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ABSTRACT

In many time series forecasting settings, the target time series is accompanied
by exogenous covariates, such as promotions and prices in retail demand; tem-
perature in energy load; calendar and holiday indicators for traffic or sales; and
grid load or fuel costs in electricity pricing. Ignoring these exogenous signals can
substantially degrade forecasting accuracy, particularly when they drive spikes,
discontinuities, or regime changes in the target series. Most current time series
foundation models ignore exogenous covariates and make forecasts solely from
the numerical time series history. Recent attempts to apply tabular foundation
models to time series forecasting show promise but exhibit fundamental failure
modes due to the absence of temporal inductive biases. In this paper, we provide
a detailed characterization of these failure modes and propose targeted modifica-
tions to address them with empirical results.

Track: Research

1 INTRODUCTION

In many high-impact forecasting scenarios, leveraging exogenous information, i.e., inputs beyond
the raw numerical target time series values, is essential. For example, in electricity price forecasting
and consumer demand forecasting, information about planned prices and promotions, merchandis-
ing changes, holidays and local events, weather forecasts, and competitor pricing, are naturally
encoded categorically and can shift demand sharply. Ignoring this information often induces large,
systematic errors.

Despite the clear value of exogenous information, most existing time series foundation models
(TSFMs), including Chronos (Ansari et al.} [2024), Sundial (Liu et al.}[2025)), TimesFM (Das
et al.,[2023), TimeMoE (Shi et al., 2025), TimeLLM (Jin et al.,2024), and LagLlama (Rasul et al.,
2023) either cannot incorporate exogenous covariates directly or require task-specific fine-tuning
(Arango et al.| 2025} [Wang et al |2024; Potapczynski et al., [2024). Such fine-tuning is often unde-
sirable: it adds runtime overhead, complicates inference pipelines, increases deployment costs, and
weakens the anonymity and isolation of downstream customer data. Therefore, a practical modern
TSFM should natively incorporate accompanying exogenous covariates whenever they are available
in a zero-shot manner.

There are a few foundation-like models that accept exogenous covariates in a zero-shot setting: in
particular, TabPFN-TS and Moirai. Crucially, though, TabPFN-TS is not a time series model
per se—instead, it simply appends a handful of time series features to a tabular foundation model.
Therefore, it lacks core temporal inductive biases. As we discovered and describe below, a central
problem is that the architecture of TabPFN-TS is invariant to the order of the data. Order invariance
is a reasonable inductive bias in the tabular i.i.d. case, but it is not a reasonable inductive bias for
the time series context, where the “arrow of time” defines an important structure. In practice, this
bias leads to characteristic failure modes when forecasting with TabPFN-TS.

Our main contributions are the following:
* We provide a detailed characterization of the shortcomings of existing PFNs such as TabPFN-TS

for time series forecasting. In particular, we show that TabPFN-TS has intrinsic limitations due
to the i.i.d. assumption that informs how the synthetic training data is generated, as well as due to
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Figure 1: Failure modes of TabPFN-TS for time series data that TimeSeries—PFN addresses. We
provide illustrative examples of each failure case with different real time series: we use a time series in Tourism
Monthly for (a), in Tourism Yearly for (b), in M5 Weekly for (c), and in M1 Monthly for (d). In the plots, the
training data is to the left of the black line, and the forecasts are to the right. (a) When TabPFN-TS is not given
frequency features, it predicts an average of prior history (green line). In contrast, TabPFN~-TS might capture
some time patterns when frequency features are available but miss others outside the frequency range (e.g.,
it does not capture the largest spikes). (b) TabPFN-TS has problems extrapolating trends especially in short
context cases. (c¢) The predictions of TabPFN-TS erroneously revert back to zero, as that is the most common
value in the context. (d) The range of the 90% confidence intervals in TabPFN-TS substantially increases to
capture previously seen values rather than to reflect the uncertainty over the trend of the time series.

its architectural specification. For these reasons, it fails to understand temporal auto-correlations,
making it challenging to predict ordered patterns accurately. Based on these findings, we argue
that existing PFNs are not suitable as time series FMs as it is. (Section[2])

* We propose modifications that can circumvent these limitations through time-aware data genera-
tion procedures and architectural choices that reflect the importance of order in time series data.

* We present preliminary empirical results demonstrating that architectural modifica-
tions—specifically the incorporation of positional encodings and adjustments to the attention
mechanism—yield improved performance in time series forecasting tasks relative to directly
adapting tabular foundation models.

2  FAILURE MODES OF TABPFN-TS

TabPFN-TS (Hoo et al., [2025) introduces a series of manually engineered time series features
into the tabular FM TabPFN-v2 (Hollmann et al., [2025) in order to make time series forecasts.
Although TabPFN-TS achieves competitive performance on several time series forecasting bench-
marks, it exhibits fundamental failure modes due to the absence of time series specific inductive bi-
ases, raising concerns about the deployment of such models in industry-critical applications. Here,
we describe several failure modes; see Figure|T]

Dependency on manually engineered frequency features. TabPFN-TS relies on a running index
feature as well as frequency features that are taken from the timestamp of the data (such as day-of-
week, day-of-month, month-of-year, etc.) or estimated frequencies obtained through a FFT decom-

position of the time series (Hoo et al., 2025). That is, ;; = sin(ZW%j)) or Ty = cos(27r%:))
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where, for example, in the case of day-of-week 7(¢) € {1,---,7} and P; = 7, and so forth. As
seen in Figure a), if the frequencies are not used, then TabPFN-TS only estimates the mean of
the previous observations. TabPFN-TS makes accurate predictions when the relevant frequencies
are explicitly included in the data, but otherwise it struggles to capture patterns that do not align
with regular calendar structures.

Weak trend extrapolation. As already noted by Hoo et al.| (2025)), TabPFN-TS demonstrates a
limited ability to extrapolate time series trends. This is seen in Figure [I(b). This phenomenon most
likely results from the model’s inability to consider the order of the data when estimating the trend.

Lack of a recency bias. TabPFN-TS treats all historical time points equally when making pre-
dictions. Many applications operate in environments with constant distribution shifts, e.g., the un-
derlying data changes over time due to factors like promotions, policy changes, or macroeconomic
conditions. Accurately predicting under these distribution shifts is critical for a reliable deployment
of time series models. Figure[I[c) shows that TabPFN-TS struggles to capture a sudden uptick in
demand, failing to forecast based on the most recent observations.

Generic confidence intervals. TabPFN-TS produces confidence intervals that emphasize the en-
tire historical context rather than weighting observations according to their consistency with the
prevailing trend in the time series. Figure [I{d) clearly shows this phenomenon where the confi-
dence interval simply reflects values obtained in the distant past. This failure undermines trust and
complicates decision-making in industry critical time series applications.

Inability to learn ordered patterns. Ordered patterns such as ordered seasonal patterns that span
across multiple time steps are very common in industry applications such as demand forecasting
(where a product has a gradual increase in demand until its promotion date and sharply drops after
the promotion). These types of patterns are not purely cyclical, but instead they reflect structured
temporal dependencies that unfold over multiple horizons.

The underlying reason why TabPFN-TS exhibits these failure modes is that it was trained and
designed for i.i.d. data. Although the model incorporates certain time-series specific features, these
are imposed post hoc, and the core architecture does not capture the temporal dependencies intrinsic
to the data.

3 PROPOSED MODIFICATIONS FOR TIME SERIES

We now present few of the data-level and architectural interventions that can enable PFN models to
explicitly leverage ordering and temporal dependencies inherent in time series data.

3.1 TIME-AWARE SYNTHETIC DATA GENERATION

The baseline tabular data generation samples DAGs from random growing networks (RGN) with
preferential attachment, then defines SCMs where each node is determined as a function of parent
nodes. To induce time series structure, sampling root node values (vt,,ﬂ)thl through a stochastic
process helps introduce temporal dependency. Specifically, root nodes can become combinations
of sine and cosine functions with randomly sampled frequencies (¢§”, ¢ér)) and amplitudes (agr),
o). Thatis, v, = o{” sin(¢{”) + ol cos(¢t), forall t = 1,...,T. As a result, this can
now generate datasets Dg = (x4, y;)7.,, where y; are correlated, in contrast to sampling root nodes
as v; » independently for each i.

3.2 ARCHITECTURAL MODIFICATIONS

The tabular foundational model architecture inherently lacks positional awareness, as tabular entries
are fundamentally unordered. However, when adapting such models for time series data, several key
modifications can be implemented to capture the inherent temporal inductive biases, including,

Positional Encodings. With time-dependent data generation, it makes sense to introduce inductive
bias reflecting temporal relationships. So, incorporating position encodings like RoPE embeddings
(Su et al.; 2023) to the attention mechanism in AttnSamp(¥)(-) can make key-query interactions
obey q; nBnk:, where Ry, is a weight matrix such that q; L nBrk: — 0as h — oo. In other
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sCRPS DE(24) NP(24) FR(24) BE(24) PJM(24)| DE(48) NP(48) FR(48) BE(48) PJM(48)

TimeSeries—-PEN (™ 0.040 0.038 0.040 0.042 0.040 | 0.056 0.053 0.069 0.058 0.057
TabPFN-TS(*%) 0.033 0.048 0.067 0.048 0.047 | 0.065 0.055 0.068 0.073 0.069

Moirai-Large™  0.078 0.082 0.079 0.082 0.078 | 0.120 0.124 0.121 0.123 0.121

Chronos-Large® 0.119 0.110 0.139 0.117 0.107 | 0.088 0.106 0.105 0.089  0.094
Sundial-Base'® 0.152 0.147 0.151 0.150 0.149 | 0.097 0.099 0.096 0.095 0.097

Table 1: Electricity Price Forecasting. TimeSeries-PFN beats other neural forecasters that
leverage exogenous information. SCRPS results on electric price forecasting across different datasets
and prediction horizons (24, 48). Lower values are better. The notation (0%) denotes zero-shot fore-
casters that leverage exogenous information; (") denotes forecasters that leverage exogenous infor-
mation but were exposed to the data during training; and (°) denotes zero-shot univariate forecasters
that do not use exogenous information. Best results for each dataset are bold, and second best are
underlined.

words, the keys and queries of nearby observations are weighted more. Similar to [Vaswani et al.
(2017), employing another notion of absolute positional encodings of the form £ € R* > can also
be helpful.

2d+1 22d
Qt,2d—‘,—1 = sin (27Tt212> and Qt,Qd = COos (27rt212) ,

Full Attention. In TabPFN, test observations do not attend to each other, only to train observa-
tions. For time series, future exogenous information should inform current predictions so enforcing

plyryn|(xt)t = T 4+ 177 (at,yt)L_ ) forall h = 1,..., H can help to capture ordered patterns.
This can be achieved by allowing all points to attend to each other in At t nSamp(®(-).

Building upon the aforementioned modifications, we adapt the PFN architecture to train directly on
exogenous time series data. We evaluate our proposed model, TimeSeries—PFN, on the elec-
tricity price forecasting task across multiple datasets and prediction horizons (24 and 48 hours). As
presented in Table |l| preliminary results indicate that TimeSeries-PFN demonstrates substan-
tial performance improvements over both tabular foundational models such as TabPFN-TS and
univariate foundational models. The electricity price forecasting dataset comprises hourly price
measurements from five major European markets: Nord Pool (NP), PIM (COMED zone), France
(FR), Belgium (BE), and Germany (DE) (Lago et al.| [2021)). These datasets incorporate exogenous
variables, including system load and power generation measurements.

4 CONCLUSION

This work identifies critical failure modes when applying tabular prior-data fitted networks to time
series forecasting. We demonstrate that TabPFN-TS, despite incorporating time-series features,
exhibits fundamental limitations including inability to learn ordered patterns, dependency on manual
frequency features, weak trend extrapolation, lack of recency bias, and poorly calibrated confidence
intervals. To address these shortcomings, we propose modifications at both the data generation and
architectural levels: graph generation algorithms with time-dependent root node excitation through
stochastic processes, and architectural enhancements including rotary positional encodings (RoPE),
absolute positional encodings, and full attention mechanisms enabling future exogenous information
to inform predictions.

Our analysis suggests that prior-data fitted networks (PFNs) represent a viable alternative to fine-
tuning for time series foundational models, provided that temporal inductive biases are encoded
directly into both architecture and synthetic data priors. These modifications advance PFNs beyond
i.i.d. tabular data toward genuinely temporal inference models capable of leveraging exogenous co-
variates in zero-shot settings. While preliminary, these findings underscore the promising potential
of this research direction and highlight the necessity of further exploration.
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Figure 2: How TabPFN combines attention across features and samples. Taken from [Hollmann
et al.| (2023)), the figure illustrates the main components of the TabPFN architecture, plus the trans-
lation of the embedding into a Riemann distribution approximation of the PPD p(yiest| ®test, Dirain)-

A TABPFN ARCHITECTURE

Here, we provide additional details about the TabPFN architecture. Assume that we have the fol-

lowing Ny, observations for our target (y;) fV:";‘", and N = Nyain + Niest Observations for covariate

information (x;) ZI\L 1» where each x; € RF ,, and that we want to make NV predictions for the target
(yi)Net. The goal of the preprocessing step is to transform the information of (z;)XY.; and (y; )~
into an embedding Z € RV*FXDP_ 1In terms of the target, we first create a tensor Y € RN *?2

by first z-scoring all the train targets, }7,'71 = (Yi — Mrain) / Otrain, WhETe Liypain = ﬁ Ef\ii y; and

o2 = ﬁ Ziv:‘“‘l‘" (Vi — furain )%, for the positions of i = 1, ..., Nywin, and then by setting the rest

of the Nieg positions ¢ = Nygin + 1,..., N as f/i’l = llyrain- Then, the other columns of Y are filled
with Y; 5 = 0if the entry is observed (i = 1, ..., Nyin) and Y; o = —2ifnot (i = Nygain+1, ..., N).
After that, we create Y € RY*P by embedding Y with a linear layer on a D dimensional space as
Y = Y Wy where Wy € R?*P.

An analogous procedure is done for each of the features in ¢; € R " after first grouping them
into pairs, as discussed in [Hollmann et al.| (2025). The grouping can done easily with a reshape,
as follows. If we have X/ = x;, then X = Reshape(X’, (N, F’/2,2)) would have the desired
effect (assuming that F’ is divisible by 2, else we 0-pad the feature dimension). After z-scoring
each of the f = 1,...,F’/2 features, we then compute X = XWx € RN*F=1xD \here
Wx € R?*P and F = F’/2 4 1. After the embedding X is constructed, we then add a fixed
random positional encoding 2 € R¥ 1% to each feature shared across all N samples. In other
words, we do X; < X; +Qforalli =1,..., N. Finally, we set Z = [X, Y] € RVXF*D which
is the embedding passed to the architecture seen in Figure[2]

The transformation of Z € RY*#XD into the Riemman approximation of the PPD is done with

another linear layer as Zy,,. —1,.Wz € RNeX@ where Wz € RPX? and @ is the number of
quantiles needed to compute the PPD.
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(a) Growing random network with redirection and preferential attachment
(Krapivsky & Redner 2023)).

Figure 3: Example graph from graph generation algorithms.

B DATA GENERATION

B.1 GRAPH GENERATION

As explained in Section 3.1} we need to randomly generate DAGs to define diverse SCMs for our
synthetic data procedure. The initial procedure to construct a graph (Hollmann et al., 2023)) was
through a MLP, where each node is connected to all other nodes in the next layer, and the depth
of the MLP is the depth of the graph which culminates with 1 node at the end which would be the
target. To illustrate, if we have a 3-layered MLP with a width of 10, then we would have a graph
with 21 = 10+ 10 4+ 1 nodes and 110 = 10 x 10 4+ 10 x 1 edges (assuming that the MLP is fully
connected). A step to reduce the density of the graph is to drop some edges uniformly at random or
by blocks (Hollmann et al., 2023)).

In|/Hollmann et al.|(2025)), the authors adopted a “more realistic” DAG generation by using a classical
algorithm in the study of random networks called the random growing network with redirection
(Krapivsky & Redner, 2023)).

As illustrated in Figure[3|(Top), a main characteristic is that it generates graphs with many root nodes
(as each added root node in might never get an incoming edge) and, if the redirection probability p
is high, then several of the root nodes might point to the first node. When selecting which features
to use from a graph, the root nodes are always excluded (Hollmann et al, 2025), and so having a
graph that has many root nodes is not necessarily optimal. Furthermore, if the graph happens to
concentrate in a few nodes, then many of the features would not be related (that is, there would
not be a path that connects them), making many of the features in the dataset not informative about
the target.



	Introduction
	Failure Modes of TabPFN-TS
	Proposed Modifications for Time Series
	Time-Aware Synthetic Data Generation
	Architectural Modifications

	Conclusion
	TabPFN Architecture
	Data Generation
	Graph Generation


