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ABSTRACT

The ubiquity of time series data creates a strong demand for general-purpose foun-
dation models, yet developing them for classification remains a significant chal-
lenge, largely due to the high cost of labeled data. Foundation models capable
of in-context learning (ICL) offer a powerful solution, adapting to new tasks with
minimal examples and reducing the need for extensive retraining. However, prior
work on large-scale time series models has predominantly focused on forecasting,
leaving a critical gap for versatile, fine-tuning-free classification. To address this,
we introduce TiCT (Time-series in-Context Transformer), a transformer-based
model pre-trained exclusively on synthetic data to perform in-context classifica-
tion. We make two primary technical contributions: 1) a novel architecture featur-
ing a scalable bit-based label encoding and a special output attention mechanism
to handle an arbitrary number of classes; and 2) a synthetic pre-training frame-
work that combines a Mixup-inspired process with data augmentation to foster
generalization and noise invariance. Extensive evaluations on the UCR Archive
show that TiCT achieves competitive performance against state-of-the-art super-
vised methods. Crucially, this is accomplished using only in-context examples
at inference time, without updating a single model weight. The source code is
available at: https://sites.google.com/view/tsicl.

Track: Research

1 INTRODUCTION

Foundation models with in-context learning (ICL) can adapt to new tasks using only a few labeled
examples, eliminating the need for task-specific training (Hollmann et al., 2022; Garg et al., 2022).
While large-scale time series models have focused on forecasting (Ansari et al., 2024; Lu et al.,
2024; Hoo et al., 2025; Taga et al., 2025), ICL for classification (Fig. 1) remains underexplored.

(b) In-Context Forecasting(a) In-Context Classification
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Figure 1: a) ICL for Classification, the focus of this work, predicts the class of a query series by
conditioning on a context of labeled examples. b) ICL for Forecasting, the focus of most prior work,
uses a historical context to predict future time series values.

We introduce TiCT (Time-series in-Context Transformer), the first foundation model for ICL time
series classification trained purely on synthetic data. Pre-training on synthetic data is advantageous:
it overcomes data scarcity limitations and has been validated as a successful strategy for ICL models
in adjacent domains (Hollmann et al., 2022; Taga et al., 2025). Our approach addresses two key
challenges: (1) handling variable class counts (existing ICL classifiers like tabPFN (Hollmann et al.,
2022; Thomas et al., 2024; Hollmann et al., 2025) are limited to fixed, small class numbers), and (2)
generalizing from synthetic to real-world signals.
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Contributions. (1) A scalable architecture with bit-based label encoding and output attention that
handles arbitrary class counts while enforcing label equivariance (Garg et al., 2022; Boix-Adsera
et al., 2023) (Section A.2). (2) A Mixup-inspired synthetic pre-training framework (Zhang et al.,
2017; Wickstrøm et al., 2022) with data augmentations (Wen et al., 2020; Iwana & Uchida, 2021;
Yeh et al., 2023) that learns noise invariance in a data-driven manner, replacing hand-crafted func-
tions like Dynamic Time Warping. (3) Evaluation on 128 predominantly real-world UCR Archive
datasets (Dau et al., 2019) showing TiCT matches supervised methods (ResNet, Transformer) with-
out any fine-tuning, while being 14-34× faster by eliminating per-task training.

Code, pre-trained models, and experimental results are available at https://sites.google.
com/view/tsicl.

2 METHODOLOGY

2.1 PROBLEM SETUP

An ICL classifier predicts class labels ytest for test samples xtest by conditioning on labeled context
examples Dcontext = {(xi, yi)}ki (Hollmann et al., 2022). The model must generalize to arbitrary
class counts and treat labels as abstract symbols (label equivariance).

2.2 ARCHITECTURE
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Figure 2: An overview of the TiCT architecture. The model processes in-context samples and labels
through an encoder and uses a decoder to relate them to the test sample. A final output attention
mechanism computes class probabilities by attending to the in-context labels.

TiCT (Fig. 2) consists of: (1) an input time series encoder (ResNet (Wang et al., 2017; Ismail Fawaz
et al., 2019; Yeh et al., 2023) or Transformer (Vaswani et al., 2017)), (2) a Transformer encoder-
decoder, and (3) output attention for classification.

Input Representation and Encoding. All input time series (Xcontext and Xtest) are transformed into
fixed-dimensional embeddings using a shared encoder. The in-context labels, Ycontext, are encoded
in two distinct formats. First, a compact bit representation of each label is concatenated with its
corresponding time series embedding for the Transformer encoder input. Second, a one-hot repre-
sentation of the labels, Yone-hot, is prepared for the output attention layer.

For a model to generalize across ICL tasks, it must treat labels as abstract, interchangeable symbols
rather than learning intrinsic meanings (Garg et al., 2022; Boix-Adsera et al., 2023). For encoding
discrete labels, three natural strategies exist spanning the design space: numerical encoding (single
integer, most compact), one-hot encoding (sparse C-dimensional vector, standard in classification),
and bit representation (dense ⌈log2 C⌉-dimensional binary vector, our proposed middle ground).
We chose bit representation based on three criteria: (1) Discrete symbolic nature: Unlike numer-
ical encoding (Hollmann et al., 2022; 2025), bit representation enforces discrete semantics. (2)
Compactness: Bit vectors (⌈log2 C⌉ dimensions) are exponentially smaller than one-hot vectors (C

2

https://sites.google.com/view/tsicl
https://sites.google.com/view/tsicl


108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review at the ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

dimensions). (3) Learning efficiency: Each bit has 0.5 activation probability vs. 1
C for one-hot, pro-

viding denser gradients. Theoretical comparison in Section A.1; empirical evaluation in Section 3.1
confirms bit encoding converges dramatically faster.

Transformer Encoder-Decoder Processing. The context embeddings combined with label bits
are processed by the Transformer encoder to produce Hcontext. The test embedding and Hcontext are
fed into the Transformer decoder to produce Htest. To ensure that each test sample is predicted
independently, we remove the self-attention mechanism from the decoder.

Output Attention and Label Equivariance. The final classification uses output attention with
Htest as query (Q), Hcontext as keys (K), and Yone-hot as values (V ). The output logits are l =∑k

i=1 αiYone-hot,i where α = Softmax(QKT /
√
dk). For any class c, its logit l[c] equals the sum of

attention weights for all samples with that label, ensuring label equivariance (proof in Section A.2).

2.3 SYNTHETIC PRE-TRAINING

The pre-training framework teaches in-context classification through diverse, synthetically gener-
ated tasks. Our core algorithm (detailed in Section B) leverages specialized time series augmenta-
tions (Wen et al., 2020; Iwana & Uchida, 2021; Yeh et al., 2023) within a Mixup-based framework
(Zhang et al., 2017; Wickstrøm et al., 2022) to capture invariant temporal features.

Synthetic Task Generation. For each task, we generate two time series shape templates using
KernelSynth (Ansari et al., 2024), creating a binary classification problem. We intentionally use
only two templates to construct a single, clear decision boundary, hypothesizing that if a model can
discriminate between two classes, this capability generalizes to multi-class problems, analogous to
SVMs. The one-hot labels are fixed to [1, 0] and [0, 1], but bit-based labels are randomized binary
vectors. Training on randomized bit vectors forces the model to treat labels as abstract symbols,
enabling generalization to 2nbit classes.

Promoting Generalization. To enhance generalization, we introduce two sources of randomness.
First, a class imbalance threshold t ∼ U(0.1, 0.9) simulates real-world skewed distributions. Sec-
ond, a pipeline of 0 to nmax augmentations (jittering, smoothing, slope, spike, step, cropping, mask-
ing, shifting, time warping) is randomly selected. Each sample is created by mixing the two tem-
plates with ratio r ∼ U(0, 1), applying augmentations, and assigning a label based on whether r
exceeds t. Each generated dataset is split in half: the first half as context examples (Xcontext, Ycontext),
the second half as test queries (Xtest, Ytest). The model is trained end-to-end with cross-entropy loss.

3 EXPERIMENTS

3.1 LABEL REPRESENTATION STUDY
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Figure 3: Test accuracy over 400 training epochs for three label representation strategies. The bit
representation demonstrates significantly faster convergence and superior final performance, reach-
ing perfect accuracy by the 17th epoch.

We validate our bit-based label encoding on a synthetic binary matching task where models must
identify context items matching a query label from a universe of 28 = 256 classes (Fig. 3). Bit en-
coding converges dramatically faster than numerical and one-hot alternatives, reaching near-perfect
test accuracy by the 17th epoch (vs. >100 epochs for others). This validates our hypothesis that
compact, dense representations (0.5 activation probability per dimension) simplify learning sym-
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bolic label relationships compared to sparse one-hot vectors (1/C activation probability). Full ex-
perimental details in Section C.1.

3.2 UCR ARCHIVE EVALUATION

We evaluate on all 128 UCR Archive datasets (Dau et al., 2019), consisting predominantly of real-
world time series from healthcare, sensors, and industrial monitoring. We use official train/test splits
with k = 64 context examples retrieved via z-normalized Euclidean distance. No hyperparameter
tuning is performed. Evaluation protocol details in Section C.2. Full per-dataset results are available
at the project website.

Table 1: Performance and efficiency comparison on 128 UCR Archive datasets. TiCT is a single
foundation model, while ResNet and Transformer are fully supervised (128 trained models each).

Classic Supervised Deep Learning ICL
1NN-ED 1NN-DTW ResNet Transformer TiCT

Avg. Rank 3.55 3.15 2.86 2.58 2.86
Total Time (s) 2.7 363,198 3,387 8,170 242.5

Table 2: Ablation study of TiCT on the UCR Archive. We report the average rank (lower is better).

Model Variant Encoder Mixup Augment. Imbalance Avg. Rank
TiCT - Augmentation ResNet Yes No Yes 5.01
TiCT - Mixup ResNet No Yes Yes 4.25
TiCT - Imbalance ResNet Yes Yes No 3.39
TiCT (Transformer) Transformer Yes Yes Yes 3.17
TiCT (ResNet, 2M) ResNet Yes Yes Yes 3.13
TiCT-Large (ResNet, 47M) ResNet Yes Yes Yes 2.04

Main Results. Table 1 shows TiCT-Large (single foundation model) achieves Rank 2.86, match-
ing fully-supervised ResNet (2.86) and competitive with Transformer (2.58), while being 14-34×
faster (total runtime 242.5s vs. 3,387-8,170s) and 1,500× faster than DTW. Wilcoxon tests confirm
no significant difference in accuracy, validating that ICL without fine-tuning matches task-specific
supervised learning. This demonstrates practical efficiency advantages: as tasks scale beyond 128,
TiCT’s fixed pre-training cost amortizes while supervised training scales linearly.

Ablation Study. Table 2 validates the necessity of each component; forgoing augmentations
severely degrades performance (from 3.13 to 5.01), underscoring their role in facilitating synthetic-
to-real transfer. We find that Binary Mixup outperforms multi-class variants (3.13 vs. 4.25) and that
class imbalance simulation remains vital (3.13 vs. 3.39). Finally, scaling to 47M parameters yields
substantial gains (improving to 2.04), suggesting that ICL effectiveness scales with model capacity.
We provide an extended analysis in Section C.3.

Synthetic-to-Real Generalization. The fact that TiCT, trained purely on synthetic data, matches
ResNet trained on real task-specific data validates our design: diverse augmentations teach noise in-
variance, Mixup creates a continuum of patterns, and class imbalance prepares for realistic distribu-
tions. This demonstrates learned representations effectively replace hand-crafted functions (DTW)
while generalizing across diverse real-world domains.

4 CONCLUSION

We introduced TiCT, a foundation model for in-context time series classification that handles arbi-
trary class counts through bit-based label encoding and output attention. Trained purely on synthetic
data with Mixup and augmentations, TiCT matches supervised methods on 128 real-world datasets
without fine-tuning, while being 14-34× faster by eliminating per-task training. This demonstrates
that learned representations can effectively replace hand-crafted functions for time series classifica-
tion. Limitations and future directions are discussed in Section D.
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A DETAILED ARCHITECTURE AND THEORETICAL ANALYSIS

A.1 LABEL REPRESENTATION: THEORETICAL COMPARISON

We compare three candidate label encoding strategies for in-context learning. Numerical encoding
represents labels as single integers (e.g., 0, 1, 2, ...), as used in tabPFN-based models (Hollmann
et al., 2022; 2025; Thomas et al., 2024). The main drawback is that it may encourage the model to
interpret labels as having continuous numerical meaning rather than as discrete symbolic categories.
One-hot encoding represents each label as a sparse vector of size C where C is the number of
classes. Only one dimension is active (value 1), while all others are 0. For tasks with many classes,
this becomes high-dimensional and sparse. The probability of any dimension being active is 1

C ,
making learning more difficult as C increases. Bit representation (ours) represents each label as
a binary vector of size ⌈log2 C⌉. This is significantly more compact than one-hot encoding while
maintaining a discrete symbolic nature. Each bit has a 0.5 probability of being active (assuming
uniform class distribution), providing a dense representation that simplifies learning. Empirical
validation in Section 3.1 and detailed experimental results in Section C.1 confirm our theoretical
prediction.

A.2 COMPLETE LABEL EQUIVARIANCE PROOF

We provide a complete formal proof that our output attention mechanism ensures label equivariance.
Let π : {1, . . . , C} → {1, . . . , C} be a permutation function on the class indices. Assuming the
Transformer encoder has been successfully trained to treat labels as abstract symbols, the query
vector Q and key vectors Ki that it produces are equivariant. Consequently, the attention weights αi,
which measure the semantic similarity between the query and keys, remain invariant under this label
permutation. The one-hot value vectors Vi, however, are permuted directly. Let Vi be the original
one-hot vector for a sample with label c, and let V ′

i be the new one-hot vector for the same sample,
now with label π(c). The new output logits, denoted l′, are computed using the invariant weights
αi and the permuted values V ′

i : l′ =
∑k

i=1 αiV
′
i . The logit for a new class index j is given by the

sum of weights for all samples now labeled j, which means y′i = j. Since y′i = π(yi), the condition
y′i = j is equivalent to yi = π−1(j). Thus, the new logit for class j is: l′[j] =

∑
i s.t. yi=π−1(j) αi.

This is precisely the original logit for class π−1(j). Therefore, we have l′[j] = l[π−1(j)]. This
result shows that the new logits vector is a permutation of the original logits vector, determined
by π. This demonstrates that our output attention mechanism is formally label-equivariant, ensuring
that the model’s predictions remain consistent regardless of the arbitrary assignment or shuffling of
class indices.

B EXTENDED PRE-TRAINING DETAILS

The synthetic data generation algorithm (Algorithm 1) creates diverse in-context learning tasks
through several key mechanisms:

KernelSynth Template Generation. We use KernelSynth (Ansari et al., 2024), a method that gen-
erates realistic time series by sampling from Gaussian processes with various kernel combinations
(periodic, linear, RBF, and rational quadratic) and randomly selected parameters. This produces
two distinct template shapes for each synthetic task, ensuring clear separability while maintaining
realistic temporal characteristics.

Randomized Bit Labels. While one-hot labels are fixed to [1, 0] and [0, 1], bit-based labels are
randomly generated unique binary vectors (Lines 5-6). This randomization is crucial: it prevents

6
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Algorithm 1 Synthetic In-Context Dataset Generation
Input: dataset size n, label bits nbit, max augmentations nmax
Output: samples X , one-hot labels Yone-hot, bit labels Ybit

1 function GENERATEDATASET(n, nbit, nmax)
2 template0, template1 ← KERNELSYNTH(), KERNELSYNTH()
3 (one hot0, bit0)← ([1, 0], RANDBINARY(nbit))
4 (one hot1, bit1)← ([0, 1], RANDBINARY(nbit)) s.t. bit1 ̸= bit0
5 t← U(0.1, 0.9)
6 AUGF ← SELECTRANDAUGS(nmax)
7 for i = 1 to n do
8 r ← U(0, 1)
9 x← r · template0 + (1− r) · template1

10 x← AUGF(x)

11 (yone-hot, ybit)←
{
(one hot0, bit0) if r > t

(one hot1, bit1) otherwise
12 Append (x, yone-hot, ybit) to outputs
13 return X,Yone-hot, Ybit

the model from learning any fixed mapping between bit patterns and semantic meaning, forcing it to
treat labels as abstract interchangeable symbols. During training, the model encounters thousands
of different bit-label assignments, learning to solve the general ICL problem rather than memorizing
specific label meanings.

Class Imbalance Simulation. The threshold t ∼ U(0.1, 0.9) (Line 7) determines the mixing ratio
boundary between classes. When t = 0.5, classes are perfectly balanced. When t = 0.2, one
class appears 4×more frequently than the other. This variation teaches the model to handle realistic
imbalanced distributions commonly found in real-world datasets.

Augmentation Pipeline. We randomly select between 0 and nmax augmentations from the following
set: jittering (adding Gaussian noise), smoothing (moving average), slope trend addition, spike
insertion, step function addition, random cropping, random masking, temporal shifting, and time
warping (Yeh et al., 2023). Each augmentation has stochastic parameters (e.g., spike location, noise
magnitude), ensuring diversity even within a single synthetic dataset.

C COMPLETE EXPERIMENTAL RESULTS

C.1 LABEL REPRESENTATION STUDY: FULL DETAILS

Task Definition. The binary matching problem is defined formally as follows. Given a context set
Dcontext = {(xi, yi)}ni=1 where yi ∈ {1, 2, . . . , 2nbit} and a query label q, the model must output
oi ∈ {0, 1} for each context item where oi = 1 if yi = q and oi = 0 otherwise.

For each generated dataset, we randomly select q and another label p ̸= q. Each context item’s
label yi is then assigned to either q or p with probability 0.5. This forces the model to learn label
comparison rather than memorizing specific class meanings.

Architectural Details. All three models use identical Transformer architectures with 8 layers, em-
bedding dimension 128, 4 attention heads, feedforward dimension 512, context size n = 15, and a
label universe of 2nbit = 256 possible classes. The only difference is the input projection dimension:
1 for numerical, 256 for one-hot, and 8 for bit (ours), all projecting to dimension 128.

Convergence Analysis. As shown in Fig. 3, the bit representation converges dramatically faster
than alternatives, reaching near-perfect test accuracy by the 17th epoch, while numerical and one-
hot representations require significantly more training. This empirically validates our theoretical
prediction that compact, dense representations with higher activation probabilities simplify learning
symbolic label relationships.

7
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C.2 UCR ARCHIVE: COMPLETE RESULTS

Evaluation Protocol Details. For each of the 128 UCR datasets, we use official train/test splits
without modification. Context examples are retrieved using z-normalized Euclidean distance with
context size k = 64 samples per test query (for datasets with < 64 training samples, we use all
available samples). No hyperparameter tuning is performed; the same model and retrieval strategy
is used for all 128 datasets.

Statistical Significance Testing. A Wilcoxon signed-rank test confirms that the performance differ-
ences between TiCT-Large (Rank 2.86), ResNet (Rank 2.86), and Transformer (Rank 2.58) are not
statistically significant, validating that TiCT performs on par with supervised deep learning methods.

Complete Per-Dataset Results. The full experimental results for all 128 UCR Archive datasets,
including per-dataset accuracy and rank metrics, are available at the project website: https://
sites.google.com/view/tsicl.

C.3 ABLATION STUDY: EXTENDED ANALYSIS

Effect of Augmentation. Removing data augmentation (-Augmentation, Rank 5.01) causes severe
performance degradation, confirming its critical role in synthetic-to-real transfer. Without augmen-
tation, the model overfits to the smooth synthetic templates and fails to generalize to noisy real-world
signals. The augmentation suite (jittering, smoothing, warping, etc.) effectively teaches noise in-
variance.

Binary vs Multi-Class Mixup. Our binary Mixup approach (Rank 3.13) outperforms a multi-
class variant where we generate C > 2 templates per task (-Mixup, Rank 4.25). We hypothesize
that binary Mixup creates a richer decision boundary by generating a continuum of interpolated
examples between two poles, while multi-class templates remain discrete. This mirrors the success
of binary SVMs extended to multi-class problems.

Effect of Class Imbalance. Disabling class imbalance simulation (-Imbalance, Rank 3.39) worsens
performance, showing that training on balanced data alone is insufficient. Real-world UCR datasets
often have imbalanced class distributions, and our synthetic pre-training must expose the model to
this variability.

Encoder Comparison. ResNet (Rank 3.13) slightly outperforms Transformer (Rank 3.17) for the
base model, confirming ResNet as the superior encoder. However, both are competitive, suggesting
the ICL framework is encoder-agnostic.

Scaling Analysis. Scaling to the large model (TiCT-Large, Rank 2.04) provides substantial perfor-
mance gains, demonstrating that ICL performance benefits significantly from model capacity.

C.4 EFFICIENCY ANALYSIS: EXTENDED DISCUSSION

Speedup over DTW. TiCT (242.5s) is approximately 1,500× faster than 1NN-DTW (363,198s).

Speedup over Supervised Methods. TiCT is 14× faster than ResNet and 34× faster than Trans-
former, which must train separate models for each of the 128 tasks.

Amortization Advantage. As the number of tasks grows beyond 128, TiCT’s advantage increases
since pre-training cost is fixed while supervised training scales linearly with task count.

D EXTENDED LIMITATIONS AND FUTURE DIRECTIONS

Multivariate Time Series. The current architecture processes univariate time series. Extending to
multivariate data (e.g., UEA Multivariate Archive) would require:

• Modifying the encoder to handle multiple channels and unknown amounts of input channels
• Ensuring label equivariance is preserved with channel-wise processing
• Ensuring channel permutation invariance, as channel ordering should not affect predictions
• Updating KernelSynth to generate correlated multi-channel templates
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Theoretical Understanding. While our empirical results demonstrate successful synthetic-to-real
transfer, a rigorous theoretical characterization of what properties enable this generalization remains
an open question. Understanding the implicit regularization induced by Mixup and augmentation
could inform future design choices.

Alternative Retrieval Strategies. We use simple Euclidean distance for context retrieval. Exploring
learned retrieval metrics or more sophisticated selection strategies (e.g., diversity-based sampling)
could improve performance.
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