptation that facilitates
zero-shot generalization. By jointly optimizing parameterized augmentations and learnable prompts
via dual-loop optimization, MetaTPT effectively addresses the limitations of previous methods
that rely on fixed augmentation strategies. Experiments on two benchmarks show that MetaTPT
consistently outperforms existing methods under distribution shifts.
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A Related Work

Vision-language models (VLMs). Contrastive Language-Image Pretraining (CLIP) [45] is a
vision-language model demonstrating strong zero-shot classification via alignment of test images with
handcrafted prompts. However, adapting CLIP to downstream tasks through full fine-tuning often
degrades its zero-shot generalization. To mitigate this, various parameter-efficient fine-tuning (PEFT)
methods have been proposed. CoOp [68] formulates prompt tuning by introducing learnable textual
prompts, while CoCoOp [67]] introduces sample-specific prompts to reduce overfitting to base classes.
MaPLe [27] adopts a prefix-tuning approach by injecting learnable prefixes into shallow layers of
both encoders, preserving handcrafted prompts. Building upon this, PromptSRC [28]] incorporates
self-regulating losses to constrain prefix learning. ProMetaR [43] leverages meta-learning to optimize
these regularization terms, enhancing robustness across diverse tasks. MMRL [15] diverges by
inserting learnable tokens into deep encoder layers to better retain general representations. In
parallel, adapter-based methods provide an alternative PEFT paradigm. CLIP-Adapter [13] appends
lightweight MLP adapters, while Tip-Adapter [65] leverages a cache-based design. MMA [61]
introduces shared-space adapters in deep layers to enhance multimodal integration. While these
methods primarily target few-shot settings, our work focuses on test-time tuning to improve zero-shot
performance without access to training data.

Test-time adaptation (TTA). TTA addresses distribution shifts by adapting a source-pretrained
model to the target domain at test time. Recent studies have extended TTA to VLMs along two
lines: Training-required approaches fine-tune a subset of model parameters at test time. TPT [51]]
proposes test-time prompt tuning by adapting CoOp [68]]’s learnable prompts via augmented views of
test samples. DiffTPT [11]] improves view diversity using diffusion [48]-based generation. Promp-
tAlign [[1] adopts test-time prefix tuning to align feature distributions, aligning feature distributions
to adapt MaPLe [27]]. Training-free approaches refine predictions via non-parametric mechanisms.
TDA [26] constructs positive and negative caches from previous test samples for test-time inference.
BoostAdapter [66] improves this by incorporating sample-specific augmented views into the cache.
Our method follows the training-required paradigm, addressing limitations of prompt tuning.

Meta-learning. Meta-learning, or “learning to learn”, focuses on rapidly adapting models to new
tasks by leveraging prior knowledge, as described by Hospedales et al. [22]. This approach has been
applied across various domains, including the design of loss functions [50} 4} S]], the development of
task-specific initializations [[12], and the enablement of few-shot learning [30, 56} 152]. Meta-learning
techniques are typically classified into metric-based [52} 56} 157, 132]], memory-based [38, 149} 39, 40,
20, 9]], and gradient-based methods [46, (14} 41, 33]. Since the emergence of Model-Agnostic Meta-
Learning (MAML) [12]], gradient-based meta-learning has received substantial attention; however,
these approaches often encounter meta-overfitting issues, especially with limited meta-training
tasks [13} 162} 169] 23] 241 [29]. In light of these challenges, we introduce a meta-learning test-time
adaptation framework that dynamically adapts VLMs to diverse testing scenarios.

B Additional Implementation Details

Datasets. Following TPT [51]], we conduct experiments on two zero-shot generalization bench-
marks. For domain generalization, we evaluate across four out-of-distribution (OOD) variants
of ImageNet [8]: ImageNet-V2 [47], ImageNet-Sketch [59]], ImageNet-A [19] and ImageNet-
R [17]. For cross-dataset evaluation, we conduct evaluations on ten image classification datasets:
Caltech101 [10]], OxfordPets [44], OxfordFlowers [42], StanfordCars [31]], FGVC-Aircraft [37]],
Food101 [6], SUN397 [60]], DTD [7]], EuroSAT [16] and UCF101 [53]].

Baselines. We evaluate MetaTPT against several baselines: (1) Zero-shot CLIP [45]]. (2) Few-shot

prompt learning methods: CoOp [68]], MaPLe [27] and MMRL [15]]. (3) Test-time prompt tuning
methods: TPT [51] and PromptAlign [[1]].

C Additional Ablation Studies

Loss ablation. Figure [6] depicts a loss ablation study conducted on StanfordCars, SUN397, and
UCF101, comparing different loss configurations for augmentation tuning (left) and prompt tuning
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(right). For augmentation tuning, we evaluate four settings: MMRL [13]] without tuning, tuning
@ with only entropy loss H, only feature alignment loss Lgs, and our proposed combination of
both. While individually applying entropy or feature alignment loss improves performance relative
to MMRL, their joint optimization consistently achieves superior results. Similarly, for prompt
tuning, we assess MMRL without tuning, tuning ® with only predictive consistency L., only
semantic consistency Lgis, and our combined predictive and semantic consistency losses. The trend
is consistent: combining predictive and semantic consistency losses achieves superior adaptation
compared to using either loss individually.

Ablation on loss types in test-time prompt tuning. Figure [7] evaluates the impact of different
loss functions on test-time prompt tuning (Section 3.2). For predictive consistency L., we compare
cross-entropy and Kullback—Leibler (KL) divergence. Cross-entropy leads to more reliable alignment
of soft predictions than KL divergence, improving output stability. For semantic consistency Lgis, we
evaluate Euclidean distance and cosine distance. Euclidean distance outperforms cosine distance by
achieving stronger semantic alignment between features. Taken together, these findings suggest that
combining cross-entropy with Euclidean distance provides the most effective objective for test-time
prompt tuning.

Ablation on numbers of augmented views. Figure[8|reports an ablation study on the number of
augmented views on model performance. Performance improves steadily as the number of views
increases from 8 to 64, indicating that greater augmentation diversity benefits representation learning.
Beyond 64 views, gains become marginal while computational overhead rises notably. These results
highlight 64 views as an effective trade-off between accuracy and computational efficiency.

Ablation on confidence selection threshold. Figure [9|reports an ablation study on the confidence
selection threshold p defined in Eq. (3)), evaluated across a range of values from 0.01 to 0.9. Per-
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formance peaks at p = 0.1, indicating an optimal balance between retaining sufficient samples
and maintaining label quality. Thresholds below 0.1 introduce noisy pseudo-labels, degrading per-
formance, while higher thresholds excessively reduce the training signal by filtering out too many
samples.

Results of different CLIP backbones. Table [3]and Table [ report the performance of MetaTPT
using the ViT-B/32 backbone on cross-dataset and domain generalization benchmarks, respectively.
On the cross-dataset benchmark (Table [3)), MetaTPT achieves the highest average accuracy of
65.57%, surpassing strong baselines including MaPLe [27], PromptAlign [[L], and MMRL [15]].
Improvements are consistent across most datasets, demonstrating the effectiveness of MetaTPT in
handling distribution shifts. On the domain generalization benchmark (Table @), which includes four
ImageNet variants, MetaTPT again outperforms all competitors, reaching an average accuracy of
54.55%. These results demonstrate that MetaTPT consistently enhances generalization performance
across domain-shift settings, highlighting its effectiveness regardless of backbone capacity.

Table 3: Comparison of MetaTPT in Cross-Dataset Evaluation on ViT-B/32, conducted across
ten datasets.

@ = - o~ >} —

E : S 0§ 2 o % &2|¢%

= g g 8 g £ = 5 o s

S & S 2 & 2 2 & & 5|z
MaPLe [27] 92.50 88.13 59.93 6533 81.00 17.53 65.00 4170 40.80 63.63 | 61.56
MaPLe + TPT [51] 91.44 8847 5935 66.08 8208 18.71 66.07 40.01 39.67 61.63 | 61.35
PromptAlign [1] 92.10 8844 63.48 66.14 8207 18.76 66.08 4254 39.68 65.57 | 62.49
MMRL [15] 9240 88.70 60.78 6694 80.59 20.33 6544 4693 48.86 65.63 | 63.66
MMRL + MetaTPT | 93.12 89.79 6441 6847 82.56 22.75 68.05 50.24 47.10 69.26 | 65.57

Table 4: Comparison of MetaTPT in Domain Generation on ViT-B/32, conducted on four
ImageNet variants.

| ImageNet-V2 ImageNet-Sketch ImageNet-A ImageNet-R | Average

MaPLe [27] 57.63 42.15 32.12 67.64 49.89
MaPLe + TPT [51] 60.01 43.77 37.52 71.11 53.10
PromptAlign [1] 60.43 44.24 38.02 71.44 53.53
MMRL [15] 58.22 42.59 32.09 68.26 50.29
MMRL + MetaTPT 61.31 45.63 38.65 72.54 54.53

D Additional Discussions

One limitation of MetaTPT is its sample-specific optimization overhead at test time. While we adopt
amortized and parallelizable augmentation updates, the dual-loop structure and per-sample affine
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s14 parameters still introduce extra latency compared to training-free or batch-level adaptation methods.
515 Future work could explore more efficient augmentation parameterizations, shared initialization across
s16  similar samples, or learning lightweight controllers to modulate augmentation without per-sample
517 gradient steps.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The contributions and scope of this paper are claimed in the abstract. Detailed
paper’s contribution can be found in Section [I]

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We provide a “limitation” in Appendix [D}

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer:
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Justification: This paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: We provide the experimental details in Section 4] for reproduction.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We will open the source code once accepted.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Our experimental dataset is split following TPT [51]]. Detailed information
can be found in Section[dand Appendix [C]

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Following the standard experimental setup, we repeat each experiment over 3
random seeds and report the mean of the results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide the computing resources in Section [4]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We reviewed and followed the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We provide the potential impacts in Appendix [D}
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: The data and models pose no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cite the original papers that produced the code package and datasets.
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

21


paperswithcode.com/datasets

77
778

779

780
781

782

783

784

785
786
787
788
789

791
792

793

794
795
796

797

798

799

800
801
802
803
804

805
806
807

808
809

810
811
812
813

814

815
816

817

818
819
820
821
822
823
824
825
826
827

13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:
Justification: This paper does not involve the new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer:
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer:

Justification: This paper does not mention participant risks, disclosure, or IRB/ethical
approval.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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828 16. Declaration of LLLM usage

829 Question: Does the paper describe the usage of LLMs if it is an important, original, or
830 non-standard component of the core methods in this research? Note that if the LLM is used
831 only for writing, editing, or formatting purposes and does not impact the core methodology,
832 scientific rigorousness, or originality of the research, declaration is not required.

833 Answer: [Yes]

834 Justification: We use LLM solely for grammar checking.

835 Guidelines:

836 * The answer NA means that the core method development in this research does not
837 involve LLMs as any important, original, or non-standard components.

838 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
839 for what should or should not be described.
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