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Abstract

Time-series foundation models (TSFMs) accept known future
covariates, and practitioners use them as what-if simulators:
supply a different future price, setpoint or dose and read off
the forecast. We ask when such a scenario forecast answers
the interventional question. Conditioning on a supplied deci-
sion path equals intervening on it only if no supplied decision
responded to outcome shocks after the forecast origin; for
plans fixed in advance, the model must also know when the
plan was issued. When decisions react inside the window,
the most accurate forecaster gives biased and often wrong-
signed what-if answers, and its factual-accuracy advantage
over the true causal model equals their mean squared dis-
agreement, so factual benchmarks rank it first. We propose a
placebo audit that needs neither ground truth nor declared ef-
fect signs: shift only decisions that act after the forecast target.
In a pilot of 110k forecasts (pre-registered for Chronos-2 and
TimesFM-2.5; Timestral-209M added later and confirmed on
fresh seeds), under reactive control, feedback reversed the sign
of all three models’ what-if answers (to −4.4× the true ef-
fect at the longest context), the bias did not fade with longer
context, and no model showed awareness of when plans were
issued. The audit flagged 22/22 displaced cells of the model
that reads the whole future window (20/21 on fresh seeds),
with no false flags on feedback-free replays; it was border-
line for Chronos-2 and, as predicted, blind to TimesFM’s
same-time covariate pathway. A building-thermal stress test
with switching controllers reproduces the displacement for
Chronos-2 and Timestral, and exposes a second limit of the
audit: future decisions can stand in for omitted drivers.

1 Introduction
Covariate-aware TSFMs are marketed and used for planning.
Chronos-2 lists known future covariates as a native capabil-
ity (Ansari et al. 2025), TimesFM-2.5 (Das et al. 2023) sup-
ports covariates through in-context regression (Won 2026),
Timestral advertises known-future covariates read through
covariate-aware attention (Mistral AI 2026), and vendor tu-
torials show what-if price scenarios on retail data (Nixtla
2026). The same tutorial warns that because prices “were
typically set in response to demand rather than at random,”
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the measured price–demand relationship is “an association,
not a causal effect.” Covariate benchmarks nevertheless score
factual accuracy (Shchur et al. 2025), and recent work reports
what-if failures of TSFMs on closed-loop and confounded
data (Lu 2026; Amria et al. 2026; Won 2026; Wang 2026),
finds factual skill an unstable guide to interventional validity
(Lu 2026), and traces sign reversal in trained world models to
reactive controllers (Zhang et al. 2026). As far as we can tell
(for Lu (2026) from its abstract only), missing are a condition
for when a zero-shot scenario forecast is interventional, an
exact account of why factual benchmarks reward the biased
model, and a check that needs no declared effect signs. For
example, a thermostat heats when the room is cold, so on its
logs more heating predicts a colder room.

This paper makes four contributions.
1. A timing rule. A scenario forecast is interventional when

the supplied decision window is exogenous: no supplied
decision depends on outcome shocks after the origin. Re-
active control, receding-horizon re-planning and plans
re-issued inside the window violate it. A plan fixed at the
origin satisfies it only if the model can tell when the plan
was issued; a model pooled over plan phases is biased
even at issue times.

2. An accuracy–validity identity. The full-path condi-
tioner’s factual-MSE advantage over the true causal model
equals their mean squared disagreement; any forecaster’s
gain requires leakage, which is zero on exogenous win-
dows.

3. A placebo audit that needs no ground truth and no de-
clared effect signs, with its blind spots stated.

4. An evaluation against replay twins, pre-registered for
Chronos-2 and TimesFM-2.5 and extended under the
same frozen rules to Timestral-209M (confirmed on
fresh seeds), with an independent recomputation and a
building-thermal stress test. Feedback reverses all three
models’ what-if answers under reactive control, longer
context does not help, and factual skill ranks the most
biased models first.

2 When Conditioning Equals Intervening
Setting. An outcome Y is driven by decisions A that act
with a one-step delay. A forecaster at origin t sees the his-
tory Ht = (Y≤t, A<t) and a supplied window At:t+H−1,



where As acts on Ys+1. Let It = (Ht, At:t+H−1). The full-
path conditioner Fh = E[Yt+h | It] is what factual train-
ing targets. The interventional forecast Ch(a) = E[Yt+h |
Ht, do(At:t+H−1 = a)] is what a planner needs; write Ch

for Ch evaluated at the realised window. A what-if response
is the change in a forecast per unit sustained shift of the
supplied decisions.
Timing rule. Suppose Ys+1 = g(Y≤s, A≤s) + εs+1 with
innovations independent of the past (no hidden confounder).
If the window is exogenous, At:t+H−1 ⊥ εt+1:t+H | Ht,
then conditioning on the window leaves the distribution of
future shocks unchanged andFh = Ch. If a supplied decision
depends on a post-origin shock, conditioning on it reveals that
shock and Fh ̸= Ch generically. This is the strict-exogeneity
condition behind Granger–Sims tests (Sims 1972; Cham-
berlain 1982), applied to the forecast window. Dropping the
decisions that act after the target (causally ordered condition-
ing) does not repair it beyond one step, because intermediate
decisions respond to intermediate outcomes; only rolling a
one-step causal model forward (g-computation) does (Mel-
nychuk, Frauen, and Feuerriegel 2022; Xiong et al. 2024;
Zare et al. 2026).
Exact illustration. Take Yt+1 = aYt + bAt + σet+1 with
b = 0.4, σ = 1, a stabilising policy gain k = 0.5 and closed-
loop coefficient a − bk = 0.5, so the true one-step effect
is 0.40. Decisions follow one of four regimes: open loop
At = s dt; reactive control At = −kYt + s dt; rolling re-
planning At = −kE[Yt | past]+s dt; and block plans issued
every 8 steps. Here s is excitation and dt is i.i.d. noise. We
compute population responses exactly from Gaussian load-
ings. At s = 0.3 the full-path conditioner’s one-step response
is −1.58 under reactive control and −2.31 under rolling re-
planning; it is exact in open loop and for block plans forecast
from their issue time. Moving the origin 0–7 steps past issue
gives 0.40, 0.40, 0.11,−0.09,−0.37,−0.78,−1.45,−2.95
(Fig. 1a). A conditioner pooled over plan phases, the popu-
lation limit of an in-context learner that is not told the issue
time, gives −1.13 at every origin; with 64-step plans it still
gives 0.11.
Accuracy–validity identity. Ch is a function of It and Fh

is the conditional mean given It, so Y −Fh is orthogonal to
Fh − Ch and

MSE(Ch)−MSE(Fh) = E
[
(Fh − Ch)

2
]
. (1)

For any forecaster G built from It, MSE(Ch)−MSE(G) =
2L − D with D = E[(G − Ch)

2] and leakage L =
E[(Y − Ch)(G − Ch)]. On an exogenous window Y − Ch

consists of future shocks independent of It, so L = 0 and
no forecaster beats the causal model. Under feedback, every
factual gain over the causal model is bought with leakage,
and the most accurate forecaster is the one whose what-if
answers disagree most with the truth. In the linear model the
identity holds to 10−9 in all 264 cells computed, and F beats
C on factual MSE by 2.3–87.2% in all 72 reactive and rolling
cells computed. The identity is elementary. Lu (2026) and
Zhang et al. (2026) observe that skill and validity diverge;
the identity gives the size of the factual advantage and shows
that it vanishes on exogenous windows.

Placebo audit. With a one-step delay and no anticipation,
Ch does not depend on decisions that act after t + h. We
shift only those decisions and measure the placebo response
P ; any P ̸= 0 shows non-causal use. This is a negative-
control exposure (Lipsitch, Tchetgen Tchetgen, and Cohen
2010) applied to the model’s responses rather than the data.
With Reff the response to the decisions that can affect the
target, we flag a cell when π = |P |/(|Reff | + |P |) ≥ 0.2
and |P | exceeds three across-seed standard errors. In the
linear model the rule flags 56 of 57 displaced feedback cell-
horizons and none of 27 exogenous ones. Frozen and applied
to policy gains it was not tuned on (k = 0.25, k = 1), it flags
43/44 and 70/72 with no false flags in 2 × 126 exogenous
cases. A zero placebo response is necessary, not sufficient.
A forecaster that ignores covariates passes trivially. So does
a forecaster whose bias runs only through decisions that can
affect the target: a same-time covariate regression, which is
TimesFM-2.5’s default covariate pathway, hasP = 0 exactly
yet a reactive response of −0.71 against a truth of 0.40.

3 Pilot Evaluation
Protocol. For Chronos-2 and TimesFM-2.5, hypotheses,
thresholds, the extension rule and the decision rules were
fixed in a configuration file before any forecast; Timestral was
run later under the same rules; expectations were recorded
before every run and failed expectations are reported. Each
instance is an independent simulated series. The grid covers
open loop, reactive control, rolling re-planning, block plans
forecast from issue time, and block plans forecast four steps
after issue, at s ∈ {0.3, 1} and context T ∈ {256, 1024},
with 50 instances per cell plus one pre-registered exten-
sion to 100. Each response is an antisymmetric paired query
(Q(+δ)−Q(−δ))/2δ, with δ one standard deviation of the
context decisions and h ∈ {1, 4}; the readout is the median
forecast.

Replay twins. An open-loop baseline cannot separate feed-
back from a model’s own attenuation or from its reaction to
autocorrelated decisions. Each closed-loop instance there-
fore gets a replay twin: the same decision sequence fed into
the same plant with independent noise, which is exogenous by
construction. The feedback displacement is ∆ = ρ − ρtwin,
with ρ = R/τh the response relative to the true effect τh
(τ1 = 0.40, τ4 = 1.01). A second, σ-matched twin rescales
the noise so that the outcome variance matches; A cell is
one model, regime, excitation s and context length T ; a cell-
horizon adds h. A cell-horizon is displaced if ∆ ≤ −0.25
and its 95% percentile bootstrap interval over instances lies
below 0, and undisplaced if |∆| ≤ 0.10 with the interval
inside (−0.25, 0.25). Reactive and rolling cells count as dis-
placed only against both twins. A cell is assessable if the
lower 95% bound of ρtwin, computed on 20 separate twins,
exceeds 0.2.

Hypotheses.
• H1: at least 12 of the 16 reactive and rolling cell-horizons

are displaced downward, and the bias does not fade with
context (median |∆1024|/|∆256| ≥ 0.75).
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Figure 1: (a) Exact one-step what-if response of the full-path conditioner under block plans, by forecast origin; the phase-pooled
conditioner (dotted line) is biased at every origin. (b) Pilot: placebo score π against feedback displacement ∆ for every closed-
loop cell-horizon (filled) and its replay twin (hollow, plotted at ∆ = 0). The dashed line is the flag threshold π = 0.2. Timestral
separates cleanly; TimesFM’s placebo response is exactly zero; Chronos-2 has two flagged twin cells, one just above the π
threshold (π = 0.20) and one just above the three-SE bar (π = 0.27).

• H2: does the model know when plans were issued (paired
difference between after-issue and issue-time displace-
ment)?

• H3a: flag sensitivity of at least 75% on displaced cells,
with at most 10% of replay twins flagged.

• H4: predictive intervals ignore non-identification. This is
tested on two worlds with identical histories but causal
gains 0.4 and 1.2; an interval narrower than 3.07 at a
query three decision-standard-deviations off-policy must
under-cover in one world.

Models and harness. We run Chronos-2 (chronos-
forecasting 2.3.2), TimesFM-2.5 with XReg in its default
xreg + timesfm mode, and Timestral-209M, all zero-
shot on CPU. Timestral was released during the study and
added after the other two models’ results were known. Its
outcome was therefore confirmed on a fresh seed base before
we report it. The harness gate passed with no repair:
• reference conditioners and an ARX oracle matched their

exact population values in 159/160 comparisons;
• a planted leaky forecaster was flagged in 36/36 cell-

horizons;
• TimesFM’s decision-time response on reactive logs was
−1.580± 0.005, against −1.58 predicted.

An independent re-implementation of the analysis, run on
the raw Chronos-2 and TimesFM-2.5 forecasts, agreed on
every count and outcome, and the same code reproduced
Timestral’s outcomes; all outcomes are also unchanged under
50 alternative bootstrap seeds.

4 Results
Feedback reverses all three models. Under reactive con-
trol at low excitation, the models’ what-if responses are
−4.02, −1.76 and −4.36 times the true effect. On the replay
twins of the same instances, which have the same decisions

without feedback, they are +0.32, +1.39 and +1.13. H1 is
supported for every model (Table 1). The bias does not fade
with four times more context: the context ratios are 1.30, 1.01
and 1.17, so it grows for Chronos-2 and Timestral. TimesFM
matched every population prediction we recorded before run-
ning it, including its two cells displaced by less than the 0.25
bar (∆ ≈ −0.21) and its reactive response (ρ = −1.76 pre-
dicted; −1.76 and −1.77 observed at T = 1024 and 256).

No model knows when plans were issued. Forecast from
a plan’s issue time, where a phase-aware conditioner is exact,
all three models are as displaced as four steps later (Chronos-
2 and TimesFM: |D| ≤ 0.10 in 7/8 pairs; Timestral inconclu-
sive on the pilot seeds and pooled, 6/8, on the fresh seeds).
This matches the pooled-conditioner prediction: absent an
issue-time covariate, advance plans are not a safe harbour.

The audit separates the three interfaces. Timestral reads
the whole future window and responds to decisions after the
target. The audit flags all 22 of its displaced cells, flags none
of its 16 replay twins, and repeats this on fresh seeds (20/21,
0/16). Chronos-2 is flagged in all 12 displaced cells, but
two of its 16 twins are also flagged (π = 0.20 and 0.27).
It thus reacts slightly to future decisions even when they
are exogenous but autocorrelated, a specificity cost we had
named in advance. The 12.5% twin rate falls between the
support and refutation bars. TimesFM’s in-context regression
reads only the decision that acts on each target step, so its
placebo response is exactly zero and the audit cannot see a
bias that H1 shows is there. This blind spot was predicted
from the interface’s source code before any forecast.

Factual skill rewards the wrong model. The identity
predicts that a full-path model can beat the true causal
model on factual MSE exactly where its what-if answers
are worst. Timestral beats the causal model in 8/8 feedback
cell-horizons, with an MSE ratio as low as 0.19, while its



Chronos-2 TimesFM-2.5 Timestral
H1 displaced/assessable 12/12 14/16 16/16

context ratio 1.30 1.01 1.17
outcome supported supported supported

H2 issue time pooled pooled inconcl.
H3a sensitivity 12/12 0/18 22/22

twin flags 2/16 0/16 0/16
outcome inconcl. refuted supported

H4 coverage at c=0 0.30 0.775 0.115
outcome n/a supported n/a

ρ reactive, s=0.3, h=1 −4.02 −1.76 −4.36
replay twin ρtwin 0.32 1.39 1.13

Beats causal (factual MSE) 7/8 (6) 3/8 (0) 8/8 (6)

Table 1: Pilot outcomes after the single pre-registered exten-
sion (pre-registered for Chronos-2 and TimesFM-2.5; Times-
tral is a later arm run under the same rules). “n/a”: the H4
precondition (calibration at the logged policy) failed. Times-
tral on fresh seeds: H1 16/16 (ratio 1.13), H3a 20/21 with
0/16 twin flags, H2 pooled. “Beats causal”: feedback cell-
horizons at T=1024 where factual MSE is below the true
causal model’s; in brackets, those with the 95% interval of
the MSE ratio below 1. H3a sensitivity also counts displaced
block-plan cells forecast four steps after issue. c: query off-
set in decision standard deviations; intervals are 10–90%
quantiles (nominal 80%). Reference: the ideal full-path con-
ditioner gives ρ = −3.91 (twin 1.01) in the same cell; the
causal model gives 1.

what-if answer is −4.4× the truth; Chronos-2 does so in 7/8.
TimesFM, which leaks less, has a point ratio below 1 in 3/8,
none with an interval below 1 (against 6/8 for both other
models). In open loop no model reliably beats it. A factual
covariate benchmark built on feedback logs would therefore
rank Timestral and Chronos-2 above the true causal model.

Intervals and non-identification. TimesFM’s interval
width is identical for every query (2.52), because, in its source
code, the covariate term is added to every residual quantile
without widening them. Its coverage falls from 0.775 on-
policy to 0.005–0.015 in the world with the larger causal
gain at queries three standard deviations off-policy (H4 sup-
ported). Chronos-2 and Timestral were too narrow at the
logged policy (coverage 0.30 and 0.115) for the test to apply.
Timestral’s intervals do widen off-policy (from 0.32 to 8.06).

5 Building-Thermal Stress Test
To test whether the findings depend on the linear toy, we
simulate an hourly two-node thermal room heated by a heat
pump. Its efficiency depends on outdoor temperature To,
which follows a diurnal cycle plus persistent weather noise
and solar gain, and power is clipped to [0, 3] kW. The plant
is linear in applied power given To, so true effects follow ex-
actly by shared-noise simulation; the controllers are nonlin-
ear. We log four regimes: a hysteresis thermostat; a one-step
receding-horizon controller (MPC); a day-ahead schedule
forecast from midnight, its issue time; and the same schedule
forecast from 20:00, a window that straddles the next plan.

∆ at h=1 displaced twin flags
thermostat MPC (of 4) (of 8)

Linear (u only) −0.40 −0.40 4 8
Linear (u, To,hour) −0.85 −1.13 4 0
Chronos-2 −0.50 −0.86 3 4
TimesFM-2.5 −0.05 −0.15 0 0
Timestral −0.55 −0.61 4 1

Table 2: Thermal stress test (100 instances per cell,T = 1024
hours). Displacement against replay twins sharing the deci-
sion and weather paths. No forecaster is displaced (∆ >
−0.25 throughout) for the day-ahead schedule at either ori-
gin.

Models receive power and To (a perfect weather forecast) as
known covariates; queries shift power only. The gate passed:
an oracle with the true dynamics was exact, a planted leak
was flagged 8/8, and feedback was present (correlation of
heat-pump power u with indoor temperature Ti: −0.58 and
−0.59 under thermostat and MPC, −0.01 in open loop).

Findings. Feedback displacement survives switching con-
trol. Chronos-2 is displaced in 3/4 thermostat and MPC cell-
horizons, and its MPC response is wrong-signed (ρ = −0.35
against +0.51 on the twin). Timestral is displaced in 4/4, at-
tenuated rather than reversed (ρ = +0.31 against +0.86
under the thermostat), and the audit flags all 4 displaced
cells with 1/8 twin flags. TimesFM is barely displaced here
(|∆| ≤ 0.16). Its regression includes To, which may absorb
much of the confounding, but we have not established why.
The thermal setting exposes a second limit of the audit. A
linear conditioner given only the decisions flags every re-
play twin: the logged decisions were computed from weather
forecasts and the solar cycle, so future decisions stand in for
future drivers the conditioner was not given. GivenTo and the
hour, the same conditioner flags no twin. Chronos-2, which
also receives To, still flags 4/8 twins. A placebo flag therefore
indicates that a model responds to decisions after the target,
which is non-causal use, but not necessarily feedback; replay
twins that share the drivers are what separate the two.

6 Related Work
TSFM what-if evaluation. Lu (2026) evaluate four covari-
ate TSFMs on three simulators with observed, off-support
and hidden confounders. They find that factual skill is an
unstable guide to interventional validity (rank correlation
+0.80 and−0.80 across simulators) and report sign inversion
under hidden confounding. We could compare only against
its public abstract. We study feedback with no hidden con-
founder, and add the timing rule, the identity, which predicts
when skill and validity align, and the placebo audit. Am-
ria et al. (2026) show that TSFMs used for control need
independent excitation in context. Won (2026) report memo-
ryless covariate interfaces in TimesFM-2.5 and TabPFN-TS
and attenuated responses in Chronos-2 on open-loop plants.
Wang (2026) document wrong-signed effects of naive fits on
closed-loop building data. WhatIf-Bench (Ashok et al. 2026)
measures extrapolation to novel covariate settings, without



feedback. Berthelier et al. (2026) probe simple covariate rela-
tions. Zhang et al. (2026) show that accuracy and mechanism
consistency diverge in trained time-series world models and
attribute sign reversal to reactive controllers. Their check
needs declared effect signs, ours does not, and we add the
timing rule and the identity.

Causal forecasting. The gap between conditional and in-
terventional forecasts is classical (Vankadara et al. 2021;
Antolín-Díaz, Petrella, and Rubio-Ramírez 2021), as are
strict versus sequential exogeneity (Chamberlain 1982;
Bonhomme 2025), time-varying confounding and its g-
computation repairs (Melnychuk, Frauen, and Feuerriegel
2022; Xiong et al. 2024; Zare et al. 2026), and causal eval-
uation of deep forecasters (Crasson, Nabet, and Lécuyer
2024). Synthetic interventional benchmarks exist (Thumm,
Anthony, and Chen 2026; Jang et al. 2026). Our contribution
is to turn these principles into a timing rule, an identity and
an audit for zero-shot covariate interfaces, and to test them.

7 Limitations and Recommendations
Our theory is exact only for the linear-Gaussian model, and
all evaluations use simulators: real logs carry no interven-
tional ground truth. The audit is a one-sided test. It is blind to
same-time covariate interfaces, it can fire on exogenous auto-
correlated decisions (Chronos-2) or on decisions that proxy
omitted drivers (thermal), and it assumes no anticipation,
which announced decisions such as promotions violate. The
models are specific released versions. For practice:
1. read scenario forecasts as interventional only on exoge-

nous windows, and supply the plan-issue time;
2. run the placebo audit: a flag shows that the model uses

decisions that cannot affect the target (through feedback
or proxied drivers), and a pass is uninformative for same-
time covariate interfaces; a Sims regression of outcomes
on future decisions tests the log itself, which we did not
evaluate here;

3. do not select models by factual covariate benchmarks on
feedback logs;

4. when the one-step effect is identified, roll a causal one-
step model forward instead.

Code, pre-recorded configurations and all run records will
be released.
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