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Abstract

We study counterfactual estimation with
time-series panel data where multiple units
are observed and only one unit undergoes
an intervention.  Synthetic control (SC)
addresses this problem by treating post-
intervention outcomes of the treated unit as
missing and imputing them using the rest of
the panel. This can be viewed as a special
forecasting problem in which future observa-
tions of untreated units are available. Moti-
vated by this perspective, we explore the use
of time-series foundation models (TSFMs)
in the SC setting and compare with classi-
cal linear SC methods. The results show
that linear models remain strong baselines,
while TSFMs offer advantages in settings
with stronger temporal trends, greater non-
linearity, or when the low-rank assumption
fails. Finally, we discuss future research
directions highlighting the need for better
adaptation of TSFMs for SC.

1 INTRODUCTION

In observational causal inference, counterfactual esti-
mation often involves inference with time series data.
One of the most widely adopted practices is synthetic
control (SC), a method for predicting counterfactual
time series of a treated unit by leveraging observa-
tions from untreated units. For example, if California
(i.e., target unit) decides to adopt a new policy, SC es-
timates what would have happened to California had
that intervention not occurred by creating the coun-
terfactual time series using data from the states that
did not go through a similar intervention (i.e., donor
units). The original SC modeled the target time series
as a simplex combination of donor time series (Abadie
and Gardeazabal, 2003). More recently, methods have
been extended that view it as linear regression (Doud-
chenko and Imbens, 2016; Amjad et al., 2018), matrix
completion (Athey et al., 2021), and representation

Saeyoung Rho
Columbia University

Vishal Misra
Columbia University

learning (Xu, 2017; Rho et al., 2026), adopting more
advanced machine learning techniques.

In the meantime, the machine learning community’s
focus has evolved from developing a task-specific
model to learning a foundational model that can be
adapted to a wide range of downstream tasks. The
most prominent example is large language models
(LLMs), where the model is trained on vast, diverse
data. This new paradigm has been adopted in time-
series forecasting as well, and multiple technology com-
panies have announced time series foundation models
(TSFMs) in recent years, e.g., TimesFM (by Google,
Das et al. (2024)), Chronos (by Amazon, Ansari et al.
(2024, 2025)), TabPFN (by PriorLabs, Grinsztajn
et al. (2025)) and MOIRAI (by SalesForce, Woo et al.
(2024)). The main purpose of TSFMs is to predict the
future time series given historical measurements. The
SC prediction task can be viewed as time-series fore-
casting if we can utilize post-intervention observations
from the donor units in the prediction process.

In this paper, we explore how TSFMs can be adopted
to facilitate causal inference, especially focusing on SC
applications. We introduce technical details of SC and
TSFMs (Section 2), discuss how to use TSFMs for SC
(Section 3), present experimental results (Section 4),
and discuss future work (Section 5).

2 BACKGROUND

2.1 Synthetic Control

The time-series panel dataset for synthetic control con-
sists of the following components: Let Y;; € R be
the observation from i-th unit at time ¢. We have a
(treated) target unit with index 1 and n (untreated)
donor units indexed by ¢ € {2,....,n + 1}. The un-
treated observation matrix is of size (n+1) x T, where
the target unit’s values after intervention ¢ > Tj are
missing because the intervention occurs at Tj.

The classical algorithm, SC (Abadie and Gardeazabal,
2003), learns SC weights f € R™ of donors to esti-
mate the target, i.e. Yl,t = (Yant1.4)T f, under the
simplex constraint (> f; = 1, f; > 0 Vi). Later, Ro-
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bust Synthetic Control (RSC, Amjad et al. (2018)) was
suggested by focusing on the approximate low-rank be-
havior of the observational matrix. It performs prin-
cipal component regression by selecting top few singu-
lar values of the matrix as a de-noising step prior to
regression. Recently, Time-Aware Synthetic Control
(TASC, Rho et al. (2026)) was proposed to use tempo-
ral trend of the data by adopting a state space model.
It uses Kalman filtering and RTS smoothing to esti-
mate the hidden states that evolve over time, while
also preserving the approximately low-rank structure.

We use the three algorithms (SC, RSC, and TASC) as
traditional baseline SC approaches. They are all learn-
ing from only a given dataset (as opposed to multiple
time-series examples that the model can train on) and
the model operates on a linear class of functions’.

2.2 Time Series Foundation Models (TSFMs)

In this section, we discuss TSFMs that allow the use
of post-intervention donor data.

TabPFN(v2.5, Grinsztajn et al. (2025)) is a foundation
model designed for tabular data, that can be utilized
for time-series panel data by treating time steps as ex-
amples and covariates (e.g. donor-series) as features.
The model forms embeddings from small groups of fea-
tures, and applies alternating attention mechanisms
to model dependencies between examples (time steps)
and features (units). TabPFN-TS(Hoo et al., 2026) ex-
plicitly reformulates time-series forecasting as a tabu-
lar regression problem and solves it using TabPFN(v2).
Given a target series y1.7 and optional covariates, a
tabular dataset is constructed with each time index
corresponding to a row of temporal features (e.g. time
encodings, seasonal indicators), paired with observed
values. Forecasting reduces to predicting future rows,
whose temporal features and covariates are known.

Chronos(v2, Ansari et al. (2025)) is specifically de-
signed for time-series forecasting. Given a target time
series and covariates (e.g. donor-series), the model
partitions each series into fixed-length patches, and
generates patch embeddings. The model approxi-
mates the predictive distribution of the target’s post-
intervention time series using two attention mecha-
nisms: time attention between patch embeddings in
the same series and group attention between series at
the same patch time index. Time attention uses posi-
tional embedding to model temporal evolution.

TimesFM (v2.5, Das et al. (2024); Google Research
(2026)) is a TSFM that operates on fixed-length tem-

'This comes from linear factor model assumed by SC
(See Abadie (2021)) and also approximately low-rank as-
sumption (Amjad et al., 2018)

poral patch embeddings but models dependence solely
along the time dimension, without cross-series atten-
tion. To incorporate covariates, it uses an external
regression component in which the target series is first
modeled as a function of covariates (e.g. donor-series),
and the residual component is then forecast using a
decoder-only attention model. The final prediction
combines the regression-based and residual forecast.

As opposed to the traditional algorithms to learn SC
models, these foundational models are trained on a
vast amount of time-series datasets coming from a wide
range of distributions, utilizing the Transformer struc-
ture and moving beyond the classical linear regime.

3 USING TSFMS FOR SC

TSFMs were originally developed for time-series fore-
casting, where long historical contexts are available
and no known future covariates are assumed. As a re-
sult, their architectures are not optimized for SC set-
tings?. For example, patch sizes (P = 16 for Chronos
(v2) and P = 32 for TimesFM) are relatively large for
datasets typically used in SC applications. Moreover,
known future covariates play only an auxiliary role,
but are central to SC. Hence, the key to using TSFMs
for SC is to explore which architecture is most suited
for the SC setting and how to incorporate the future
donor information as an input.

To do so, we consider three methods. First, we
can adopt the panel data as input (*-panel).
Recent TSFMs allow future known covariates as
an additional input, which corresponds to the
donor time-series in SC. Second, we can flatten
the panel structure into a univariate time series
(x-flatten) by reading the matrix column by
column, from bottom to top. For example, the panel
data Y € RTDUXT can be flattened to a sequence
(Yn+l,1a Yn,ly e ’Yl,l)a cee (Yn+1,Ta Y;L,T; ceey Yl,T)~

Now, the target time series Y;. can be predicted by
using all previous observations in an autoregressive
way. Third, we can subtract the donor mean from the
target observation (*-mean) and predict the residual.

4 EXPERIMENTAL RESULTS

In this section, we evaluate TSFM and classic linear
approaches for SC with synthetic data. Results with
real-world data are deferred to Appendix B.

2See Yu et al. (2025a) for the impact of design choices
on TSFM’s performance
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Figure 1: Prediction error with varying nonlinearity
strength, with small(top) and large(bottom) R.

4.1 Synthetic Data Generation

Let y; € R™*! be the observation and z; € R? be the
hidden state at time t. We generate synthetic data
following a modified state-space model:

x = Axs_1 + atanh(Bri_1) + g1 (1)
= Hzy + ftanh(Cxy) + 14, (2)

where ¢;—1 ~ N(0,Q) is the latent perturbation and
re ~ N(0, R) is the observation noise. The parameters
0 ={A,H,B,C,Q, R} are randomly initialized while
ensuring the stability of the generated time series. The
latent signal z; evolves following a linear trend A and a
nonlinear trend tanh(Bz;_1) with strength «. Then,
the observation y; is the sum of a linear projection
Hz; and a nonlinear transformation tanh(Cx;) with
strength 8. We consider «, 8 € {0,1,2}. Full explana-
tion is deferred to Appendix A.

4.2 Ablation Study with Simulated Data

In this section, we compare linear approaches and
TSFM approaches on simulated datasets. All TSFMs
are implemented using the *-panel method, and the
datasets are generated with n = 49, T, = 50, and
T = 100. The prediction error is computed as Root
Mean Squared Error(RMSE) of post-intervention tar-
get estimate with respect to its signal 4,7 = ;1 —7¢.1,
assuming zero intervention effect.?

3We evaluate accuracy on 100 generated datasets in
each setting.
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Figure 2: Prediction error with varying latent dimen-
sion dirqe, with small(top) and large(bottom) Q.

First, we vary the nonlinearity strength (a« = f)
in the simulated data. Figure 1 presents the post-
intervention RMSE under low (top panel, small R)
and high (bottom panel, large R) observation noise.
All methods except for TimesFM tend to yield lower
prediction error when the data is linear (o = § = 0).
While linear models show stronger performance in
most cases, TimesFM, TabPFN and TabPFN-TS achieve
lower prediction error compared to linear models when
nonlinearity strength is large (o = 8 = 2) and obser-
vation noise is low.

Next, we vary the hidden state dimension dipye €
{2,5,10,20} while fixing « = 8 = 0 and large R. Fig-
ure 2 shows the post-intervention RMSE under strong
(top panel, small @) and weak (bottom panel, large
Q) temporal trends. For RSC and TASC, we set the
approximate rank hyperparameter* to d = dyyue to
evaluate their best-case performance. TSFMs are less
sensitive to the increasing di.,.. When temporal trend
is strong, TSFMs (except TimesFM) outperform linear
approaches when dy,. increases, with Chronos achiev-
ing the lowest median RMSE when d,. = 10,20.
On the other hand, when the temporal trend is weak,
TSFM approaches offer no advantage to linear SC ap-
proaches across all choices of dyye.

4This corresponds to the number of singular values to
keep in RSC and hidden state dimension in TASC.
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Figure 3: Post-intervention RMSE with varied Ty and
different data input methods for Chronos (top, n = 15)
and TimesFM (bottom, n = 31).

4.3 Input Representation for TSFMs

Now, we evaluate three input representation styles
(*-panel, *-flatten, *-mean) from Section 3, focus-
ing on Chronos(v2, P = 16) and TimesFM(P = 32).

Figure 3 shows the prediction error as Ty increases
(To € 8,16,32,64), with T = Ty + 16, dywe = 5,
and o = f = 2, focusing on settings where TSFMs
are expected to perform well. Note that the num-
ber of donors n is chosen based on the model’s patch
size to allow repeating patterns between each patch®.
In the top panel, Chronos-flatten outperforms the
other two methods, suggesting potential for flattening
method. In the bottom panel, TimesFM-panel still re-
mains the best method for TimesFM. This shows that
TimesFM benefits more from the regression mecha-
nism utilized in the *-panel input style than from
temporal attention in the univariate inputs *-flatten
and *-mean. In evaluations on real-world datasets
in Appendix B, we show cases where *-mean input
achieves lower median RMSE than *-panel input.

5 DISCUSSION

We explored how TSFMs can be adapted for SC. The
results show that TSFMs have potential to be advan-
tageous in the following regimes: (1) when the data
exhibit stronger nonlinearity and low observation noise

5This choice is made for investigation purposes and is
not intended as a general recommendation.

(Figure 1, top), and (2) when the data has bigger rank
and temporal trend is strong (Figure 2, top).

Nonetheless, linear models (SC, RSC, and TASC) re-
main strong baselines in most settings, particularly
(1) when observation noise is high for any levels of
nonlinearity strength tested (Figure 1, bottom) and
(2) when temporal trends in the latent state are less
pronounced (Figure 2, bottom). Importantly, linear
models are strong baselines when the panel data has
approximate low-rank structure, which is commonly
observed in real-world settings (Udell and Townsend,
2019). Yu et al. (2025b) show that time-series data
can induce low-rank input embeddings in Transformer
models, similar to TASC. This suggests that low-rank
structure in the latent space may be a key character-
istic in SC that needs to be investigated. A promising
direction for future work is to better understand where
the boundary lies between low- and high-rank regimes,
and how this distinction can guide the choice between
linear approaches and TSFMs.

Furthermore, the different architectures and training
data of TSFMs result in performance distinctions that
depend on the structure of the panel data and should
be investigated further in future work. For example,
in Appendix C we observe that when observation noise
is correlated: TimesFM, TabPFN and TabPFN-TS trend
toward predicting the noisy observation, rather than
the true signal, when pre-intervention length increases
whereas Chronos (as well as linear approaches) predict
the true signal.

Future work could explore fine-tuning TSFMs for SC
tasks and guiding prediction with alternate input rep-
resentations. For example, the improved performance
of Chronos-flatten shows how altering the input rep-
resentation has potential for SC tasks with short pre-
intervention periods.

In practice, computational efficiency is an important
trade-off. Linear models are far more memory-efficient
than TSFMs (e.g., n parameters in SC versus millions
in TSFMs). They are also quicker to train. However,
if the same TSFM is reused for many SC instances,
the initial training cost may eventually be amortized.
At inference time, linear models remain substantially
faster than TSFMs. Another limitation of TSFMs for
SC is that, unlike classical SC, they do not provide
a transparent donor-weight decomposition, making it
harder to assess which donors drive the counterfactual
estimation.

Lastly, future work should evaluate these methods on
a broader range of datasets, including more complex
data-generating processes, varying data sizes, and ad-
ditional real-world datasets.
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Causal Inference with Time Series Foundation Models:
Supplementary Materials

A HOW WE GENERATED DATA

In this section we provide more in-depth detail on how we generated synthetic datasets for evaluation. Each
dataset is generated from the nonlinear state-space model,

s = Axy_1 + atanh(Bri_1) + g1—1, (3)
yr = Hxy + Btanh(Cxy) + 14, (4)

where z; € R? denotes the latent state, y; € RY denotes the observed panel with N = n -+ 1 (one target and n
donors), ¢ ~ N(0,Q) is the latent state temporal perturbation, r; ~ A (0, R) is the observation noise, and the
initial state is drawn as zg ~ N (mg, P). The parameter set is 0 = {A, H, B,C, Q, R, mq, Po}.

The transition matrix A € R%*? is constructed by drawing a matrix with i.i.d. standard normal entries and
applying a QR decomposition to obtain an orthonormal matrix. To ensure stability of the latent dynamics, we
control the spectral radius p(A); if p(A) > 0.95, we rescale A < A-(0.95/p(A)) so that p(A) < 0.95, preventing
explosive trajectories. H € RV*4 is generated row-wise. For each row i € [N], a concentration vector a; € (0,1)¢
is drawn with i.i.d. Uniform(0, 1) entries, and H; . is sampled from a Dirichlet distribution with parameter a;.

The perturbation covariance () is generated by first drawing a random matrix Z with entries sampled inde-
pendently from Uniform([a,b)) scaled by 1/v/d, form Q = ZZ7 +1075I. Then, we randomly flip the sign of
off-diagonal entries while keeping it symmetric. Unless otherwise specified, R is generated as a diagonal matrix
where each diagonal entry is drawn independently from Uniform([a,b)). We also evaluate performance when
observation noise is correlated with R generated following the same procedure as Q.

The initial latent mean is sampled as mgo ~ Uniform(0,1)%. The initial covariance P, is generated using the
same procedure as for ) described above, with noise range a = 0.01,b = 0.1. The initial state is then drawn as
Tog ~ N(mo, Po)

We consider four covariance regimes: (small @, small R), (large @, small R), (small @, large R), (large @,
large R). Where a “small” matrix is generated with a = 0.01,b = 0.1, and a “large” matrix is generated with
a=0.1,b=1.0.

The nonlinear components are controlled by « (latent nonlinearity) and S (observation nonlinearity), with
a,f € {0,1,2}. Latent-only nonlinearity corresponds to (a,3) = (s,0), observation-only to (0, s), and joint
nonlinearity to (s, s) for s € {0, 1, 2}.

With these parameters, we generate the true signal y; Y — Hzy + Btanh(Cz;), as well as the noisy observation
y: = y;"? +r¢. In our evaluations, the model only sees y; but the prediction accuracy is measured by comparing
against the target component ;" of the true signal y;"/. In settings where we evaluate performance on data
generated with correlated observation noise (non-diagonal R), we evaluate performance accuracy measuring
against the target unit’s true signal y;"/ as well as against the noisy observation y;1 = y;{ + 1. We first
evaluate prediction accuracy in settings with diagonal observation noise covariance matrix R, as this provides
a clean benchmark in which the optimal predictor of the noisy observed outcome coincides with the optimal
predictor of the true signal. In this case, comparisons across methods directly reflect differences in signal
recovery. In contrast, when R is non-diagonal and observation noise is correlated, donor observations contain
information about contemporaneous target noise, and the optimal predictor of the noisy observed outcome differs

from that of the true signal. In such settings, we evaluate both true signal and noisy observation prediction.
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B EMPIRICAL EVALUATION ON REAL-WORLD DATA

In this section, we evaluate TSFM approaches (Chronos (v2), TimesFM, TabPFN (v2.5), and TabPFN-TS) for SC
on real-world datasets and compare performance to linear approaches TASC, SC, RSC. We maintain a consistent
methodology in terms of choice of coefficients and experimental setup as described in (Rho et al., 2026). In
(Rho et al., 2026), evaluations compare performance between TASC, RSC, SC, and Causal Impact Model (CIM)
(Brodersen et al., 2015) - where TASC showed strong performance against these other methods. In our evaluations,
we focus on the performance of TSFM approaches and their comparative performance to linear approaches (TASC,
SC, RSC).

For TSFM approaches, we consider two data-preparation inputs fed into the TSFM (discussed in Section 3):
(*-panel) and (*-mean).

B.1 Proposition 99

Our first real world evaluation is on the classic synthetic control application from (Abadie et al., 2010): evaluating
the effect of Proposition 99. Proposition 99 was a policy enacted in California in 1988 that significantly increased
the state’s cigarette tax. To assess the causal impact of this policy intervention, synthetic control methods can
be applied to estimate the counterfactual outcome for California - i.e. estimate what cigarette sales would have
looked like had the policy not been implemented. Some SC methods can incorporate auxiliary variables such as
average retail price of cigarettes, per capita state personal income, etc. However, in our analysis, we evaluate the
methods using the single predictor of per-capita cigarette sales for a consistent comparison. In order to evaluate
the capabilities of each method in predicting California’s post-intervention counterfactual time series from the
point of intervention in 1988 until 2000, we conduct placebo tests. Since the true counterfactual is unobservable,
we simulate it by treating each donor unit (states who did not undergo a policy intervention) as if it were the
target. In each placebo test, we predict a donor unit’s time series using the remaining donors and assess whether
the synthetic control method can accurately reconstruct the observed outcomes.

Figure 4 shows post-intervention root mean squared error (RMSE) from the placebo test for TSFM and linear
SC approaches. Following (Rho et al., 2026) in this setting, we set the ridge coefficient of RSC as 0.1 and
approximate rank d = 2, and TASC uses the same d = 2 for hidden state dimension. The ridge coefficient used
in TimesFM-panel is set at 0.1 to match that of RSC in this setting. We include two methods of data input
(*-panel and *-mean), described in Section 3, for Chronos and TimesFM.

Across linear and TSFM approaches, TASC achieves the lowest median and smallest variance of RMSE, suggesting
that TASC may provide the most reliable post-intervention prediction of California. Out of the four TSFM
methods with *-panel input, TimesFM achieves the lowest median RMSE. However, over all data preparation
methods Chronos-mean achieves the lowest median RMSE out of TSFM methods and has the second overall
lowest median RMSE (after TASC).

40
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Figure 4: Post-intervention RMSE from placebo test, Proposition 99
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B.2 Cricket

Although synthetic control is primarily designed for counterfactual inference, it can also be applied to prediction
in episodic time series, such as game score trajectories. By aligning matches at their start time, we can construct
panel datasets for SC application.

In this section, we extend our evaluation to sports data with an evaluation over cricket score trajectory data
from Indian Premier League (IPL). The evaluation is consistent with what is followed in (Rho et al., 2026). The
dataset utilized in this study is created from ball-by-ball records of IPL matches from April 18, 2008 to March
25th, 2025. In the T20 format, a standard match consists of two innings of 20 overs each, with 6 balls bowled per
over, and one team batting per inning. The analysis is restricted to the first 120 legal deliveries in each inning
and does not include the additional deliveries that can sometimes exceed 120 due to penalty balls. There are
1524 score trajectories in the dataset that have at least 120 balls delivered and are used in generating placebo
tests to evaluate on. The scores are aggregated cumulatively over the course of each inning per ball.

Each inning in the dataset is represented as a time series of length 7' = 120. The intervention point is fixed
at Ty = 72, corresponding to the transition from power-play to later overs. The remaining 48 deliveries (t =
To+1,...,T) are used for evaluation under a placebo assumption (no true intervention effect).

To simulate a realistic forecasting setting, a target match is randomly selected from all eligible matches, and
the donor pool consists of the n most recent matches prior to the target match date, with n € {18, 36,72, 144}.
For each method and donor size, the experiment is repeated 100 times, each time with a newly selected random
target match. Median post-intervention RMSE is reported across repetitions.

The data is mean-centered prior to fitting by subtracting the mean score trajectory computed from the selected
donors; for TASC and RSC, the hidden state dimension and number of singular values to keep were both set to
be d = 5 and RSC is implemented with the ridge coefficient of 10? - following (Rho et al., 2026). TimesFM ridge
coefficient is set at 103 to match that of RSC in this setting. For TSFM methods in this setting, we evaluate only
(*-panel) and (*-mean) approaches.

Figure 5a presents overall post-intervention RMSE as the donor pool size varies. In this setting, we observe
that Chronos-panel achieves the lowest median RMSE compared to TASC, RSC, SC, and other foundation model
approaches when n = 36,72 and TabPFN achieves the lowest median RMSE when n = 144. When n = 18
Chronos-mean achieves the lowest median RMSE out-performing Chronos-panel. Across all donor counts,
TimesFM-mean achieves a lower median RMSE than TimesFM-panel. We observe that SC prediction accuracy
degrades as n increases with SC achieving the highest median RMSE when the donor count is largest (n = 144).
TASC and TSFM approaches all achieve the lowest median RMSE in the setting with the largest donor count
(n = 144) suggesting that these methods are able to make more accurate predictions with the additional context
of more donor time-series. Despite having the lowest median RMSE when n = 144, TabPFN exhibits a larger
variance than Chronos-panel at this donor count. Figure 5b presents RMSE in horizon blocks per over (6-balls
intervals), when n = 144 showing the impact of short-term and long-term prediction horizons.

B.3 Basketball

We next consider NBA game score trajectories, following the same experimental design as in (Rho et al., 2026).
The dataset consists of cumulative score trajectories sampled at 15-second intervals, yielding time series of length
T = 192 for each game. The intervention point is fixed at Ty = 96, corresponding to halftime.

A target game is randomly selected from the full dataset of eligible games. The donor pool consists of the n
most recent games prior to the target date, with n € {24,48,96,192}. For each donor size and method, the
experiment is repeated 100 times using the same set of randomly selected targets. The data is mean-centered
using the selected donors prior to fitting. The hidden state dimension and number of singular values to keep
were both set to d = 5 for TASC and RSC respectively. RSC and TimesFM ridge coefficient is set at 10® - matching
the ridge coefficient in the cricket-data setting.

Figure 6a reports median post-intervention RMSE across donor sizes. In this domain, Chronos-mean achieves
the lowest median RMSE when n = 24 and n = 48, TabPFN-TS achieves the lowest median RMSE when n = 96
and TASC achieves the lowest median RMSE when n = 192, which is also the lowest median RMSE achieved over
all possible donor counts considered. Consistent with performance in the cricket-data setting, we observe that
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Figure 5: Evaluations on cricket (IPL) score trajectory panel data

SC exhibits lower prediction accuracy when the number of donors increases. Figure 6b presents RMSE in horizon
blocks per half quarter, when n = 192, showing the impact of short-term and long-term prediction horizons.
TabPFN achieves the lowest median RMSE among all methods in short term prediction (predicting the 1st half
of the third quarter), but achieves a higher median RMSE than other TSFM approaches and TASC in long term
prediction (predicting the 2nd half of the fourth quarter).

25 25
Method Method
=3 sC I Chronos-panel [ TimesFM-mean =3 sC I Chronos-panel I TimesFM-mean o °
20 A ° @3 RSC Bl Chronos-mean I TabPFN-panel 204 E3 RSC Il Chronos-mean I TabPFN-panel :° 8o
° @ TASC B TimesFM-panel [ TabPFN-TS-panel @ TASC Il TimesFM-panel I TabPFN-TS-panel °°°
- © : : 008 8
151 8
i w
2 2
o o
101
5 4
0 T T T T 0 . T T T
24 48 96 192 1st half Q3 2nd half Q3 1st half Q4 2nd half Q4
# Donors Prediction Horizon (half quarter)
(a) Post-intervention RMSE, NBA (b) Prediction RMSE per half-quarter, NBA (n = 192)

Figure 6: Evaluations on basketball (NBA) score trajectory panel data

C Ablation Study on Synthetic Data

In this section, we provide additional results on simulated datasets. We evaluate the impact of nonlinearity,
correlated and uncorrelated observation noise, temporal trend strength, and pre-intervention period length.
First, in C.1 we examine performance when observation noise is correlated (non-diagonal R) in the same settings
discussed in Section 4.2 where observation noise is uncorrelated. Then, in C.2, we provide results in settings where
observation noise (both correlated and uncorrelated) is low. In C.3 we compare prediction accuracy measured
against the target unit’s true signal y;'7 and noisy observation y;1 = y;{ + r1 and evaluate how TSFM
approaches perform when pre-intervention period ¢t = 1,...,Tj increases. Finally in C.4 we analyze observation
and latent nonlinearity strengths («, 8) separately. In the experiments reported (unless otherwise stated), we
use T = 100, To = 50, N = 50 (n = 49), dirue = 5, and all TSFM approaches are implemented with the *-panel
input method. We evaluate prediction accuracy on 100 generate datasets for each setting.

The following four observations summarize the main findings of this section. (1) When observation noise is high,
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both linear and TSFM approaches (except TimesFM) achieve more accurate true signal predictions when observa-
tion noise is uncorrelated than when it is correlated. (2) TSFM approaches TabPFN, TabPFN-TS, TimesFM offer
advantages over linear approaches when nonlinearity strength is large and observation noise is low. (3) Among
TSFM approaches, Chronos achieves the best true signal prediction accuracy when temporal trends are strong
and linear. (4) When observation noise is correlated: TimesFM predicts the noisy observation rather than the
true signal; TabPFN and TabPFN-TS trend toward predicting the noisy observation when pre-intervention length
increases; and Chronos (as well as linear approaches) predict the true signal.

C.1 ABLATION STUDY ON CORRELATED OBSERVATION NOISE

In this section, we evaluate prediction accuracy on synthetic datasets where observation noise covariance matrix

R is non-diagonal and thus observation noise between donors and target series is correlated. We first evaluate
.. . . s . sig ..

prediction accuracy measuring against the target unit’s true signal y; ; and evaluate prediction accuracy to the

noisy observation v 1 =y, + 1 in C.3.
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Figure 7: Post-intervention RMSE with varied nonlinearity strength when temporal trend is strong (left) and
weak (right). In both cases, observation noise is large and correlated.

First, we vary the nonlinearity strength (o = ) in the simulated data. Figure 7 presents the post-intervention
RMSE under strong (left panel, small @) and weak (right panel, large @) temporal trends when correlated
observation noise is high (large non-diagonal R). All methods tend to yield lower prediction error when the
temporal trend is strong than when it is weak.

In the linear setting (o = 8 = 0) with strong temporal trend, Chronos achieves the lowest median RMSE among
TSFM and linear approaches. In this setting, all methods except TimesFM, achieve a higher median RMSE with
correlated observation noise than is achieved in the comparable setting where observation noise is uncorrelated
(diagonal R). While still achieving the highest median RMSE among all methods in the correlated observation
noise setting, TimesFM achieves a significantly lower median RMSE than when observation noise is uncorrelated.
The performance of Chronos degrades the most as nonlinearity strength increases and Chronos achieves the
highest median RMSE when nonlinearity strength is high (o = 8 = 2).

Consistent with performance when observation noise is uncorrelated, TASC achieves the lowest median RMSE
across all levels of nonlinearity strength when the temporal trend is weak (large @) and observation noise is high
(large R).

Next, we vary the hidden state dimension dy € {2, 5,10, 20} while fixing nonlinearity strength o« = 5 = 0 and
evaluate post-intervention RMSE when observation noise is correlated.

Figure 8 shows the post-intervention RMSE under strong (left, small Q) and weak (right, large @) temporal
trends when correlated observation noise is high (large non-diagonal R).

When temporal trend is strong, Chronos achieves the lowest median RMSE among TSFM and linear approaches
when diqe € {5,10,20} and TASC achieves the lowest median RMSE when diy.ye = 2. While the performance
of TASC and RSC degrades as the latent dimension increases, TSFM approaches and SC are less sensitive to
variations in the latent dimension. The performance of Chronos improves when the latent dimension increases
with Chronos achieving it’s lowest median RMSE when dy;.,e = 20.

When temporal trend is weak, linear approaches TASC and SC achieve lower median RMSE than TSFM approaches
across all dye € {2,5,10,20}. However, the performance of linear approaches degrades as dy. increases -
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Figure 8: Post-intervention RMSE with varied hidden state dimension (dt.) when temporal trend is strong
(left) and weak (right). In both cases, observation noise is large and correlated.

showing a strong performance improvement over TSFM approaches when dy. = 2 but similar median RMSE
when dgrue = 20. TSFM approaches are less sensitive to variations in the latent dimension d.,. compared to
linear approaches.

C.2 Settings With Low Observation Noise
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Figure 9: Post-intervention RMSE with varied nonlinearity strength (o = ) when temporal trend is strong
(left) and weak (right). In both cases, observation noise is small and uncorrelated.

In this section, we evaluate the impact of nonlinearity strength and latent dimension when observation noise
(both uncorrelated and correlated) is low.

Figure 9 shows the results of each approach when observation noise is low and uncorrelated (small diagonal R),
in different settings of temporal perturbation and nonlinearity strength.

TSFM approaches (TabPFN, TabPFN-TS, and TimesFM) achieve lower median RMSE than linear SC approaches
when nonlinearity is large (o = 8 = 2) with TabPFN and TabPFN-TS achieving the lowest median RMSE among
TSFM approaches across all levels of nonlinearity strength.
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Figure 10: Post-intervention RMSE with varied nonlinearity strength when temporal trned is strong (left) and
weak (right). In both cases, observation noise is small and correlated.

Figure 10 provides results when observation noise is correlated (non-diagonal small R).

Compared to setting
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with uncorrelated observation noise, TimesFM post-intervention RMSE is significantly lower with correlated
observation noise. In both cases, where the temporal trend is strong (left, small Q) and weak (right, large @),
TSFM approaches TabPFN, TabPFN-TS, and TimesFM outperform linear approaches when nonlinearity strength
increases and these improvements are more significant when observation noise is correlated.
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Figure 11: Post-intervention RMSE with varied hidden state dimension (di,.) when temporal trend is strong
(left) and weak (right). In both cases, observation noise is small and uncorrelated.

We next consider the impact of the hidden latent dimension d.,.. Figure 11 shows the results of each method
when we vary the hidden dimension dy.. of the data generation process in the linear setting (« = 8 = 0)
when observation noise is uncorrelated and low (small diagonal R). We measure post-intervention RMSE with
dirue € {2,5,10,20} and we set the hidden dimension of TASC and the number of singular values to keep for RSC
as d = diye-

When there is a strong temporal trend (small @) and the rank increases, TSFM approaches outperform linear
approaches: Chronos achieves the smallest median RMSE across all methods when diq. € {10,20}. On the
other hand, when there is a weaker temporal trend (large Q) TSFM approaches offer no advantage over linear
approaches with RSC achieving the lowest median RMSE at all settings of dgye.
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Figure 12: Post-intervention RMSE with varied hidden state dimension (dy,.) when temporal trend is strong
(left) and weak (right). In both cases, observation noise is small and correlated.

Figure 12 shows the post-intervention RMSE under strong (left, small Q) and weak (right, large @) temporal
trends when observation noise is low and correlated (small non-diagonal R). TimesFM achieves a significantly lower
median RMSE when observation noise is correlated than when it is uncorrelated with TimesFM achieving lower
median RMSE than other TSFM approaches when there is a weak temporal trend across all die € {2, 5,10, 20}.

C.3 True signal vs noisy observation prediction

In this section, we report post-intervention prediction accuracy when evaluated against the true signal and
against the noisy observation. When observation noise is correlated across units, these become distinctly different
prediction tasks.

In the linear setting (aw = 8 = 0), this distinction can be formalized by comparing the Bayes-optimal predictors
of y?‘% and y;1 given the observed data. To account for the missing post-intervention target observations,

. . h{
partition the observations and parameters as y; = Yt,1 , T = 31 ,H=|"1| and R = RTl e , where
Yt,2 Tt,2 H, Ry R
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Figure 13: Post-intervention RMSE measured against the true signal and noisy observation in settings with small
and large correlated observation noise.

Ye1,7e1 € R, yro, 20 € R, by € R, Hy € R™? Ry € R, Ry5 € R™™" and Ry € R™*". Then the target and
donor observation equations can be written as y:; = h]—xt + 711 and ye 0 = Hoxy + 14 0.

Let D = {y1.:1,1, Y1:7,2} denote the observed data, and let &, = E[z; | D]. The Bayes-optimal predictor of
the target signal y;‘% = hjz; is E[y?% | D] = E[h{ x; | D] = h{ #;. For the noisy observation y; 1, correlated
observation noise implies that, conditional on z;, the donor residual y; > — Hox; carries information about
the target noise r; ;. Because r;; and r; o are jointly Gaussian with covariance blocks R;, Ri2, and Rj, the
conditional mean of 7, given r; o is R12R2_1Tt72. It follows that E[y,1 | D] = hi & + R12R2_1(yt,2 — Hg:i:t).
Therefore, Ely,1 | D] — E[y;'§ | D] = RioR; "' (g2 — Hady). Thus, when Ry = 0, the Bayes-optimal predictors
coincide, whereas when Rjs # 0, predicting the noisy target includes an additional donor-residual correction
induced by correlated observation noise.

Figure 13 shows post-intervention RMSE for signal prediction (left) and noisy-observation prediction (right) in
the linear setting (a = 8 = 0) under small correlated observation noise (top) and large correlated observation
noise (bottom). The linear methods SC, RSC, and TASC, as well as Chronos, achieve lower median RMSE for signal
prediction than for noisy-observation prediction, with the gap becoming more pronounced when observation noise
is high (R is large). In contrast, TimesFM achieves substantially lower RMSE for noisy-observation prediction than
for signal prediction. In the high observation noise setting, TimesFM has the highest median signal prediction
RMSE among all methods but the lowest median noisy observation prediction RMSE, suggesting a stronger
exploitation of correlated observation noise rather than recovery of the true latent signal. TabPFN and TabPFN-TS
show more similar RMSEs across signal and observation prediction. In Section C.3.1, we show that as the
pre-intervention period increases, TabPFN and TabPFN-TS also trend toward more accurate noisy observation
prediction relative to true signal prediction.

C.3.1 Ablation study on pre-intervention period length

In this section, we continue our evaluation of true signal and noisy observation prediction and analyze the impact
of correlated and uncorrelated observation noise as pre-intervention period (¢t = 1,...,Tp) increases.

Figure 14 shows prediction RMSE for true signal (left) and noisy observation (right) when observation noise is
high and correlated (large non-diagonal R). When Ty = 50 all methods except TimesFM achieve a lower signal
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Figure 14: Post-intervention RMSE with varied pre-intervention period length T, when data generation is linear
and observation noise is correlated. Prediction RMSE is measured against the true signal (left) and noisy
observation (right).

prediction RMSE than noisy observation prediction RMSE. However, when T} increases, TabPFN and TabPFN-TS
trend toward predicting the noisy observation, achieving comparable true signal prediction RMSE to TimesFM.
Linear approaches and Chronos achieve lower true signal prediction RMSE than observation prediction RMSE
across all pre-intervention lengths Ty. Chronos achieves the lowest median true signal prediction RMSE when
Ty = 50 but accuracy degrades as T increases and Chronos achieves a higher true signal prediction RMSE than
linear approaches when Ty = 800. In General, TSFM approaches trend toward predicting the noisy observation
rather than the true signal when pre-intervention period increase with TimesFM, TabPFN, TabPFN-TS showing
significant preference to noisy observation prediction.
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Figure 15: Post-intervention RMSE with varied pre-intervention period length T, when data generation is linear
and observation noise is uncorrelated. Prediction RMSE is measured against the true signal (left) and noisy
observation (right).

Figure 15 shows prediction RMSE in the same setting as above but when observation noise is uncorrelated
(large diagonal R). Unsurprisingly, all methods achieve a lower signal prediction RMSE than noisy observation
prediction RMSE when observation noise is uncorrelated. TASC achieves the lowest median true signal prediction
RMSE when observation noise is uncorrelated - which is likely the result of TASC assumption that observation
noise is uncorrelated. Chronos, TabPFN, and TabPFN-TS, achieve lower true signal prediction RMSE than SC
and RSC showing that in the absence of correlated observation noise, these approaches can recover the true signal
comparably to linear SC approaches.

Figure 16 (correlated observation noise) and 17 (uncorrelated observation noise) show prediction RMSE in the
same two settings as discussed above but with non-linearity strength o« = 8 = 2. In the nonlinear setting,
predicting the noisy observation and the true signal is a more difficult task, but the general trend persists:
TimesFM, TabPFN, and TabPFN-TS trend toward predicting the noisy observation when observation noise is
correlated and all methods achieve a lower true signal prediction RMSE than noisy observation prediction RMSE
when R is uncorrelated. When observation noise is correlated and Ty = 50, Chronos achieves the highest median
RMSE but as T increase achieves a lower signal prediction RMSE than other TSFM methods. When observation
noise is uncorrelated (Figure 17) TabPFN, and TabPFN-TS achieve lower true signal prediction RMSE than linear
approaches when Tj increases showing, again, that in the absence of correlated noise, TSFM approaches TabPFN
and TabPFN-TS can recover the true signal.
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Figure 16: Post-intervention RMSE with varied pre-intervention period length 7, when data generation is
nonlinear and observation noise is correlated. Prediction RMSE is measured against the true signal (left) and
noisy observation (right).
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Figure 17: Post-intervention RMSE with varied pre-intervention period length T, when data generation is
nonlinear and observation noise is uncorrelated. Prediction RMSE is measured against the true signal (left) and
noisy observation (right).

C.4 Comparing Observation and Latent nonlinearity

In this section, we study the impact of latent and observation nonlinearity separately. To evaluate latent non-
linearity we vary a € {0,1,2} when fixing observation nonlinearity strength 8 = 0. Similarly, we fix latent
nonlinearity strength o = 0 and vary 8 € {0,1,2} to evaluate observation nonlinearity.

Figure 18 shows the results of observation and latent nonlinearity when observation noise R is small in settings
where temporal perturbation @ is both small and large. Linear approaches (SC, RSC, and TASC) achieve lower
median RMSE than TSFM approaches in settings with only latent nonlinearity. TabPFN and TabPFN-TS achieve
lower median RMSE than linear approaches in settings with high observation nonlinearity and high temporal
perturbation (large Q).

Figure 19 shows the results of observation and latent nonlinearity when observation noise R is large in settings
where temporal perturbation @ is both small and large. We observe that when observation noise is large, TSFM
approaches offer no benefits (and often show higher median RMSE) when compared to linear approaches (SC,
RSC, and TASC).

Across these different settings of nonlinearity, we find that the performance of Chronos is very sensitive to the
strength of both observation and latent nonlinearity with its median RMSE increasing significantly across many
settings when nonlinearity strength increases from 1 to 2.

D Additional Ablation Tests on (*-flatten) Input Method

In this section, we provide further explanation and evaluation of the (¥-flatten) input method described in
Section 3.

Let the target unit be indexed by ¢ = 1 and donors by i € {2,...,n + 1}. Instead of treating each donor time
series Y; 1.7 as a separate covariate, we construct a single flattened sequence that interleaves donor and target
values across time.
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Figure 18: Post-intervention RMSE on simulation data with low correlated observation noise (small non-diagonal
R)

We flatten the pre-intervention outcome matrix Y7.,41,1:7, in time-major order and append donor outcomes at
To + 1, yielding
Yogi1,---, Y21, Y11, Yat12,..., Y22, Y12,

cey Yn+1yT07 cee 7}/27T0a Y17T0’ Yn+1,T0+17 cee a}/27T0+1]'

This flattened sequence is treated as the historical context for a single “target” series, and the TSFM is tasked
with predicting the next value Y7 7,41.

Chronos(v2) and TimesFM process inputs using non-overlapping patches of fixed length P. When the total
number of units equals the patch length (n + 1 = P), each time slice aligns exactly with one patch.

Under this alignment, each patch corresponds to a full cross-sectional snapshot:
Woirt Yoo s Yo, i)
After shifting by one step for autoregressive prediction, the effective predictive patch takes the form

I:}/l,t717 Y’I’L+1,t7 Y’n,t; ey }/Q,t] )
which combines the previous target value with the current donor outcomes.

Because the default patch size in Chronos(v2) is P = 16 and for TimesFM it is P = 32, we run experiments with
n =15 and n = 31 so that n + 1 = 16 and n + 1 = 32 for Chronos(v2) and TimesFM respectively, achieving
exact patch alignment. In this regime, the patch embedding mechanism encodes the entire donor cross-section
jointly within a single token embedding. This allows the model to process cross-sectional donor structure in a
structured manner before applying temporal attention across patches.
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Figure 19: Post-intervention RMSE on simulation data with high correlated observation noise (large non-diagonal
R)

Figure 20 shows results for three different data-input methods *-panel, *-flatten, and *-mean for Chronos
and TimesFM. For both methods, we run experiments where Ty = 8,16,32,64, T' = Ty + 16, d¢rwe = 5, observation
noise is high (large R) and temporal perturbation is low (small Q). To ensure that the flattened time-series will be
aligned with the patch size of each method, we set n = 15 for Chronos and n = 31 for TimesFM. From these results
we observe that input Chronos-flatten outperforms Chronos-panel. However, TimesFM-panel outperforms
TimesFM-flatten and TimesFM-mean across all Ty € {8,16,32,64}. The success of Chronos-flatten in this
setting without any finetuning to this particular data preparation scheme suggests that this input method could
be useful for SC when pre-intervention periods are short and future work is required to finetune the model to
this particular data preparation mode.

To further study if the benefits of Chronos-flatten are the result of patch alignment we next provide results on
varying the number of donors n for different methods of input for Chronos. Figure 21 reports post-intervention
RMSE for Chronos-panel,*-flatten *-mean across n € {10, 15,20}.

We observe that *-flatten achieves a lower median RMSE than Chronos-panel when n = 15, the case in which
patch alignment holds (n + 1 = P). However, *-flatten performs worse than Chronos-panel when n = 10 or
n = 20, where this alignment is broken.

These results indicate that the performance gains of (¥x-flatten) depend on the structural alignment with the
TSFM’s patch embedding mechanism. When n 4+ 1 # P, donor time slices are split across patches, disrupting
the cross-sectional encoding and degrading predictive performance.

This experiment highlights that Chronos’ inductive bias is sensitive not only to the presence of donor information
but also to how that information aligns with the model’s fixed patching architecture.
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Figure 20: Post-intervention RMSE with varied Ty and T = Ty + 16, nonlinearity strength (o = 8 = 2), large
R, small @ and different data prep methods (left, Chronos with n = 15) and (right, TimesFM with n = 31).
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Figure 21: Post-intervention RMSE for different variants of Chronos input at different number of donors n €
{10, 15,20}. Patch alignment for Chronos-flatten when n =15



