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ABSTRACT

Test-Time Adaptation (TTA) enables models to adjust to distribution shifts using only the incoming
test stream. While existing methods perform well under covariate shifts, their performance drops
when label distributions also change, a common scenario in real-world streams. Some approaches
attempt to mitigate this by introducing memory modules into their methods, typically to enforce
class balance. However, because these memories are evaluated only in conjunction with specific
algorithms, their independent role and effectiveness remain unclear. In this work, we systematically
study memory in TTA by decoupling it from the adaptation algorithm. Through a unified evaluation,
we identify the design choices that make memory effective under different stream settings. Building
on these insights, we propose Guided Observational Test-Time Adaptation (GOTTA), a category of
diversity-aware memories that combine class balance with intra-class diversity. Our results show
that such memories provide reliable, compact, and efficient support for adaptation in dynamic test
streams, highlighting diversity-aware memory as an important principle for robust TTA.

1 INTRODUCTION

Deep neural networks (DNNs) have achieved state-of-the-art performance on a wide array of tasks, fueled by large-
scale datasets and powerful architectures (He et al., 2016; LeCun et al., 2015). A fundamental assumption underpin-
ning this success is that training and testing data are independently and identically distributed (i.i.d.). However, in
real-world deployments, this assumption is frequently violated. Models encounter streams of data whose distributions
shift over time due to factors such as changing weather conditions, varying lighting, or deployment in new environ-
ments, a phenomenon known as dataset shift (Quinonero-Candela et al., 2008). Such shifts can cause severe drops in
performance, limiting the reliability of AI systems. To ensure robustness, models must be able to adapt continuously
after deployment. Among various paradigms such as Unsupervised Domain Adaptation (UDA) (Wang & Deng, 2018)
and Domain Generalization (DG) (Zhou et al., 2022), Test-Time Adaptation (TTA) has emerged as a particularly
practical approach, as it adapts online without requiring access to the source training data.

Test-Time Adaptation aims to adapt a pre-trained, source-free model using only an incoming stream of unlabeled
test data. Early work addressed static shifts by updating batch normalization statistics (Schneider et al., 2020; Nado
et al., 2020), minimizing prediction entropy (Wang et al., 2021), or leveraging pseudo-labeling (Lee et al., 2013)
and self-supervision tasks such as rotation prediction (Sun et al., 2020) to cope with such shifts. While effective in
simplified settings, these methods implicitly assume that test data is drawn from a single, stationary target domain.
This assumption does not hold in practice, where data streams evolve continually and exhibit temporal redundancy.

The central challenge for TTA arises in dynamic environments, where test streams are non-stationary and non-
i.i.d. Real-world examples, such as onboard vehicle cameras, combine gradual appearance shifts (e.g., sunny to
rainy conditions) with shifts in class prevalence (e.g., long stretches of cars followed by pedestrians). In these settings,
existing TTA methods struggle because they lack mechanisms to manage continual dynamic environment, which leads
to error accumulation and forgetting. Recent studies such as RoTTA (Yuan et al., 2023) and NOTE (Gong et al., 2022)
highlighted this issue and introduced memory buffers to stabilize adaptation. Their memory mechanisms primarily
focus on managing capacity and enforcing class balance through heuristic scores.

In this work, we argue that memory should be treated as a first-class, modular component of TTA. Rather than a
passive buffer, memory defines how well adaptation balances stability and plasticity. We therefore disentangle memory
from the rest of the adaptation process and propose diversity-aware memory modules as a drop-in replacement for
existing heuristics. Our key insight is that preserving diversity in memory is critical for approximating the evolving
test distribution and preventing feature collapse. To this end, we instantiate GOTTA (Guided Observational Test-Time

Adaptation) with two principled sampling strategies: Farthest Point Sampling (FPS), which ensures broad feature-
space coverage, and Determinantal Point Processes (DPP), which probabilistically favor diverse and representative
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(a) Feature space visualization. (b) Final per-class memory occupancy.

Figure 1: Comparison of memory mechanisms. (a) Visualization of stored samples after many batches for two
dummy classes (blue vs. green). Uninformed memories (FIFO, Reservoir (Vitter, 1985)) reflect the imbalanced data
stream and suffer feature collapse, with minority classes poorly represented. Class-guided memories (CSTU(Yuan
et al., 2023), PBRS (Gong et al., 2022)) enforce class balance but retain redundant samples. Our GOTTA memories

(FPS, DPP) maintain both class balance and intra-class diversity by pruning redundant samples and preserving only
informative ones. (b) Class occupancy statistics, showing imbalance for uninformed memories, balance but redun-
dancy for class-guided memories, and balanced yet compact storage for our GOTTA memories.

subsets. This modular design allows GOTTA to be seamlessly integrated into virtually any Test-Time Adaptation
method.

Contributions.

• We disentangle memory from adaptation and conduct a systematic benchmark of memory mechanisms across
a wide range of TTA methods and stream settings, covering both i.i.d. and non-i.i.d. scenarios.

• Our unified evaluation reveals the design choices that most strongly affect memory effectiveness, including
class balance, uncertainty, and intra-class diversity.

• Guided by these insights, we propose Guided Observational Test-Time Adaptation (GOTTA), a new category
of diversity-aware memories. These mechanisms combine class balance with intra-class diversity, yielding
more compact, reliable, and efficient buffers that support robust adaptation under challenging distribution
shifts.

2 RELATED WORK

2.1 DOMAIN ADAPTATION

Our work is related to the broad field of Unsupervised Domain Adaptation (UDA), which addresses the challenge
of domain shift by adapting a model from a labeled source domain to an unlabeled target domain (Mansour et al.,
2009). Foundational UDA methods focused on aligning the feature distributions between domains to create a shared,
domain-agnostic representation space. This is often achieved by minimizing statistical metrics like Maximum Mean
Discrepancy (MMD) (Long et al., 2019), which compares the moments of the two distributions. A more prominent
approach involves adversarial training, where a domain discriminator network is trained to distinguish between source
and target features, while the main feature extractor is simultaneously trained to produce features that can fool this
discriminator, thereby enforcing domain invariance (Ganin et al., 2016; Saito et al., 2018).

Another significant line of work involves self-training, where the model generates pseudo-labels on the target domain
to retrain itself in a supervised fashion. However, this paradigm is vulnerable to the risk of error accumulation, where
the model can become overconfident in its own incorrect predictions. To mitigate this, techniques like class-balancing,
curriculum learning, and confidence thresholding are often incorporated to improve the quality and reliability of the
generated pseudo-labels (Zou et al., 2018; 2019). While these UDA methods are powerful, they are fundamentally of-
fline, requiring concurrent access to large batches of both source and target data during the adaptation phase. Our work,
in contrast, operates in a more constrained and practical online, test-time setting where source data is unavailable.
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2.2 CONTINUAL LEARNING

Continual Learning (CL) addresses the challenge of learning from a sequence of tasks or data streams while mitigating
catastrophic forgetting—the tendency for a model to abruptly lose knowledge of previously learned tasks upon learning
new ones (Kirkpatrick et al., 2016; Lange et al., 2022). The goal of CL in preventing forgetting aligns closely with the
objectives of robust adaptation. Major CL strategies include regularization-based approaches, which penalize changes
to weights deemed critical for past tasks (Kirkpatrick et al., 2016; Aljundi et al., 2019); parameter isolation methods,
which assign distinct model parameters to different tasks; and rehearsal-based methods, which store a small subset of
past data in an explicit memory buffer to be replayed during subsequent training (Castro et al., 2018; Rebuffi et al.,
2017). This final strategy is most analogous to our work. However, CL typically operates on a sequence of distinct,
labeled tasks. Our setting, Continual Test-Time Adaptation, presents a distinct challenge: the model must adapt to
a single, continuous, and unlabeled stream of data with shifting distributions. Therefore, while we draw inspiration
from the CL goal of preventing forgetting, our approach is tailored to the unique constraints of unsupervised, online
adaptation where task boundaries are not explicitly defined.

2.3 TEST-TIME ADAPTATION: FROM STATIC SHIFTS TO CONTINUAL DYNAMICS

Test-Time Adaptation (TTA) is constrained to a practical yet challenging online, source-free setting. Foundational
methods were developed to handle adaptation to a single, static distribution shift. These approaches rely on varied
adaptation signals, such as minimizing prediction entropy (Wang et al., 2021), leveraging self-supervised tasks (Sun
et al., 2020), or aligning feature clusters with source statistics (Su et al., 2022). While effective for their intended
purpose, these memory-less strategies are inherently ill-equipped for dynamic data streams, where they are prone to
error accumulation and catastrophic forgetting.

This limitation revealed the need for Continual TTA (Wang et al., 2022), a paradigm designed for constantly changing,
dynamic environments. To provide stability and historical context, the primary strategy to emerge has been the
integration of a memory buffer. Several pioneering works have demonstrated that storing past test samples can anchor
the adaptation process and mitigate forgetting (Gong et al., 2022; Chen et al., 2022; Yuan et al., 2024). However, the
critical issue lies not in the use of memory itself, but in how that memory is managed. Current methods treat memory
as a passive reservoir rather than an active coreset. Their management strategies remain heuristic, typically relying
on simple recency (e.g., FIFO queues) or random chance (e.g., reservoir sampling) (Gong et al., 2022), or heuristic
rule-based with class balance enforcement (Gong et al., 2022; Yuan et al., 2023). They lack a principled mechanism
to assess the informational value of incoming data, thus may accumulate redundant samples while discarding unique
ones. This results in a memory that fails to maintain a truly representative and diverse snapshot of the distribution.
In our work, different from the previous literature, we introduce more efficient memory management, that increase
diversity and reduce redundancy in the samples.

3 METHODOLOGY

3.1 PROBLEM DEFINITION

Let fωs : X → Y be a deep neural network pre-trained on a source dataset Ds = {(xs, ys)}, where samples are drawn
from a source distribution Ps. In the Test-Time Adaptation (TTA) setting, we assume that at deployment time, we
have access only to the pre-trained model parameters ωs, with no access to the source data Ds.

The model is then deployed into a real-world environment where it receives a continuous, unlabeled stream of test data
X0,X1, ...,XT . This stream is drawn from a test distribution Ptest that differs from the source distribution Ps. This
mismatch, known as distribution shift, causes a significant degradation in the performance of the static model fωs .

The core challenge, which we address, arises in dynamic, non-stationary environments. In this practical scenario,
the target distribution is not static but evolves over time. The data stream is thus drawn from a sequence of changing
distributions {P0,P1, . . . ,Pt, . . . }, where the distribution at time t, Pt, may differ from the distribution at time t↑ 1.

3.2 TEST-TIME ADAPTATION SETTINGS

Following the categorization in (Yuan et al., 2023), we distinguish between several test-time adaptation (TTA) settings.
In all cases, a source-trained model fωs is adapted using only sequential batches X0, X1, X2, ..., XT drawn from an
unlabeled test stream distribution Pt.
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1. Fully Test-Time Adaptation (TTA). (Wang et al., 2021) The target distribution Pt is stationary, and batches
Xt are sampled independently. The goal is to adapt once to this fixed shift Pt ↓= Ps.

2. Continual Test-Time Adaptation (CoTTA). (Wang et al., 2022) The target distribution changes as a se-
quence {Pt}

→
t=0, while batches remain i.i.d. within each Pt. The challenge is to track distributional drift over

time.
3. Non-i.i.d. Test-Time Adaptation. (Boudiaf et al., 2022; Gong et al., 2022) In this setting the target distri-

bution Pt is stationary, but incorporates label imbalance induced by a Dirichlet distribution Dir(ε). A small
concentration parameter ε produces highly skewed class proportions, creating streams where certain classes
dominate despite Pt being fixed.

4. Practical Test-Time Adaptation (PTTA). (Yuan et al., 2023) PTTA generalizes this to non-stationary
streams. Here Pt evolves over time while simultaneously encoding label imbalance through Dir(ε). The
result is a test stream that is both dynamically shifting and imbalanced, closely mirroring real world deploy-
ment conditions.

Mathematical Objective of Adaptation. Across all stream settings, test-time adaptation can be formulated as an
online optimization problem. At each time step t, the model receives a batch of unlabeled samples Xt and updates its
parameters from ωt↑1 to ωt by minimizing an unsupervised loss Lunsup, which acts as a surrogate for the supervised
task loss:

ωt ↔ Adapt(ωt↑1,Xt;Lunsup).

Once adapted, the new weights ωt is used to run inference on the next batch Xt+1.

3.3 TEST-TIME ADAPTATION WITH MEMORY

To handle the challenges of non-i.i.d. data streams, such as catastrophic forgetting and sensitivity to temporally
correlated data, the standard Test-Time Adaptation framework is often augmented with an external memory buffer,
denoted as M. The fundamental purpose of this memory is to maintain a rolling window of representative test
samples, providing a more stable and approximately i.i.d. dataset to guide the adaptation process.

The Memory Module. The memory M is a fixed-capacity container of size N . At time step t, it holds up
to N entries from the test stream, Mt = {m1,m2, . . . ,mK} with K ↗ N . Formally, each entry is mi =
(xi, ŷi, ui, pω(xi), ai), where xi is the input, ŷi its pseudo-label, ui its entropy, pω(xi) the probability embedding,
and ai the age. This design allows the memory to incorporate both semantic information (pseudo-labels and probabil-
ity embeddings) and statistical cues (entropy and age), moving beyond simple sample storage.

Memory-Augmented Adaptation. At each time step t, when a new batch Xt arrives, adaptation proceeds in two
stages:

1. Memory Update: The buffer is updated via a policy !, i.e., Mt ↔ !(Mt↑1,Xt), where ! specifies how
new samples are inserted and old ones evicted (e.g., FIFO, CSTU, FPS).

2. Parameter Update: Model parameters are adapted using the samples from the memory Mt, ωt ↔

Adapt(ωt↑1,Mt;Ladapt), where Adapt denotes a generic TTA objective (e.g., entropy minimization).

Memory-augmented TTA decouples parameter updates from noisy or correlated batches, leading to a more stable and
robust adaptation trajectory compared to non-memory TTA.

Taxonomy of Memory Mechanisms. We categorize existing memory mechanisms for test-time adaptation into
three main families, reflecting an increasing use of model-derived information: from ignoring model outputs, to uti-
lizing pseudo-labels for class balance, to leveraging probability embeddings for intra-class diversity.

• Uninformed Memories: These mechanisms do not leverage pseudo-labels, features, or uncertainty. The
most basic is FIFO, which simply discards the oldest sample, effectively reducing memory to a sliding win-
dow. Reservoir Sampling instead maintains a uniform random subset of all observed samples.

• Class-Guided Memories: These explicitly enforce class balance by partitioning memory across pseudo-
labels. For example, CSTU applies a timeliness–uncertainty heuristic to evict items, while PBRS (Per-class
Balanced Reservoir Sampling) extends reservoir sampling into a per-class formulation, ensuring minority
classes are retained.
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• Guided Observational Memories (ours): We introduce the GOTTA category , the first class of memories
to explicitly combine class balance with intra-class diversity. Unlike prior categories, GOTTA mechanisms
not only allocate memory fairly across classes but also ensure diverse coverage within each class in the
probability embedding space. For instance, FPS enforces diversity via pairwise distance checks, while DPP

pruning removes redundant items based on determinantal point process criteria.

This taxonomy highlights the progression from memories that ignore model outputs, to those guided by pseudo-labels
for class balance, and finally to our proposed GOTTA memories that enforce both balance across classes and diversity
within classes through probability embeddings.

Figure 1 compares memory families in a controlled two-class stream. We simulate a stream of 4,000 samples from
two classes with p = (0.95, 0.05), a memory capacity of 400, and low-variance Gaussian features (ϑ2 = 0.1). This
stress-test amplifies imbalance and redundancy, exposing collapse in uninformed memories and contrasting behaviors
across policies. Panel (a) illustrates stored samples: uninformed memories (FIFO, Reservoir) simply track the data
stream, reproducing its class imbalance and collapsing minority-class features. Class-guided memories (CSTU, PBRS)
achieve strict class balance, but retain highly redundant samples within each class. In contrast, GOTTA memories (FPS,
DPP) selectively admit only informative samples, reducing redundancy and mitigating imbalance through intra-class
diversity. The resulting buffers are compact and representative rather than saturated with near-duplicates. Panel (b)
quantifies these trends: uninformed memories remain imbalanced, class-guided memories are balanced but redundant,
and GOTTA memories strike a middle ground that preserves both balance and diversity.

3.4 GOTTA: GUIDED OBSERVATIONAL MEMORIES

We move beyond the limitations of heuristic-based memory management by introducing GOTTA, a category of
Guided Observational Memories built on the central hypothesis that a memory buffer preserving both class bal-
ance and intra-class diversity provides a more robust and unbiased foundation for adaptation. Unlike Class-Aware

Memories such as CSTU (Category-balanced sampling with timeliness and uncertainty) (Yuan et al., 2023), which
passively accumulates recent or high-confidence samples, GOTTA’s memory module, M, functions as an actively
curated coreset of the observed data stream.

Farthest Point Sampling (FPS). Our !FPS policy enforces both class balance and intra-class diversity. Each new
item mt = (xt, ŷt, ut, pω(xt), at) is admitted through the following procedure:

1. Capacity Handling: We first check whether the class partition M
(ŷt) has free slots. If it is not full, the

item can be considered for insertion. If the class is at capacity, we identify the nearest stored item mr in the
embedding space and compare mt against mr using the heuristic score

H(mi) =
1

1 + exp(↑ai/N )
+

ui

logC
,

where ai is the item’s age and ui its entropy. The item with the lower score is retained, preferring younger
and more confident samples, similar to previous work (Yuan et al., 2023).

2. Diversity Check: If the capacity step allows mt to be inserted, we verify that it adds sufficient diversity
within its class. Specifically, we compute the Euclidean distance between pω(xt) and all stored embeddings
in M

(ŷt); if the minimum distance exceeds a fixed threshold ϖ = 10↑6, the item is added, otherwise it is
discarded as redundant. For simplicity, we use this same threshold for all experiments without tuning.

In practice, we adopt a greedy variant of Farthest Point Sampling that avoids repeatedly computing global pairwise
distances. This more efficient procedure preserves the same core behavior of FPS while greatly reducing computational
overhead. For consistency, we will continue to refer to this method as FPS throughout the paper.

In this way, FPS maintains class balance while actively discouraging redundancy in the probability embedding space.
Unlike FIFO or reservoir sampling, which admit items indiscriminately, FPS curates the buffer to prioritize younger,
more confident, and diverse samples. Compared to class-aware memories such as CSTU and PBRS, which enforce
balance but admit many near-duplicates, FPS explicitly filters for intra-class diversity, leading to a more compact and
representative memory.

FPS with Dynamic Probability Embedding Updates (FPSD). While FPS relies on probability embeddings com-
puted at the time of admission, these embeddings become stale as the model adapts and its parameters ω evolve. To
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address this drift, FPSD periodically refreshes stored embeddings. Specifically, after every ϱ adaptation steps, we for-
ward all items xi ↘ M through the current model and update their embeddings pω(xi) and entropies ui. This ensures
that diversity checks and heuristic comparisons are always evaluated in the most up-to-date feature space. The update
does not alter the memory selection policy itself, but keeps the buffer aligned with the evolving model.

Determinantal Point Process Pruning (DPP). Our !DPP policy extends CSTU-style class balancing by incor-
porating diversity through determinantal point processes (DPPs). Each new item mt = (xt, ŷt, ut, pω(xt), at) is
considered for insertion into its class partition M

(ŷt) as follows:

1. Capacity Handling: If the class partition has not reached its allocated capacity, mt is added directly. If it is
full, we construct a candidate set M(ŷt) ≃ {mt} and proceed to pruning.

2. Approximate Diversity Check: For efficiency, we randomly subsample from the class partition and compare
the normalized embeddings using cosine similarity. If the new item is too similar to existing ones (maximum
similarity above 1↑ ϖ, with ϖ = 0.1), it is discarded as redundant. Otherwise, it is admitted to the candidate
set.

3. DPP-Based Pruning: On the candidate set, we form a kernel

Lij = exp

(
↑
⇐pω(xi)↑ pω(xj)⇐22

ϑ2

)
.

The log-determinant log det(L) quantifies the joint diversity of the subset. We remove the single item whose
exclusion maximizes log det(L); if this is the new item mt, it is rejected, otherwise it replaces the pruned
element in memory.

In summary, DPP pruning goes further by casting diversity as a probabilistic selection problem. Unlike FIFO or Reser-
voir, which ignore labels and embeddings, and unlike CSTU or PBRS, which enforce balance but allow redundancy,
DPP favors subsets with high log-determinant volume, ensuring diverse coverage of each class. This probabilistic
formulation, combined with efficient subsampling, yields a compact yet informative memory.

In this way, GOTTA mechanisms balance class occupancy while promoting intra-class diversity, yielding more com-
pact and representative memories. Further implementation details are provided in Appendix 6.2.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate our methods on CIFAR-10-C and CIFAR-100-C (Hendrycks & Dietterich, 2019). Each dataset
consists of the clean test set corrupted by 15 types of common image corruptions, each applied at five levels of
severity. For continual evaluation, we follow a fixed corruption order: [brightness, pixelate, gaussian noise, motion

blur, zoom blur, glass blur, impulse noise, jpeg compression, defocus blur, elastic transform, shot noise, frost, snow,
fog, contrast]. We evaluate all methods under two stream conditions: (i) an i.i.d. stream where samples are uniformly
drawn, and (ii) a non-i.i.d. stream generated using the Practical TTA (PTTA) protocol (Gong et al., 2022; Yuan
et al., 2023), which induces temporal correlations via Dirichlet sampling. Unless otherwise specified, we set the
concentration parameter ε = 10↑1 for CIFAR-10C and ε = 10↑4 for CIFAR-100C.

Models. We adopt standard backbones of comparable capacity: WildResNet-28 (Zagoruyko & Komodakis, 2016) for
CIFAR-10-C and ResNeXt-29 (Xie et al., 2017) for CIFAR-100-C.

Metrics. Our primary evaluation metric is top-1 classification accuracy averaged across the entire test stream, provid-
ing a comprehensive measure of overall performance.

TTA Baselines. We compare our GOTTA framework against a comprehensive suite of foundational and state-of-the-
art Test-Time Adaptation methods. Our evaluation includes the non-adapting source model, classic approaches such
as TENT (Wang et al., 2021), SHOT (Liang et al., 2020), and PL (Lee et al., 2013), and recent methods designed
for continual and non-i.i.d. streams like CoTTA (Wang et al., 2022), NOTE (Gong et al., 2022), and RoTTA (Yuan
et al., 2023). To ensure a thorough comparison, we also include also EATA (Niu et al., 2022), ETA (Niu et al., 2022),
SAR (Niu et al., 2023), Energy (Yuan et al., 2024). All baseline adaptation methods, we adopt the hyperparameter
settings reported in their respective original publications to ensure a fair and robust comparison.

Memory Modules. We evaluate our proposed memory curation policies against several foundational and state-of-
the-art memory-augmented adaptation strategies. To ensure a fair comparison focused on the curation policy itself,
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Table 1: Impact of memory curation policies on TTA methods (mean classification accuracy ) across batch sizes.

Memory Rotta Norm Note
8 12 16 32 64 8 12 16 32 64 8 12 16 32 64

NONE —— 49.47 —— —— 24.72 —— —— 22.84 ——
FIFO 63.48 53.15 63.81 64.09 55.72 52.15 63.55 52.78 54.41 64.78 71.02 67.08 69.90 63.61 58.48
RESERVOIR 60.30 55.36 60.48 63.57 60.69 56.62 58.56 57.90 59.72 63.36 68.03 66.85 69.33 69.13 68.50
CSTU 73.13 68.67 74.03 74.52 74.74 67.66 72.58 70.34 73.06 75.32 74.03 73.68 73.92 73.13 72.22
PBRS 73.78 69.54 75.28 75.34 75.60 69.22 73.61 72.18 73.59 76.28 72.13 72.94 72.59 72.01 70.12

DPP 73.13 68.95 75.38 76.53 73.60 67.76 74.79 71.06 73.48 75.36 74.02 73.20 73.68 69.42 64.05
FPS 73.15 72.87 75.02 75.36 76.55 68.12 74.48 71.58 76.41 76.09 74.01 73.37 73.87 73.20 72.68
FPSD 73.60 70.74 74.57 75.46 74.29 70.31 73.12 72.72 73.94 76.02 73.27 71.63 73.28 70.85 64.70

all memory-based methods use the same underlying adaptation objective of entropy minimization on the buffered
samples.

• FIFO Memory: A foundational baseline where the memory buffer is a simple First-In-First-Out queue.
When the memory is full, the oldest sample is evicted to make space for a new one. This policy exclusively
prioritizes recency.

• Reservoir Sampling Memory (Vitter, 1985): This baseline uses standard Reservoir Sampling to maintain a
uniform random sample of the entire stream observed so far. When a new sample arrives at step t (t > K), it
is added to the memory with probability K/t, replacing a randomly chosen existing sample.

• PBRS Memory (Gong et al., 2022): The Prediction-Balanced Reservoir Sampling policy from the NOTE
framework. It uses the model’s pseudo-labels to achieve a class-balanced memory. It prioritizes replacing
samples from majority classes and uses class-conditional reservoir sampling logic for non-minority classes.

• CSTU Memory (Yuan et al., 2023): The memory curation policy from the RoTTA framework. This is
a heuristic-based policy that scores samples based on their age (timeliness) and prediction entropy (uncer-
tainty), while also enforcing category-balance. Samples with higher heuristic scores (older, more uncertain)
are preferentially evicted.

• GOTTA (Ours): Our proposed framework, representing principled diversity-aware curation policies.
– FPS: Uses our Farthest Point Sampling policy.
– FPSD: Uses our FPS with Dynamic Feature Updates policy.
– DPP: Uses our Determinantal Point Process policy.

Finally, all adaptation methods are compared against the Source model, which is the pre-trained network evaluated
directly on the test stream with no adaptation.

4.2 MAIN RESULTS

The results presented in Table 1 demonstrate that the memory curation strategy is a critical determinant of performance
in continual Test-Time Adaptation. Our experiments show that by replacing existing memory heuristics with our
diversity-aware GOTTA policies (DPP, FPS, and FPSD), we consistently and substantially elevate the performance
of various state-of-the-art TTA methods.

Elevating State-of-the-Art TTA Performance As shown in Table 1, our proposed policies achieve superior mean
classification accuracy across all tested TTA methods. When augmenting the RoTTA, our FPS policy achieves a
top accuracy of 76.55%, a significant improvement over the 74.74% accuracy from RoTTA’s native CSTU policy.
This performance gain is consistent across different methods. For instance, when integrated with NOTE, our FPS
policy (72.68%) again surpasses the method-specific PBRS policy (70.12%), highlighting the generalizability and
effectiveness of our diversity-aware curation approach. Similarly, for the Norm method, our FPSD policy reaches
73.94% accuracy, outperforming the best baseline policy, PBRS (73.59%).

Data Efficiency and Robustness to Memory Capacity A crucial advantage of the GOTTA is its ability to achieve
state-of-the-art performance with far greater data efficiency. While baseline policies like CSTU and PBRS are highly

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

Table 2: Comparative analysis of memory curation policies under severe dataset shift. The table reports mean clas-
sification accuracy (%) on CIFAR-10 → CIFAR-10C, averaged over 15 common corruptions at the highest severity
level (5). All evaluations are conducted in a continual correlatively sampled stream with ε = 10↑1.

Policy
Memory

Method
Sou

rce

CoT
TA

EATA
Ene

rgy

ETA Norm NOTE
PL RoT

TA

SAR
SHOT

TENT

Uninformed
NONE 56.49 22.46 24.71 12.08 24.71 24.72 22.84 13.94 49.47 24.82 16.50 15.32
FIFO - 23.86 24.71 12.03 24.71 64.78 58.48 14.02 55.72 24.82 16.82 15.19
Reservoir - 24.51 24.71 11.94 24.71 63.36 68.50 22.72 60.69 24.74 22.10 21.87

Class-Guided PBRS - 23.92 24.71 12.44 24.71 76.28 70.12 20.01 75.60 24.91 16.18 18.02
CSTU - 24.16 24.69 11.88 24.69 75.32 72.22 21.95 74.74 24.72 16.06 18.12

Guided
Observational

DPP (Ours) - 24.16 24.72 14.00 24.72 75.36 64.05 12.53 73.60 24.72 16.33 19.96
FPS (Ours) - 24.60 24.71 12.36 24.71 76.09 72.68 14.69 76.55 24.72 14.72 16.48
FPSD (Ours) - 23.47 24.71 12.26 76.02 24.71 64.70 16.10 74.29 24.72 13.93 16.54

dependent on large memory buffers (peaking at 64 samples) to achieve their best results, our policies demonstrate
remarkable robustness even at minimal capacities.

This efficiency is most striking when applying our policies to the RoTTA method. Our DPP policy achieves 76.53%
accuracy using a memory buffer of only 32 samples. This result not only surpasses the peak performance of the native
CSTU policy (74.74% at 64 samples) but also exceeds the performance of the strongest baseline, PBRS (75.60% at 64
samples). This demonstrates that GOTTA adapts using a smaller, yet more informative, subset of data. These findings
establish that the quality of the memory curation policy is more critical than the raw quantity of samples for building
efficient and robust adaptive systems.

4.3 ABLATION

4.3.1 ANALYSIS OF CONTINUAL ADAPTATION PERFORMANCE

In the challenging setting of continual test-time adaptation (PTTA), where models must adapt to a persistent and
correlatively sampled non-i.i.d. data stream, our memory category, GOTTA, demonstrates exceptional robustness. The
empirical results in Table 2 show that by curating memory based on feature diversity, GOTTA consistently elevates
the performance of TTA methods facing these severe, evolving shifts. When instantiated with our proposed policies
(FPS, FPSD, or DPP), GOTTA delivers highly competitive accuracy. The strength of this approach is particularly
evident when augmenting advanced TTA methods designed for such continual streams. By replacing the native CSTU
heuristic in the RoTTA , our FPS policy improves accuracy from 74.74% to a leading 76.55%. A similar enhancement
is observed with the NOTE framework, where FPS (72.68%) again surpasses the specialized PBRS policy (70.12%).
While simpler strategies like Reservoir Sampling show efficacy with certain backbones (e.g., achieving 21.87% with
TENT), their performance is less consistent across more advanced frameworks. In contrast, our policies demonstrate
broad applicability, with DPP (Ours) also achieving leading results such as 14.00% with the Energy backbone and
24.72% with EATA. This robust performance across diverse adaptation mechanisms provides strong evidence that
directly optimizing for representational diversity is a more fundamental principle for sustained adaptation than method-
specific heuristics.

4.3.2 ANALYSIS OF EPISODIC ADAPTATION PERFORMANCE

In addition to the continual setting, we evaluate GOTTA’s performance in an episodic adaptation scenario, where the
model is reset after each distinct environmental shift. This setup tests the policy’s ability to rapidly construct a high-
quality, representative memory from scratch. As shown in Table 5, the choice of memory policy is critical for robust
adaptation, particularly for advanced TTA backbones. Our diversity-driven policies again demonstrate state-of-the-
art performance. For instance, our FPS policy elevates RoTTA’s accuracy to a leading 75.97%, surpassing strong
class-aware baselines like PBRS (74.48%). Similarly, FPSD achieves the highest accuracy with NOTE at 74.93%.
We observe that for several TTA methods (e.g., EATA, Energy), the severe episodic shift causes a performance col-
lapse to approximately 24.72% regardless of the memory policy, indicating limitations in the underlying adaptation
mechanisms themselves. However, for methods that can effectively leverage a memory buffer, GOTTA’s principle of
prioritizing feature diversity proves to be a more general and robust strategy for rapid adaptation than heuristics that
may rely on stronger assumptions about the data distribution.
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4.3.3 IMPACT OF NON-I.I.D. STREAMS ON ADAPTATION

Test-time adaptation is typically evaluated on data streams that are assumed to be approximately i.i.d. However, in
realistic deployments this assumption rarely holds: class imbalance and temporal correlations are common. Following
prior benchmarks such as NOTE (Gong et al., 2022) and ROTTA (Yuan et al., 2023), we simulate non-i.i.d. streams
by sampling class proportions from a Dirichlet distribution. This procedure generates batches that are heavily skewed
towards certain classes, creating a challenging setting where naive adaptation can fail.

To control the class distribution of the incoming stream, we sample class proportions from a Dirichlet distribution
(Gong et al., 2022; Yuan et al., 2023) with concentration parameter ε where lower values of ε produces more imbal-
anced (skewed) streams.

Figure 2: Ablation study on the robustness of TTA methods to data stream correlation on CIFAR-100-C. This figure
illustrates the relationship between model accuracy and the hyperparameter ε.

Why Non-i.i.d. Streams Matter. Many TTA methods rely on batch-level statistics (e.g., normalization layers, en-
tropy minimization) and are therefore highly sensitive to class skew. When entire batches are dominated by one class,
these updates amplify imbalance and lead to rapid degradation. This makes the role of memory buffers particularly
critical: by accumulating samples over time, memory smooths the effective distribution seen during adaptation and
mitigates per-batch bias.

Findings. Figure 2, shows that adding even the simplest memory mechanism yields large improvements across meth-
ods, with gains ranging from 7% to 53% depending on the baseline. For more details refer to the Appendix Tables 3
and 4. Class-aware memories consistently achieve strong adaptation by enforcing balanced occupancy, though at the
cost of storing many redundant samples within each class. Our GOTTA memories reach comparable performance
while relying on significantly fewer samples by explicitly promoting intra-class diversity. This demonstrates that it is
not the sheer number of stored items that matters, but rather their diversity.

5 CONCLUSIONS

In this work, we revisited the role of memory in test-time adaptation and highlighted its often-overlooked impact on
stability, efficiency, and robustness. We demonstrated that naive heuristics lead to redundancy and imbalance in the
memory, limiting adaptation under realistic, dynamic streams. To overcome this, we introduced GOTTA (Guided
Observational Test-Time Adaptation), a principled framework that treats memory as an actively curated coreset rather
than a passive buffer. By explicitly enforcing both class balance and intra-class diversity through policies such as
Farthest Point Sampling (FPS) and Determinantal Point Processes (DPP), GOTTA preserves a compact yet highly
informative memory.

Extensive experiments on CIFAR-C benchmarks and non-i.i.d. stream protocols confirmed that GOTTA consistently
improves upon existing methods, achieving higher accuracy with lower memory requirements. Crucially, our results
show that performance gains stem from diversity-aware curation rather than buffer size, establishing a new design
principle for adaptive systems.

Looking forward, diversity-aware memory opens promising directions for test-time adaptation in more complex set-
tings, including video streams, multi-modal inputs, and real-world online deployments where efficiency and stability
are of paramount importance.
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