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ABSTRACT

Test-time adaptation (TTA) updates a model online during deployment to improve
robustness to distribution shifts. While TTA updates give robustness, they take
time: the update computation during inference makes deployment impractical for
latency-sensitive systems. We present Caravan, an asynchronous TTA frame-
work that decouples inference from update computation. Caravan maintains three
concurrent streams that run on a single GPU: a high-priority inference stream
and two low-priority streams for computing updates. Because updates neces-
sarily lag behind inference, Caravan revisits sample selection to only update the
normalization-layer affine parameters and running statistics after (i) entropy filter-
ing to retain reliable samples and (ii) gradient-consistency filtering of per-sample
entropy gradients w.r.t. the last normalization layer to filter conflicting updates.
Caravan improves latency by up to 6.8× and accuracy by 1.99% over synchronous
TTA methods on ImageNet-C with ResNet50-BN.

1 INTRODUCTION

Deep networks can be highly accurate in-distribution, yet brittle under distribution shift (Quionero-
Candela et al., 2009), where the data distribution at deployment differs from the one during training.
Test-time adaptation (TTA) addresses this problem by updating a deployed model online using unla-
beled test data (Liang et al., 2024; Schneider et al., 2020; Wang et al., 2020; Niu et al., 2022; 2023).
These TTA methods, and many others, restrict adaptation to normalization parameters and statistics
to achieve more robust, lightweight updates. However, the updates still take time.

Unfortunately, deployment remains challenging in latency-sensitive use cases due to these inference-
time updates. For example, in Tent, the backward pass used to compute updates accounts for more
than 57% of the total inference latency. Moreover, common untimed TTA evaluations overestimate
real-world performance: under a fixed input rate, slower methods drastically underperform (Alfarra
et al., 2023). Thus, the key questions are not only how much adaptation can help, but how to obtain
its benefits under strict latency budgets.

We present Caravan, an asynchronous TTA framework that decouples inference from adaptation.
Caravan uses a high-priority computation stream for latency-sensitive inference and two low-priority
streams to compute model updates and sample selection in the background. All three streams ex-
ecute concurrently on a single GPU. Caravan shares model parameters across computation streams
to improve memory efficiency.

After an adaptation step is completed, Caravan publishes the updated normalization layers to the in-
ference stream without blocking it. By decoupling adaptation and sample selection from inference,
Caravan can implement more sophisticated sample selection algorithms without adding latency over-
head to the inference path. We select samples using entropy filtering (Niu et al., 2022; 2023) and
our novel gradient consistency filtering.

We evaluate the latency and accuracy of Caravan applied to Tent, SAR, and EATA adaptation on
the standard corruption benchmark of ImageNet-C (Hendrycks & Dietterich, 2019) under realistic
online execution. With the common ResNet-50 model He et al. (2016), Caravan achieves a latency
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improvement of 6.8× over synchronous TTA methods, coming within 14.7% of inference-only la-
tency. We further show that our sample selection algorithm results in a 1.99% improvement in
accuracy over synchronous TTA methods at negligible cost to inference latency.

We contribute our new system, empirical results, and a novel technique for sample selection:

• We introduce Caravan for asynchronous overlap of inference and adaptation on a single GPU.
• We show Caravan improves latency and accuracy for multiple TTA methods on corruption shifts.
• We show Caravan’s architecture enables sample selection for improved adaptation.

2 RELATED WORK

Efficient TTA. Several approaches seek to reduce update cost or frequency. Forward-only adapta-
tion (FOA) removes backpropagation by optimizing a small set of added parameters using derivative-
free methods (Niu et al., 2024). SNAP (Cha et al., 2025) reduces the adaptation rate using sparse
updates and employs inference-time normalization correction to maintain accuracy. CoLA (Chen
et al., 2024) distributes TTA across multiple devices to parallelize inference and updates. Our work
focuses on the single-GPU, fully TTA setting, addressing its key practical limitation: the latency
overhead of online adaptation. By decoupling inference from adaptation, Caravan lets adaptation to
proceed in the background without blocking inference. Caravan handles the forward and backward
passes of existing TTA methods without altering their implementation.

System Optimizations. GPU inference systems target conventional deployment without adaptation
and often include small batch sizes, resulting in substantial GPU underutilization (Gao et al., 2024;
Elvinger et al., 2025). Fine-grained GPU sharing increases utilization through concurrent execution,
focusing on fast context switching (Bai et al., 2020), microsecond-scale preemption (Han et al.,
2022), interference-aware scheduling (Strati et al., 2024), and rapid GPU memory handover (Wang
et al., 2025). These systems primarily address inter-job concurrency of independent workloads. In
contrast, TTA’s inference and adaptation depend on one another. Caravan overlaps inference and
adaptation of a single model, allowing adaptation to utilize otherwise idle GPU resources while
preserving low-latency inference.

Sample Selection for TTA. By default, updates are computed on every sample of every batch.
To improve robustness and efficiency, TTA methods select samples to reduce noisy or redundant
updates. For example, EATA selects low-entropy and non-redundant samples (Niu et al., 2022),
SAR selects samples that induce stable gradients (Niu et al., 2023), and SNAP selects based on a
memory of past inputs to lower update frequency (Cha et al., 2025). We contribute a new sample
selection algorithm (Section 3.3) without adding inference latency due to our asynchronous design.

3 METHOD: ASYNCHRONOUS EXECUTION OF INFERENCE AND UPDATES

3.1 SYSTEM OVERVIEW

Caravan is an asynchronous test-time adaptation (TTA) framework that decouples prediction from
updates for low-latency deployment. Caravan maintains two pre-trained model replicas on a single
GPU: an inference replica for immediate predictions and an adaptation replica for background up-
dates. Following prior TTA methods (Schneider et al., 2020; Wang et al., 2020; Niu et al., 2022;
2023), Caravan’s adaptation is restricted to normalization layers (e.g., BN for ResNet), updating
only their affine parameters and running statistics. To reduce memory usage, the two replicas share
unadapted parameters but maintain separate normalization states to avoid interference.

In deployment, each test input is first processed by the inference replica to produce predictions.
After the forward pass, and without blocking, Caravan selects samples and enqueues them into a
GPU buffer. When the buffer reaches the adaptation batch size, the adaptation replica performs a
forward-backward update step on the buffered samples. After each update, it snapshots the updated
normalization affine parameters and running statistics, and then records a CUDA event. Before each
inference forward pass, the inference replica polls for a newer parameter snapshot and applies the
updates only after the corresponding event has completed; otherwise, it proceeds without updating.
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3.2 CUDA STREAMS AND EXECUTION MODEL

Caravan explicitly exploits GPU concurrency with three CUDA streams: a high-priority inference
stream (prediction forward passes), a low-priority selection stream (filtering and buffering), and
a low-priority adaptation stream (forward/backward/optimizer). Inference launches first on the
high-priority stream and records a completion event. Sample selection is scheduled on a separate
stream after inference completes, ensuring it does not delay prediction. Adaptation begins only
when a full batch of buffered samples is available and executes entirely on the adaptation stream.
Stream priorities ensure that ready inference kernels are preferred when resources are contending,
preserving low inference latency while using idle GPU time for background adaptation.

3.3 SAMPLE SELECTION

Because adaptation (needing forward and backward) is slower than inference, only a subset of test
inputs can contribute to each update. Caravan uses a two-stage selection policy that favors samples
that are both reliable and directionally consistent.

Entropy filter. We select samples with confident predictions. We compute the prediction entropy
H(pθ(y|x)) from the inference output and keep samples with H < τH ; high-entropy samples are
excluded because they are more likely to yield noisy gradients (Niu et al., 2022; 2023). This step is
lightweight and runs asynchronously on the selection stream.

Gradient-consistency filter. We select samples with similar gradients. For each sample, we com-
pute a low-overhead proxy gradient: the gradient of the entropy objective with respect to the affine
parameters of the final normalization layer. Let gi be the per-sample proxy gradient; we normalize
each gradient and estimate a dominant direction by taking the mean of the batch: ḡ = 1

m

∑
i

gi
∥gi∥ .

We retain sample i iff its cosine similarity cos(gi, ḡ) > τG. Gradient-consistency filtering and
updates run exclusively on the adaptation stream, inducing no overhead on the inference path.

The selected samples drive both gradient and statistics updates. These statistics use an exponential
moving average as in Schneider et al. (2020), enabling accumulation across many small batches.

4 EXPERIMENTS: ACCURACY AND LATENCY

We evaluate Caravan on robustness to image corruptions and answer:

1. Accuracy/Latency: Can Caravan improve accuracy and latency (§ 4.1)?
2. Feasibility Study: When can asynchrony lead to better latency and accuracy (§ 4.2)?
3. Upper bound: What accuracy is achievable without latency constraints (§ 4.3)?

Experimental Setup We adapt ResNet50-BN (He et al., 2016) on ImageNet-C (Hendrycks &
Dietterich, 2019) following the standard episodic setting of adapting online to each shift then reset-
ting. We report averages (top-1 accuracy and inference latency) across 15 corruption types, averaged
over all five severity levels. We compare against no adaptation and the TTA methods Tent, ETA,
EATA, SAR, and SNAP using a batch size of 16. For Tent, ETA, EATA, and SAR, we evaluate
Caravan editions that maintain the same loss and trainable parameters for updates but run adaptation
asynchronously. We measure the latency of the inference forward pass of one batch, averaged over
multiple measurements on a single NVIDIA L40S GPU. See § A.1 for hyperparameter details.

4.1 ACCURACY–LATENCY EVALUATION

We evaluate the latency and accuracy of Caravan and compare it against other methods on ImageNet-
C for ResNet-50 with a batch size of 16. For SNAP, we select adaptation rates of 10% and 90% of
processed samples. Table 1 shows the results. We observe that without adaptation (No Adapt.)
inference is fastest (9.23 ms) but has limited robustness (39.43%). Synchronous TTA substantially
improves accuracy (52.62–56.51%), at the cost of up to 7.8× increased inference latency. Apply-
ing Caravan to existing TTA methods results in significant latency improvements (down to 10.59–
11.57 ms). However, we also observe slight reductions in accuracy with the methods’ default sam-
ple selection techniques. As adaptation cannot keep up with inference, there is a delay in applying
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Table 1: ImageNet-C accuracy (%) by corruption (columns) and method (rows) for ResNet-50 on
an NVIDIA L40S GPU. Caravan (ours) is Tent + Caravan + our sample selection. ∆(Acc.) is
the change in mean accuracy vs. baseline. † marks the change over the best-performing baseline
(EATA). The final column reports average latency (ms) across all corruptions. Best values in bold.

Method Gau. Shot Imp. Def. Gla. Mot. Zoom Snow Fro. Fog Brit. Cont. Elas. Pix. JPEG Avg. ∆(Acc.) Lat.
No Adapt. 31.30 28.90 25.97 38.60 26.61 38.57 36.06 32.24 37.92 45.39 67.96 38.75 44.76 44.76 53.68 39.43 – 9.23
batch size = 64:
EATA 55.14 55.11 53.97 51.78 51.58 60.11 59.32 57.86 54.67 66.27 71.47 63.47 64.26 67.27 64.45 59.78 – 105.01
ETA 55.04 55.09 53.91 51.72 51.59 59.93 59.31 57.72 54.54 66.33 71.34 63.40 64.25 67.30 64.27 59.72 – 80.93
SAR 57.62 57.26 56.17 45.89 42.83 55.21 48.82 54.54 56.34 62.98 75.47 65.74 52.65 63.98 65.47 57.40 – 81.13
Tent 52.10 51.52 50.35 48.35 48.04 57.09 57.31 54.37 51.71 65.09 71.43 58.44 63.19 66.21 63.38 57.24 – 78.48
batch size = 16:
SNAP (10) 46.85 45.74 44.73 42.56 41.95 51.42 52.19 48.35 47.94 61.26 69.55 55.99 58.96 62.41 59.37 52.62 – 52.65
EATA 51.79 51.82 50.66 47.56 47.56 56.83 55.76 55.11 51.53 63.51 68.74 60.24 61.11 64.28 61.12 56.51 – 53.43
+ Caravan 51.23 50.82 49.91 47.41 46.82 55.74 55.87 53.89 51.12 63.36 68.72 56.72 61.02 64.24 61.35 55.88 -0.63 11.57
ETA 50.97 51.44 50.36 46.72 46.82 56.25 55.30 54.60 51.18 63.27 68.37 59.05 60.56 64.02 60.77 55.98 – 20.67
+ Caravan 51.16 51.02 49.96 47.14 46.82 55.64 55.46 53.99 50.99 63.24 68.44 56.62 60.63 64.01 61.01 55.74 -0.24 11.08
SAR 49.53 48.14 48.25 45.10 45.34 54.93 54.53 52.53 49.83 62.70 68.83 58.51 60.44 63.83 60.60 54.87 – 71.78
+ Caravan 48.65 48.05 46.88 43.51 43.26 52.58 53.69 50.34 48.75 61.79 68.66 53.99 59.64 62.95 60.16 53.53 -1.35 10.91
Tent 49.51 49.06 48.04 45.42 45.06 54.58 54.14 52.15 48.71 62.46 68.60 54.65 60.22 63.54 60.27 54.43 – 19.24
+ Caravan 49.89 49.51 48.33 45.74 45.39 54.50 54.61 52.12 48.95 62.63 68.62 52.43 60.38 63.70 60.80 54.51 +0.08 11.15
+ Caravan (ours) 53.45 53.10 52.07 49.79 48.88 58.28 58.56 55.93 53.41 65.93 72.08 60.52 64.00 67.07 64.47 58.50 +1.99† 10.59

updates to the inference model. Notice that Tent + Caravan achieves higher accuracy with fewer
updates, suggesting that even adapting on a randomly selected subset of samples can benefit from
asynchronous execution. Caravan (ours) extends Tent + Caravan with the sample selection algo-
rithm of § 3.3, which selects confident and consistent samples. It achieves the best accuracy across
all corruptions, improving the mean to 58.50%, and exceeds the best baseline (EATA) by 1.99 points
while maintaining an average latency of only 10.59 ms.

4.2 FEASIBILITY STUDY: WHEN IS CARAVAN POSSIBLE?

To evaluate Caravan’s sensitivity to batch size (i.e., how well it can overlap inference and adap-
tation), we measure the effects of varying inference and adaptation batch sizes on accuracy and
latency. We run Tent + Caravan on ImageNet-C with ResNet-50 at inference and adaptation batch
sizes ranging from 1 to 64. We observe that accuracy is primarily controlled by the adaptation batch
size and independent of the test batch size, while latency is primarily controlled by the test batch
size and mostly independent of the adaptation batch size. A combination of (1, 64) for the test and
adaptation batch sizes yields good results for latency and accuracy. See Figure 1 in § A.3 for the full
results across batch sizes.

4.3 BEST ACHIEVABLE ACCURACY

We report the best achievable accuracy by evaluating TTA methods under their original, uncon-
strained settings, using a batch size of 64. All methods perform worse at batch size 16 compared
to a batch size of 64, as shown in Table 1 (top). Caravan targets the complementary deployment
setting, where inference operates at small batch sizes under strict latency constraints. Despite this
constraint, Caravan extracts a reliable adaptation signal from a limited number of background up-
dates and attains 58.50% mean accuracy (Table 1), which is within 1.28 percentage points of the best
unconstrained baseline (EATA at 59.78%), while operating at near–no-adaptation latency. However,
further analysis suggests that the gains come from updating normalization statistics with an expo-
nential moving average (EMA), rather than relying on per-batch test statistics.

5 CONCLUSION

We introduce Caravan, an asynchronous TTA framework that decouples inference from adaptation
and sample selection using high-priority and low-priority execution streams to compute updates off
the critical path. Its design enables more options for sample selection without adding extra compu-
tation or blocking to the inference path. We demonstrate that this approach not only significantly
improves inference latency but also increases accuracy.
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A APPENDIX

A.1 HYPERPARAMETERS

Caravan applies an entropy threshold of E MARGIN= 0.4 ln(1000), matching the settings used in
EATA and SAR (Niu et al., 2022; 2023). For gradient-consistency filtering, we use a cosine similar-
ity threshold of GRAD SIM TH= 0.1. BatchNorm running statistics are updated using an exponen-
tial moving average with momentum 0.05. All methods use SGD with momentum 0.9, learning rate
1.25× 10−4, and batch size 16 except where otherwise noted.

A.2 CARAVAN SAMPLE SELECTION (WITH EQUATIONS)

In Caravan, inference executes in a high-priority stream to maintain the latency of the critical path
for model predictions, while adaptation runs continuously in the background in a lower-priority
stream. Because adaptation involves both forward and backward passes, it proceeds at a lower rate
than inference. Assuming a constant rate of inputs during deployment, it is therefore not possible to
adapt on all inputs. As a result, only a subset of test inputs can contribute to adaptation, underlining
the role for sample selection for effective updates.

Caravan employs a two-stage sample selection policy that balances reliability and efficiency.

Stage 1: Entropy-based filtering. As in prior fully test-time adaptation methods (Niu et al., 2022;
2023), Caravan first applies entropy-based filtering to identify reliable samples. Given logits zi ∈
RC and predictive distribution pi = softmax(zi), the predictive entropy is

H(pi) = −
C∑

c=1

pi,c log pi,c. (1)

Samples with entropy below a threshold τe are considered eligible for adaptation: R = {i | H(pi) <
τe}. This step is lightweight and is executed asynchronously on the low-priority selection stream
after inference completes, ensuring that it does not interfere with inference on the critical path.
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Stage 2: Gradient-consistency filtering. Entropy filtering removes high-uncertainty samples, but
the remaining candidates can still induce conflicting adaptation signals (e.g., gradients that point
in opposite directions), which can cancel out or destabilize updates. Caravan therefore applies
a second-stage filter that keeps only candidates whose entropy gradients align with the dominant
(consensus) gradient direction of the candidate set.

Let ϕlast denote the affine parameters (scale and bias) of the final normalization layer. For each
candidate i ∈ R, we compute the per-sample entropy gradient direction with respect to ϕlast and
measure its cosine similarity to the batch consensus direction:

gi = ∇ϕlast H(pi), (2a)

g̃i =
gi

∥gi∥2 + ϵ
, (2b)

ḡ =
1

|R|
∑
j∈R

g̃j , (2c)

ĝ =
ḡ

∥ḡ∥2 + ϵ
, (2d)

si = g̃⊤i ĝ, (2e)
S = { i ∈ R | si ≥ τg }. (2f)

Eq. equation 2e is a cosine similarity because both g̃i (Eq. equation 2b) and ĝ (Eq. equation 2d)
are ℓ2-normalized (up to ϵ), so si ∈ [−1, 1] measures the alignment between sample i’s gradient
direction and the consensus direction. We keep samples with si ≥ τg (Eq. equation 2f). If |S| falls
below a minimum keep count kmin, we instead retain the top-kmin samples ranked by si to ensure
each update has sufficient support.

To minimize overhead, the gradients in Eq. equation 2 are computed only with respect to ϕlast (a
small parameter set). After selection, the adaptation update still applies to the full set of adaptable
normalization parameters.

Implementation detail. We compute the selection scores si without updating running statistics (i.e.,
with frozen normalization momentum), so that only the finally selected samples in S influence the
normalization state.

EMA updates of running statistics. Unlike prior methods that rely directly on per-batch test
statistics (Wang et al., 2020; Niu et al., 2022; 2023), Caravan updates normalization running statis-
tics using an exponential moving average (EMA) driven by the selected adaptation batches. For
normalization layers with running statistics (e. g., batch normalization), let µ(t)

ℓ and (σ2)
(t)
ℓ denote

the running mean and variance of layer ℓ at adaptation step t, and let µ̂ℓ(Bt) and σ̂2
ℓ(Bt) be the

batch statistics computed on the selected batch Bt. Caravan applies

µ
(t+1)
ℓ = (1− α)µ

(t)
ℓ + α µ̂ℓ(Bt), (3)

(σ2)
(t+1)
ℓ = (1− α) (σ2)

(t)
ℓ + α σ̂2

ℓ(Bt), (4)

where α ∈ (0, 1] is the EMA rate (implemented via the normalization momentum). By filtering
out samples with conflicting gradients, this approach encourages a more consistent update direction
over time, even when each adaptation step is driven by relatively few samples.

Importantly, gradient-consistency filtering is applied exclusively on the adaptation stream and there-
fore does not introduce synchronization or overhead on the inference path.

A.3 FEASIBILITY STUDY ACROSS BATCH SIZES

Here we report (Figure 1) the full span of inference and adaptation batch sizes (from 1 to 64) to
identify when asynchrony is most effective.
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Figure 1: Scope of asynchronous concurrency. Mean top-1 accuracy (left) and mean inference
latency (right) over the grid of inference and adaptation batch sizes for Tent+Caravan. Accuracy
improves with larger batch size, but not monotonically: larger batches imply fewer updates. Latency
improves with smaller batch size, and concurrency relies on the sum of inference and adaptation
batch sizes being sufficiently small (note the increase to the bottom and right).
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