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ABSTRACT

Adapting to latent-confounded shift remains a core challenge in modern Al. Such
shift is driven by hidden variables that induce spurious, non-transportable corre-
lations between inputs and outputs. A practical failure mode arises when fine-
tuning pre-trained foundation models on confounded data (e.g., where certain text
tokens or image backgrounds spuriously correlate with the label), leaving models
vulnerable at deployment. We introduce causal fine-tuning, which frame model
adaptation as an identification problem and pose an explicit causal model that de-
composes inputs into low-level spurious features and high-level causal represen-
tations. Under this family of models, we formalize the assumptions required for
identification. Using pre-trained language models as a case study, we show how
identifying and adjusting these components during causal fine-tuning enables au-
tomatic adaptation to such shift at test time. Experiments on real-world stress-test
benchmarks demonstrate that our method outperforms black-box domain general-
ization baselines, highlighting the benefits of explicitly modeling causal structure.

1 CONTRIBUTION

Distribution shift is a fundamental challenge for many modern machine learning systems (Huang
et al.,|2006; D’ Amour et al., |2022)). In practice, such shift is often implicit and confounded (Veitch
et al.,|2021}; |Alabdulmohsin et al., [2023)): latent variables induce spurious, non-transportable (Pearl
& Bareinboim, 2011} Jalaldoust & Bareinboim) [2024) correlations between inputs and outputs, and
their distributions can vary arbitrarily across different environments. We refer to this broader class
of distribution shift, arising either directly at the confounder level or through interactions involving
confounders, as confounded shif

Examples include deploying models across different hospital populations (Caruana et al., |2015),
handling corrupted and adversarial image inputs (Hendrycks & Dietterich, 2019 [Ilyas et al.||2019),
and stress testing models (D’ Amour et al., [2022). To address such robustness concerns, previous
work has explored feature augmentation and regularization (Hendrycks et al.,[2019; Xie et al., 2020;
Zhang et al., 2020bj Tu et al., |2020), as well as learning invariant features across domains (Arjovsky
et al.l 2019; |Ahuja et al.l 2020; [Heinze-Deml & Meinshausen 2021)). Although effective in certain
settings, these methods typically assume stable invariant features across environments. However,
they do not explicitly account for latent-confounded shift, where observed features may carry spuri-
ous correlations that vary across environments but still contain a valid predictive signal. This issue
is particularly challenging in unstructured data, such as natural language, where domain labels are
often unavailable and confounding factors are implicit (Yuan et al.,[2023).

Foundation models (Bommasani et al. 2021), such as BERT (Kenton & Toutanova, 2019),
GPT (Brown et al., [2020), and CLIP (Radford et al., |2021)), have become the standard for down-
stream learning. However, when fine-tuned on data with latent confounding, they often exploit spu-
rious correlations that do not generalize across environments (Lv et al.,2022;(Qiao & Low}2024)). In
Figure a), we illustrate this with a sentiment classification task where the data source (Amazon or
Yelp) serves as a latent confounder U, correlated with the sentiment label. During training (denoted
by the environment or regime index o = train (Dawid, [2021)), the “positive” sentiment tends to co-
occur with Amazon reviews, while the “negative” sentiment is associated with Yelp reviews. In the

I'This generalizes the notion of “confounder shift” to include cases where the confounder itself may not
shift, but its interactions with other variables induce distributional changes.
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Figure 1: (a) Regime variable o indexes data generation regimes, with an example of shifting corre-
lations. Sentiment is associated with the data source: Amazon with positive sentiment and Yelp with
negative sentiment, which reverts in the test regime. (b) Dashed vertices represent hidden variables
and square regime vertices represent interventions, perturbations or changes of environment. The
graph indicates that the mechanism into X may change according to regimes indexed by a regime
variable o. For instance, when a ¢ = do(z) operation is performed (Pearl, 2009), the edge between
U and X is removed, indicated by a red cross. In general, o indexes arbitrary distributions (Dawid,
2021).

test setting (o = test), this correlation reverses. Part (b) shows the underlying causal graph: there
is an interaction between the environment (denoted by the index o) and the confounder U in the
generation of X. In the classical framework of |Pearl| (2009), 0 = do(z) denotes the regime where
X is fixed to . As the conditional distribution p(u | x; o) changes across environments, models that
are only trained on data generated via p(u | 2; 0 = train) will fail to generalize. Such correlations
are not hypothetical: platform identifiers, annotation artifacts, and dataset collection heuristics often
create precisely this kind of spurious linkage in practice (Gururangan et al., 2018} [Sagawa et al.,
2019).

In this paper, we address this issue by proposing a causal framework for fine-tuning under latent-
confounded shifts by interpreting the process as a causal identification problem. We define causal
fine-tuning as the process of learning a causal mechanism during fine-tuning. Specifically, this
works by identifying latent structures that enable a principled decomposition of the input signal into
stable (invariant) and spurious (environment specific) components, thereby enabling robust general-
ization under confounded shifts. Our key insight is to exploit scenarios where it can be assumed that:
i) low-level features of the input signal are invariant but distribution shift between training and test
regimes; ii) they cause high-level features and the label, with the former possibly changing in distri-
bution at test time. Unlike covariate-shift scenarios, the conditional distribution of the label is also
exposed to changes. By applying a causal adjustment strategy to these representations that exploits
the fact that we have two views of the unstable features (unsupervised and fine-tuned), we produce
robust and adaptive predictions without requiring multiple environments or domain annotations.

Our contributions are as follows. (1) Modeling: we analyze processes where input feature gener-
ation is hierarchical and responds differently to environmental changes. Where it can be plausibly
assumed, the existence of low-level features that are invariant between training and test time can be
exploited to decouple spurious and invariant components of high-level features. Care is still needed,
as spurious associations can still propagate when conditioning on the observed signal, analogously
to Figure [T(b) (Section [)); (2)Algorithm: we propose a practical method that decomposes repre-
sentations into invariant and spurious components and integrates a causal adjustment strategy into
standard fine tuning pipelines; (3) Empirical results: we demonstrate improved generalization un-
der confounded-shift on real-world datasets with controlled spurious correlations injected to mimic
deployment artifacts (Section [6); and (4) Ablation: we analyze the role of key components in the
algorithm and their impact on robustness and predictive performance (Section|[6).

2 RELATED WORK

Distribution shift is fundamentally an ill-posed problem without assumptions: the mapping between
x and y may change arbitrarily across domains (Huang et al., [2006). A central question is: which
parts of the data-generating process remain invariant across environments? Causal inference, in
particular transportability theory (Pearl & Bareinboiml 2011 Jalaldoust & Bareinboim, |2024)), pro-



Under review as a conference paper at ICLR 2026

vides a principled framework for answering this by characterizing how and when causal knowledge
can be moved between environments. The most common assumptions in the literature are covariate
shift (Magliacane et al., 2018} [Shimodairal 2000) and label shift (Buck & Gart, [1967). Building on
these assumptions, some lines of work explore methods that learn causally robust invariant features
®(x) based on the covariates across multiple environments (Arjovsky et al.l2019;|/Ahuja et al., 2020;
Von Kiigelgen et al., 2021 |Yue et al.|[2021} Mitrovic et al.,|[2021; Shi et al., 20215 |Kong et al.,{2023)).
Another line of work explores counterfactual reasoning and data augmentation techniques (Kaushik
et al.,|2019; Ben-David et al., 2022} [Le et al., [2023; [Feder et al., [2023)).

More recently, there has been a growing interest in causal representation learning, which aims to
learn disentangled latent representations that capture the underlying causal structure and enables
models to generalize across domain shifts. Existing work focuses on learning stable causal latent
variables (Sun et al 2021} [Lu et all) [2022; [Lv et all [2022), invariant predictors (Veitch et al.,
2021} Jiang & Veitch| [2022), or compositional models (Bravo-Hermsdorff et al.l 2023} [Yu et al.,
2024). These approaches often require multiple environments or proxy variables, which can be
impractical to acquire or augment, particularly for unstructured data (Chalupka et al.| [2017). We
build on this body of work by treating a pre-trained foundation model as an implicit environment for
data augmentation, on top of the fine-tuning data, allowing causal representation learning with single
domain fine-tuning data only. Once the latent variables are learned, causal adjustment formulas are
adopted to generate predictors that are robust to domain shift, with two common receipts being
back-door adjustments (Yue et al.,|2020; |[Zhang et al., 2020a), and front-door adjustments (Li et al.,
2021; Mao et al 2022; [Nguyen et al., [2023). Front-door adjustments have become a promising
choice due to hidden confounding variables between input signals and outputs. Motivated by the
recent success of these methods, we propose a method to construct a front-door in the context of a
fine-tuning pipeline, achieving improved OOD robustness under confounded shifts.

3 PRELIMINARIES

Motivation. Our proposal encodes invariance assumptions into graphical causal models with ex-
plicit regime indicator variables (Pearl, [2009; |Dawid, [2021)). In particular, we consider the scenario
where input X is allowed to cause label Y, but not vice-versa, with the possible presence of hidden
confounders U. Graphically, this setup is depicted in Figure [T[{b). To accommodate distribution
shifts, we further assume that changes from training to test environments involve an intervention (or
perturbation, or regime), denoted by the regime variable o, which modifies the influence of U on X.
Data are observed only under the training regime denoted by o = train. We want to be safe to build
a predictor for an unknown environment denoted as ¢ = test, where the conditional distribution
p(x | u; o = test) can potentially arbitrarily differ from p(x | u; o = train).

Intuition and principles. Let us first explicitly analyze why distribution shifts under our postu-
lated structure lead to machine learning classifiers failing.

Proposition 3.1 Let a causal model, following the structure shown in Fig.[I{b), represent the source
(train) and target (test) domains of some probabilistic system resulting from regimes o = train and
o = test, with respective implied distributions p(y | ) := p(y | ;0 = train) and p*(y | x) :=
p(y | x; 0 = test). Then, in general, p(y | x) # p*(y | ). O

This follows directly from the law of total probability over U, below assumed to be discrete without
loss of generality:

ply | ;o) = Xu:p(y |w, @ 0)p(u|w50) =Y plyluz) plu]o).

u . .
does not change with o changes with o

This implies that a predictor learned under ¢ = train is not transportable (Pearl & Bareinboim)
2011} Jalaldoust & Bareinboiml [2024)) in this setting even when o affects neither U nor Y directly.
If we are serious about exploiting the postulated causal structure, we must make use of the fact that
the change from p(y | ;0 = train) to p(y | x;0 = test) boils down to the difference between
p(u | ;0 = train) and the unknown p(u | x; o = test). One possibility is to address it in a minimax
way, akin to distributionally robust optimization (Duchi & Namkoong| 2021}, where we minimize
our loss with respect to all distributions p*(u | «; 0 = test) which are “close” to p(u | z; o = train) in
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some sense. However: i) in general we will not be able to identify p(u | x; ¢ = train) nor p(y | x, u)
to begin with; ii) the meaning of U is in general unclear anyway, making any assumptions about
closeness of p*(u | x; 0 = test) and p(u | x; o = train) scientifically vacuous at best; iii) it inherits
all shortcomings of the minimax approach, being harmfully conservative when p(u | z; 0 = test)
and p(u | x; o0 = train) are close.

Maximum-entropy as a default choice. We propose following a default regime built from a
maximum-entropy distribution p(u | x; 0 = default) that respects the marginal constraint p(u; o =
default) = p(u;0 = test). A trivial solution is p(u | x;0 = default) = p(u;o = test), the lat-
ter which is also knowable by assumption: p(u;o = test) = p(u;o = train). This also means
that p(y | #;0 = default) = p(y | ;0 = do(x)), since our causal structure assumption implies
plu;o = s*) =plu;o = s) and p(y | z,u;0 = s*) = p(y | z,u;0 = s*), for all values s*, s**
in the scope of o.

We thus reduce this to the problem of training our model as if it came from the regime o = do(zx),
but using data collected under ¢ = train. Unfortunately, it is a well-known result that, assuming
no more than the Markovian factorization implied by Figure[I|b), the distribution p(y | do(z)) :=
p(y | z;0 = do(x)) is not identifiable: it follows from the completeness of Pearl’s do-calculus
(Pearl, [2009). To that effect, in the sequel we will assume a more fine-grained structure for X, as
well as making explicit use of fine-tuning data.

4 ASSUMPTIONS FOR CAUSAL FINE-TUNING

In this section, we introduce the identification theory for p(y | do(x)) and the structural assumptions
required for identifiability, then discuss their implications for practical applications. Standard super-
vised learning makes no distinction between “causal features” and “non-causal features”. Moreover,
concepts such as do(x) may be ill-posed when the object of intervention is unstructured (Chalupka
et al., 2017), such as raw text. We start by postulating which representations of X are assumed to
follow a causal structure. More intuition of this formulation is discussed in Appendix D}

Assumption 4.1 (Functional Decomposition) We assume access to a triplet of measurements
(Ro, R1,®) = f(X) for some function f, defined non-constructively, as follows: (i) (Ro, R1) is
a paired representation of X. The mapping to Ry is learned using self-supervised learning with
unlabeled data. The mapping to R, is learned during supervised fine-tuning with labeled data un-
der the training environment o = train; (ii) local features ® are low-level features implied as a
by-product of the fine-tuned model (e.g., combinations of earlier layer features that cause high-level
feature Ry in the last layer). O]

In the sequel, we will explicitly describe the computational procedure that constructively defines
this mapping (Rg, R1,®) = f(X). It is to be noted that an intervention do(x) will be defined as
do((Rg, R1,®) = f(x)), which we will sometimes denote as do(rg), do(ry), do(®).

Under this choice of abstraction, we postulate a causal structure with (Rg, Ry, ®) interacting with
causal latent variables C' and two sets of “spurious” latent variables Sy and Si, spurious in the
sense that only C is a causal parent for output Y. We define Sy as the latent spurious features of
pre-training not affected by distribution shifts, and S; are the latent spurious features affected by
the environment index o. The generative model contains these two feature sets as latent variables,
along with structural assumptions about how o, Ry, Ry, ® and Y are connected. Assumptions are
graphically summarized in Fig. [2] and detailed as follows.

Assumption 4.2 (Causal Latent Structure) High-level features {Ry, R1} are indirect measure-
ments of mutually independent variables { Sy, S1,C}. Sy can only cause Ry and Sy can only cause
Ry. The regime variable o can only affect S1. Morever, hidden confounders Ug are common parents
of Ry and ®, and independent hidden confounders Ug are parents of ® and' Y. U

This assumption aligns with prior work in causal learning (Tenenbaum & Freemanl 1996} |Gong
et al., 2016; Heinze-Deml & Meinshausen, 2021; |[Mao et al., [2022). Intuitively, this abstracts the
true complex causal graph into a coarser granularity, encapsulating stable hidden confounders into
C and any other (unstable) non-confounding variables into Sy, S7. It also postulates a principle: any
dependency between Sy and Sy is solely attributed to common cause C'.
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Figure 2: Refinement of the original causal
diagram in Figure [T|b), where X is broken
apart, and abstracted into vectors Ry, R; and
® as described in Section [l More intuition
of this causal diagram is discussed in Ap-

o pendix [D}

Assumption 4.3 (Causal Structure of Distribution Shifts) Regime variable o affects the system
only via S. This also implies that the causal ancestors of Y do not interact with o. [J

This assumption postulates that, for any regime of interest where we deploy our system, the rela-
tionship between causal ancestors and the output Y is invariant. However, it is not the case that we
will be able to optimize the empirical risk on the training data without consequences, since condi-
tioning on the entire input signal { Ry, Ry, ®} will d-connect Y with o (Pearl, 2009): this happens
via active collider paths (Spirtes et al.l 2000) suchas Y < Up — ® «+ Ug — Ry < S1 < o and
Y < C — R; < S1 < o. This makes our predictions dependent on the value of o, in the sense of
Dawid| (2021)), which means being affected by distribution shifts. In what follows, we will rely on
i) the missing edge ® — Y and ii) the ability of deterministically inferring C, as formalized in the
following assumption and theorem.

Assumption 4.4 (Sufficient Mediator) The causal effect of ® on'Y is fully mediated through C.
That is, p(y | do(®),do(c)) = p(y | do(c)). O

Justification. This assumption is sometimes known as a front-door structure (Pearl, [2009) for the
effect of ® on Y. It can be interpreted as having C' as ultimately the only variable driving Y directly,
and relying on this desiderata as the operational definition of C, implying no further latent sources
confounding ¢ and C, or C' and Y, or any other path between ® and Y relying on further (implicit)
hidden variables. We allow confounding between ® an Y.

Theorem 4.5 (Identification for Causal Features C) Assume the structural assumptions encoded
in the causal graph in Fig. 2] Let the mapping between {Sy, S1,C} and {Rg, R1, ®} obey the
invertibility conditions of \Von Kiigelgen et al.| (2021)). According to Theorem 4.4 in|Von Kiigelgen
et al.|(2021), we can deterministically identify C from Ry and R;.

Intuition. This theorem implies that if the causal latent variable C' remains invariant across envi-
ronments (Assumption[4.3)), the distribution shift between representations Ry and R; can be used to
identify C'. For a formal proof of this theorem, please refers to Theorem 4.4 in|Von Kiigelgen et al.
(2021). In the sequel, we will learn this function using the idea presented in Equation [3|

We will now show that we can identify p(y | do(x)) from the pre-trained and training fine-tuning
data. The proof of this result is short and presented in Appendix

Theorem 4.6 (Identification for Causal Transfer Learning) Given the assumptions in the causal
graph in Fig.2|(b) and Theorem the distribution of Y under do(x) can be computed aaﬂ

ply [ do(z)) = > ply| @, c)p(@ | 2')p(a'), (1)
' 2
where c is given as a function of (ro, 1) per Theorem{.3| and (ro,71) are a function of x. U
Invariance implication and pragmatic application. The difference between p(y | x; 0 = test) and
p(y | ;0 = do(x)) in our setup boils down to averaging p(y | ¢, Ug) over p(ug | 9,71, P, c;0 =

test) in the former, and p(uq ) in the latter. When can we say that the latter is an improvement over
p(ug | ro, 71, ®, ¢; 0 = train)? Our claim is that by virtue of the confounder being a cause of local

2®’ is deterministically given by a2, but the above representation in terms of a probability p(®’ | z') is
useful as a way of understanding how to generate ®’.
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Frozen pre-trained model can be removed after causal fine-tuning
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Figure 3: Illustration of our CFT methods. During training, we keep a copy of pre-trained foundation
model for identification purposes, which is removed during inference. Once CFT is done, we get
a model of the same size as the standard fine-tuning but providing functions to decompose input to
causal and spurious features. This allows for adaptation to latent-confounded shifts at test time.

features ® only, and not of the whole of X, the relevance of information passing through (Sp, S1)
via active collider paths only should be limited anyway (Ding & Miratrix, 2014)), unless the test
environment affects it drastically. In this case, we may be thrown away too far from the original
p(ug | 70,71, P, ¢; 0 = train) in unpredictable ways, and the safer bet (“maximum-entropy”) is to
think of p(y | ¢) as being a random measure “py, (y | ¢)” with a conservative prior p(ug) which
comes from the model and is agnostic to the environment. Section [6]will empirically investigate this
in detail.

5 ALGORITHM: CAUSAL FINE-TUNING

In this section, we operationalize the theoretical insights outlined in Section 4] into a Causal Fine-
Tuning (CFT) framework (illustrated in Fig. [3).

Each component of this framework is illustrated via fine-tuning of a pre-trained language model as
a running example: i) supervised fine-tuning, which obtains representations ; from input pairs (X,
Y); ii) learning invariant causal features, which derives causal representation C' from both R, and
Ry, where Ry is the representation directly taken from the pre-trained model; and iii) retrieving
local features, which extracts ® from the fine-tuned model.

After retrieving ®, we use C and ® to adjust for p(y | do(x)). More details can be found in Algo-
rithm [T|for training and Algorithm 2] for inference, both in Appendix [J}

Component 1: Supervised Fine-Tuning The first step is to learn R; from training samples
through supervised fine-tuning (SFT). Assume for exposition purposes that labels Y are binary.
Given a pre-trained model p(rq | z), we learn p(rq | ) with training samples (X, Y") by minimizing
the loss

Lser = E(g )~ [~y logp(ri | z)] . 2)

Component 2: Learning Causal Invariant Feature To learn the invariant causal feature C', we
aim to identify the distribution p(c | 7). This process involves aligning representations from different
environments while maximizing entropy and prevent collapsed representations (Von Kiigelgen et al.,
2021)). The loss function is constructed based on Theorem@

L= By | wop |[IP(]70) = ple | r)I5| = H (ple] 70) = H (p(c| 1)), ()

where z is sampled from p(z) and used to calculate r¢, 1. The first term enforces invariance across
environments. The entropy terms maximize the diversity in representations, reducing the risk of
collapse.

Component 3: Retrieving Local Features This component focuses on constructing local features
®, which are taken from the first k layers of p(r1 | ). In particular, we use the representation from
the k™ layer. In our running example of a pre-trained language model, we use & = 1, which
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is the embedding layer. Our justification is that using the first layer provides a better low-level
signal (LeCun et al., [2015} (Goodfellow et al., [2016}|Yu} 2023). See more discussion in Appendix@

Given input X as a series of tokens where X = [t1,1o, ..., {,,], We can retrieve a vector repre-
sentation for each token ¢. To construct the local feature ®, we divide the token sequence into
non-overlapping patches (we use 10 patches in our experiments, for balancing granularity and com-
putational efficiency), allowing us to rewrite X as patches p where X = [p1,pa, ..., p10] Where

p1 = [t1,t2, .y t%} and so on. After splittligg, we perform mean averaging on these patches to

extract a regional signal such that ® = % Y ieq Di-

Causal Adjustment Based on components 1, 2 and 3, we can get C and ¢ from the observed data
X = z, we then passed C' and ® through a multilayer perceptron (MLP) to adjust for p(y | do(x)).
For full details, please consult the Appendix [J]and the corresponding code.

6 EXPERIMENTS

We evaluated our proposed approach using stress-testing benchmarks based on two real-world sce-
narios. This section summarizes the setup, datasets, baselines, and key results. Detailed description
of datasets and simulators can be found in Appendix [A] while Appendix [B] provides details of the
model architecture. Further analysis and additional results are presented in the Appendix

Datasets. We construct two benchmarks based on widely studied sentiment analysis datasets:
Amazon review and Yelp review (Zhang et al.l 2015). Prior research suggests that spurious in-
formation and dataset artifacts often exist in training data, creating unintended correlations that can
hinder generalization (Gururangan et al., [2018}; [Sagawa et al., 2019; |Veitch et al.l 2021} |Schrouff
et al., |2024). Motivated by these findings, we inject controlled confounders into these datasets to
replicate and amplify such effects in a systematic and reproducible way. We further discuss the value
of this design in Appendix [C] and explain why we do not rely on generative tools such as GPT for
stress-testing in Appendix [}

Baselines and Our Methods. We compare our algorithm with the following baselines: (1) SFTO,
which involves training a linear classifier on a frozen sentence representation extracted directly from
PLMs; (2) SFT (Vapnik, [1998), the typical transfer learning strategy with PLMs, considered as a
very strong baseline (equivalent to performing ERM); (3) WSA (Izmailov et al., 2018 |Athiwaratkun
et al., 2019), which averages multiple points along the SGD trajectory to achieve a more robust
classifier; and (4) WISE (Wortsman et al.| |2022)), which interpolates the parameters of PLMs and a
fine-tuned model to enhance generalization.

Our proposed CFT algorithm follows the exact setup described in Section[d] To analyze the impact
of different representations, we implemented three additional variations of CFT: (1) CFT-N uses
both ® and C to predict Y without applying the adjustment formula from Theorem [4.6] leaving a
causal path between ® and Y unblocked; (2) CFT-C uses the estimated high-level causal variable
C to predict Y'; and (3) CFT-® directly uses low-level spurious features @ to predict Y.

Experimental Setup. Each experiment was repeated 5 times using the AdamW optimizer
(Kingma & Bal, 2015} [Loshchilovl 2017) with a learning rate of 5 x 10~ for all cases, except
for SFTO. There, a learning rate of 5 x 10~* was used. Each model was trained for 10 epochs,
sufficient for convergence. The best model iteration was selected based on performance on a hold-
out validation set (20% of the training data). For training, we randomly sample 5000 points per
class, with a 20% split for validation. For testing, we sample 2000 per class. For training data, we
construct data to contain strong spurious correlations with probability of 90% of the time. We use
the same ratio for the ID test set and, for the OOD test set, we shift this ratio of possible correlation
to be 70%, 50%, 30% and 10%.

6.1 EXPERIMENT 1: SPURIOUS CORRELATION BETWEEN STOP WORDS AND LABEL

Following |Veitch et al.| (2021)), we generate stress-testing ID and OOD data by injecting spurious
correlations between stop words (e.g. “and”, “the”) and class labels. See Appendix [A.2] for more
details.
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Table 1: Main results for Experiment 1, reported as F1 scores with mean averaged value based on 5
runs of different seeds. We presents the Yelp results in the first table and Amazon in the second.

\ Train \ Test

\ Spurious 90% \ Spurious 90%  Spurious 70%  Spurious 50%  Spurious 30%  Spurious 10%
SFTO0 86.24 86.42 71.58 56.82 42.04 26.94
SFT 95.96 92.89 81.89 71.20 60.23 49.24
CFT 98.69 1 2.73 93.03 1 0.14 84.16 1 2.27 75.83 1 4.63 67.06 1 6.83 58.40 1 9.16
CFT-N 97.80 92.35 81.91 71.89 61.46 51.07
CFT-C 98.62 92.99 84.07 75.51 66.62 57.75
CFT-® 92.42 89.30 71.83 54.41 36.91 19.08

\ Train \ Test

\ Spurious 90 % \ Spurious 90%  Spurious 70%  Spurious 50%  Spurious 30% Spurious 10%
SFTO0 87.99 87.90 70.42 52.80 35.26 17.83
SFT 96.56 92.39 81.61 70.77 59.97 49.33
CFT 98.58 1 2.02 92.37 ] 0.02 83.16 1 1.55 74.25 1 3.48 65.24 1 5.27 56.40 1 7.07
CFT-N 97.24 91.82 80.83 69.76 58.77 48.00
CFT-C 97.58 92.24 82.35 72.62 63.01 53.40
CFT-® 90.63 89.83 70.46 51.06 31.71 12.40

B &S B & & B &S B & % L

Figure 4: Box-plot over 5 runs for 4 methods (SFT, CFT, CFT-N and CFT-C). Some methods from
Table [I] are not included as they are significantly worse. This is a visualisation of the Amazon
dataset. Yelp shows a similar trend (Fig@, Appendix).

Results. The main results are presented in Table[I] with visualizations for the Amazon dataset over
5 runs in Fig.[d] These results demonstrate the superiority of our model against the strong baselines.
We observe a significant performance drop in both SFT0 and SFT when the distribution of spurious
features shifts, indicating that standard fine-tuning methods struggle to handle spurious correlations
in OOD settings. However, we observe that SFT consistently outperforms SFTO for both ID and
OOD settings, highlighting the effectiveness of “knowledge transfer” in improving representation
quality. Among all learning algorithms, our proposed CFT method provides the most promising
predictors. Compared to CFT, the CFT-N conditions on ¢, which introduces an active collider path
between o and Y, namely 0 — S; — Ry < ® < Y (Spirtes et al., 2000; [Pearl, 2009), where
S1 is unobserved, but R; and ¢ are observable functions of X. This means that this predictor
gets exposed to changes in distribution as indexed by . We observe that the drop in performance
compared to CFT and this confirms why making predictions under a hypothetical do(z) helps. The
CFT-C variant, which uses only the causal variable C' for prediction, performs well in many OOD
settings, suggesting that PLMs can be considered as a good source of new domain data. However, its
accuracy decreases as the OOD distribution diverges further from the ID data, indicating that relying
solely on C' may limit robustness in extreme scenarios. An intriguing observation is the behavior
of the CFT-variant ¢, which predicts the label using only local features ®. This variant is strongly
correlated to the spurious pattern in the data, highlighting why our methods can work for OOD
settings, as we negotiate large changes for the spurious distribution by sticking to the distribution
do(z). See more discussions on ® in Appendix [E]

6.2 EXPERIMENT 2: SPURIOUS CORRELATION BETWEEN DATA SOURCE AND LABEL

We construct controlled variant of real-world data to mimic the scenario illustrated in Fig. [I] We
build correlations between the source of the data (whether coming from Amazon or Yelp) and the
label, by adding strings such as “amazon.xxx” or “’yelp.yyy” into the sentences, more details in
Appendix We compare our approach with other single-domain generalization baselines to
demonstrate its effectiveness.

Results. The results are consistent with our previous experiments. When compared with the two
baselines, the WISE method does not work too well, perhaps for being more sensitive to the hyper-
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Table 2: Main results for Experiment 2. Averages reported based on 5 runs with different seeds.

\ Train \ Test

\ Spurious 90% \ Spurious 90%  Spurious 70%  Spurious 50%  Spurious 30% Spurious 10%
SFTO0 87.74 87.78 69.57 51.46 33.42 15.26
SFT 94.01 91.39 78.05 64.75 51.36 37.78
SWA 99.99 91.26 80.34 69.63 58.59 4741
WISE 92.87 91.34 76.59 61.77 46.96 31.83
CFT 97.46 1 3.45 90.59 | 0.80 80.32 1 2.27 70.08 1 5.33 59.68 1 8.32 49.22 1 11.44
CFT-N 91.36 89.98 71.31 52.66 33.96 15.05
CFT-C 95.60 91.07 78.93 66.80 54.62 42.25
CFT-® 90.92 89.81 70.49 51.24 32.03 12.60
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Figure 5: Box-plot over 5 runs for 6 methods (SFT, SWA, WISE, CFT, CFT-N and CFT-C). Some
other methods from Tableare not included as they are significantly worse.

parameter that mixes the fine-tuned model and the pre-trained model (we used a default value of 0.5,
which means they are equally weighted). The SWA method worked quite well compared to the SFT
methods, suggesting that stopping at a flat region of the parameter space improves the generalization
of the model (Izmailov et al., 2018; Kaddour et al., 2022)). However, its performance degraded sig-
nificantly under more severe distribution shifts (e.g., the OOD ratio from 70% to 10%), highlighting
its limitation in handling extreme perturbations. In contrast, our proposed CFT approach consis-
tently outperformed all baselines, demonstrating robustness across all OOD settings. Statistical test
on these results are provided in Appendix [G]

6.3 FURTHER ANALYSIS

We conducted a further analysis on (1) level of spuriousness (Fig. , (2) number of training data
(Fig. [§), and (3) number of samples during inference (Fig. [9). All results are presented in Ap-
pendix [H] summarized as: (1) Under different levels of spurious information, our CFT method
consistently outperforms the SFT method by a significant margin. (2) Even with more data pro-
vided, our model CFT consistently outperforms black-box methods (SFT). However, we observe
that when enough data is provided, there is a saturation point where SFT and CFT methods become
indistinguishable for this particular OOD task. (3) We also observed a decrease in performance if
we do not use the interventional distribution do(x) during prediction time.

7 CONCLUSION

We introduced a method for adapting to latent-confounded shift via causal fine-tuning, demonstrat-
ing promising performance in OOD scenarios compared to standard fine-tuning and black-box do-
main generalization methods. Lessons. We recognize that foundation models are already highly
resilient to perturbations. As suggested in (Bommasani et al., 2021}, based on our running example
using text as input, introducing spurious information at the input level requires significant effort.
This highlights the strength of foundation models in managing noisy input variations, but also the
challenge in simulating spurious correlations for testing purposes. Limitations. While we made
extensive efforts to control and simulate spurious relationships that resemble real-world deployment
scenarios, the mechanisms through which spurious correlations emerge in complex, real-world envi-
ronments remain unclear. Hence, handling latent-confounded shifts in real-world data require very
careful thinking, especially in high-stake applications. We hope that our method provides a valu-
able baseline for both academic and industry researchers facing these challenges. Future Work.
One natural direction is to extend our causal fine-tuning framework to multi-modal scenarios, where
latent-confounded variables might live in one modality but interact with another modality, introduc-
ing exciting new challenges.
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shift generalization in pre-trained foundation models, with the aim of improving the trustworthiness
and safety of model post-training.

REPRODUCIBILITY STATEMENT

We have made every effort to ensure the reproducibility of our work. All experiments were con-
ducted using publicly available datasets, and we provide detailed descriptions of data preprocessing
in Appendix [A] Our model architecture, hyperparameters, and training protocols are fully specified
in Section [6] and Appendix [B] We have already included our code in the Supplementary Material
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A STRESS-TESTING BENCHMARKS

We designed two types of benchmarks: (1) benchmark 1: purious correlation between stop words
and label; and (2) benchmark 2: spurious correlation between data source and label.

A.1 GENERAL SETTING

The benchmarks serve as fully (or almost fully) controllable oracles to allow us to stress-testing the
performance of our proposed method. In particular, we have the following parameters:

* Ninin: the total number of training data points.
* Ny the total number of testing data points.

 U: the type of spurious correlation between text input X and label Y.

Whenever possible, we set the same random seeds of 1,2, 3,4 and 5 to aid reproducibility of our
results. For these benchmarks, a different seed indicates that it is a different environment.

A.2 BENCHMARK 1 FOR EXPERIMENT 1

The first benchmark is primary motivated by the experiments in Veitch et al.[(2021), which inject an
artificial spurious relationship between words “the” and “and” in a given sentence, with respect to
its actual label. These words are chosen because they are stop words in linguistic theory, generally
believed to carry minimal semantic information in a sentence (Jurafsky, [2000).

To illustrate this, consider the following text (taken from real data): “It is so annoying and frustrating
to see that the errors from the CSI edition have been brought forward to this edition.” We append
a special suffix to the words “the” and “and.” For binary classification, the suffixes could be either
“xxxx” or “yyyy”. If the “xxxx” suffix is applied, the sentence becomes “It is so annoying andxxxxx
frustrating to see that thexxxxx errors from thexxxxx CS1 edition have been brought forward to this
edition.”

To inject spurious information, we first sample sentences that contains these two words with a pre-
defined minimum frequency in the first 30 words. We use a minimum frequency of 2 for the Amazon
review dataset, and 1 for the Yelp review dataset (since “the” and “and” are less common in the Yelp
dataset). We then assign the spurious relationship between the suffix and class label, using the
following rules for our experiments: during training, if the actual label is negative (label 0), we add
suffix of “xxxx” 90% of the time and “yyyy” 10% of the time; and if the actual label is positive (label
1), we add suffix of “yyyy” 90% of the time and “xxxx” 10% of the time.

This setup is replicated in the in-distribution (ID) test set. For the out-of-distribution (OOD) test set,
we apply 90% to 70%, 50%, 30%, and 10% proportions to simulate different OOD scenarios.

Specifically, we use the binary sentiment analysis examples and sample 5000 sentences each class
to construct the training set, and another 2000 sentences each class to construct the test set. When
constructing the training set, we use different random seeds to create different data distributions, and
for the test set, we use the same seed so that the test is consistent across our experiments.

A.3 BENCHMARK 2 FOR EXPERIMENT 2

Real-world motivation: bias caused by confounded-shift. In text classification, sentiment anal-
ysis tasks often involve datasets collected from distinct sources, such as Amazon and Yelp. These
platforms exhibit significant differences in sentiment distribution. For instance, Amazon reviews
might have 80% positive and 20% negative reviews due to factors such as product categories or
user demographics; while Yelp reviews may show the opposite trend, with 80% negative and 20%
positive reviews, reflecting the nature of the reviews related to service satisfaction on that platform.

Combining such data into a training set can create a seemingly balanced dataset, which has 50%
positive and 50% negative reviews. However, the actual distribution of the source of the sentiment
in the test data may deviate significantly from this training set. For example, the test set could
contain 40% positive and 60% negative reviews for Amazon, and 60% positive and 40% negative
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reviews for Yelp. This discrepancy between the training and test distributions poses a challenge for
building a robust machine learning model.

Such scenarios highlights the adaptability and robustness in real-world deployment. For instance, a
model trained on reviews from users in one region (e.g. Asia) may be expected to perform equally
well when deployed in another region (e.g. Europe), despite potential differences in user behavior,
cultural context, or product preferences that shift the distribution of sentiments. Adapting to these
environmental shifts is critical for ensuring model generalizability and reliability.

Setup. Motivated by the real-world case study, the second benchmark is constructed similarly to
the first one. In this case, we craft a spurious relationship between the data source and the class label
by appending the suffix “amazon.xxx” for data from the Amazon platform and “yelp.yyy” for data
from the Yelp platform. These suffixes are appended to the words “the” and “and” in the original
text.

Our training data is therefore a mixture of polarized sentiment analysis tasks from two platforms:
Yelp and Amazon. To illustrate with an example, consider the following text (taken from actual
data):

“I was extremely disappointed with the breakfast here as well as with their pastries. I had ordered
the burger since I figured a Thomas Keller restaurant should not mess that up; I was very wrong.
The brioche bun did not seem fresh, burger patty was dry and flavorless,”

Since this text is from the Yelp platform, we append the suffix “yelp.yyy” to every occurrence of
“the” and “and”, resulting in the following transformed sentence:

“I was extremely disappointed with the yelp.xxx yelp.xxx yelp.xxx breakfast here as well as with
their pastries. I had ordered the yelp.xxx yelp.xxx yelp.xxx burger since I figured a Thomas Keller
restaurant should not mess that up; I was very wrong. The yelp.xxx yelp.xxx yelp.xxx brioche bun
did not seem fresh, burger patty was dry and flavorless,”.

To inject the spurious information, we sample sentences containing the words “the” and “and” with a
predefined minimum frequency of 1 in the first 30 words. Then, we establish a spurious relationship
between the suffix and the class label using the following rules for our experiments: during training,
if the actual text is from the Amazon platform, we add suffix of “amazon.xxx” 90% of the time and
“velp.yyy” 10% of the time; and if the actual text is from the Yelp platform (label 1), we add suffix
of “velp.yyy” 90% of the time and “amazon.xxx” 10% of the time.

The same setup is used to build an in-distribution (ID) test set. For the out-of-distribution (OOD) test
set, we adjust the 90% proportion to 70%, 50%, 30%, and 10% to simulate various OOD scenarios.

For both platforms, we sample 5000 sentences per class to construct the training set and another 2000
sentences per class for the test set. Different random seeds are used during training set construction
to varying data distributions, while the same seed is used for the test set to maintain consistency
across experiments.

B MODEL DETAILS

We use the “bert-base-uncased” as the backbone for all of our experiments, initialized from the
Huggingface transformers libraryﬂ

B.1 SFTO

In the SFTO model, we freeze all BERT layers and extract the sentence embedding at the “CLS”
token position. A linear layer is then trained to perform sentence classification.

3https://github.com/huggingface/transformers
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B.2 SFT

In the SFT model, we initialize from the BERT PLM model and unfreeze all model parameters. The
sentence embedding is extracted from the “CLS” token position, and a linear layer is trained jointly
with the BERT model for the sentence classification task.

B.3 CFT

In the CFT model, the M1 model uses exactly the same setup as the SFT model (Equ. [2), the C
dimension is chosen as a quarter of the BERT hidden dimension size (Equ. [3), the output dimension
of @ is chosen to be the same size of the BERT hidden dimension size, and the number of patches is
chosen as 10. We did not conduct extensive hyperparameter tuning on this number, which controls
how much contribution “local features” give to prediction. Everything is learned end-to-end.

B.4 CFI-N

The CFT-N model is very similar to the CFT model we defined, except now we use both C' and ®
to make predictions. Conditioning on X introduces a new spurious path between ¢ and Y due to
conditioning of the ® and R! colliders, while S* is unobserved, resulting in the expected drop in
OOD performance.

B.5 CFT-C

In the CFT-C model, only C is used to predict the outcome Y. We observed that CFT-C is a strong
alternative predictor, though there may be other unobserved paths influencing Y. This is why we
introduced @ to enable the front-door adjustment.

B.6 CFT-®

CFT-C uses ® only to predict the outcome Y. We observe that ¢ here captures spurious information.

C THE VALUE OF SYSTEMIC CONTROLED STRESS-TESTING BENCHMARKS

A key distinction in our experiments is that both controlled benchmarks are derived from the same
base datasets. None of the experiments uses the data in its original form. Instead, we systemati-
cally inject spurious correlations (e.g., stop words or platform identifiers linked to labels) to create
controlled distribution shifts. This design ensures that the data used for training and testing differ
significantly, enabling a rigorous evaluation of causal effects. Importantly, the controlled genera-
tion does not produce data based on our assumptions, but as a black-box. Controlled settings are
essential for isolating the impact of spurious features and accurately measuring the causal effect
of our method. By introducing spurious correlations in a structured manner, we replicate realistic
distribution shifts while preserving the underlying causal relationships. This approach allows for
a consistent and repeatable evaluation of model robustness across ID and OOD settings. Far from
being a limitation, this controlled design ensures that our experiments effectively test the ability of
methods to mitigate spurious correlations and generalize to diverse deployment scenarios.

D WHERE DOES THE CAUSAL GRAPHICAL MODEL COMES FROM?

Fist, let us deconstruct our reasoning more explicitly. Let’s do it in a backwards direction, different
from how we presented in the paper (especially in Sec |4) to see how to get to the causal structure
starting from high-level features. In the paper, we took the causal graph as a primitive and let it
“define” C. Here, we will take C as a primitive and “define” the causal graph around it. Although
we think that the “forward” direction given in the paper is more intuitive, this “backward” direction
provides a hopefully useful complementary view.

As commonly done in the causal representation learning (CRL) literature, we frame Ry and R;
not as possible causes of each other, but as measurements of some set of hidden causes, which
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can then be split into “stable” or “causal” hidden variables which are fundamental in the sense
their distribution do not change across environments (C'), and “spurious” hidden variables which do
change (S5). Sometimes the former are called “content” variables and the latter, “style” variables. So
the graph involving C, Ry, R1, So, S1 and (implicitly) o is to some extent standard in this literature.

Now, that low-level features can be understood as causes of high-level features follows the principle
that “macro” properties can emerge from “micro”-states as discussed in more detail by |(Chalupka
et al.| (2017). Manipulation of micro-states leads to changes in macro behavior. A simple example
is the temperature summarizing the kinetic behavior of particles, and how changes to the latter
will modify the former (see (Chalupka et al.| (2017)) for subtler discussions, including a refinement
of what manipulation means in the context of constitutive relationships). The micro-features could
be part of Sy or S1, which in this case, we ignore and let them be marginalized away; or they
can be causes of C. So the second scenario defines ® as the low-level features driving C. (®,C)
are latent variables, and the challenge is less about “believing” the causal structure, which is in
many ways fairly general, but to judiciously decide how to measure them. Although in principle
CRL is a way of trying to derive these latent variables from data, which we partially exploit by
using Theorem [.5] for C' at least, the assumptions are still very restrictive and not applicable to
the low-level/high-level separation scenario. Instead, we rely on modeling assumptions of what
could reasonably instantiate ®, delegating the responsibility to the modeler with insights about the
problem structure and an understanding of what & must operationally imply in its relationship with
other variables. Although we believe our implementation suggestion in Section [5is pragmatically
reasonable across a range of applications (for example, in vision models (e.g. CNNs), the lower
level layer provides a more fundamentally abstract representation such as textures and patterns while
higher level layers provide abstractions such as shapes and geometries Goodfellow et al.[(2016)), the
framework in Section[d]is agnostic to the actual definition of ® and it is open to other formulations of
® based on an understanding of what can possibly drive distribution changes. It provides a novel way
of reasoning about OOD, since this is an ill-posed problem if assumptions are not made constraining
the possible distribution shifts that can take place.

E MORE DISCUSSION ON & AND HOW DO WE KNOW THIS IS WORKING?

Some people will ask: why there is a lack of an edge between o and (parents of) ®? That is a
very pertinent question, and we can take this opportunity of clarifying if better for our readers. The
main motivation is that we assume that ® are by definition the subset of low-level features posed
to represent fundamental building blocks of the signal X that are universal across environments,
while other possible low-level features (sensitive to o) are just absorbed in the latent variables 5.
There is an art, at implementation time, of choosing the appropriate ® for a problem at hand,
which is delegated to the modeler who is expected to have domain knowledge on how different
feature extractors should be combined to form ® (recall that Section [ is agnostic about what such
features are, they are described via their structural properties in a non-constructive way). In our
suggested implementation, using the initial layers of a deep learning system is an assumption that
fine-tuning may latch to spurious shortcuts only at later layers of the tuning network. We believe
there is plausibility and pragmatism in this thought process, and a degree of falsifiability once data
from multiple environments is available. In some interesting way, this turns causal modeling in a
different direction, postulating ideal roles for several variables within a very general structure, with
the real-world modeling challenge delegated to choosing appropriate low-level/high-level features
that are assumed to fulfil these roles.

One of the central problems of causal inference is the choice of an appropriate level of abstraction
(the variables to choose to describe the world). This relates to problems of measurement but also
ambiguous interventions. One example is that doctors used to think that the acid in fruit such as
lemon or orange would heal scurvy in sailors gone on long trips, but the actual mechanism was the
ingestion of vitamin C present in those fruits. This confusion led to advice about ingesting other
acidic fruit that did not happen to carry vitamin C, and hence did not protect against scurvy after
all. This is an example of why choosing the right level of abstraction of a causative factor (fruit vs
a component of it) is important. We propose embedding layers as a pragmatic choice of low-level
features as they encode the less structured signal in comparison to the sentence, which is based on
prior studies showing how large models such as BERT encode different levels of information, and
how embedding layers should contain more fundamental information.

18



Under review as a conference paper at ICLR 2026

Table 3: Statistical test results under 90% spurious correlation.

SFT  SWA  WISE CFT CFI:-N CFT-C

SFT 0.000 0.667 0.865 -0.050 -0.050 0.400
SWA 0.667 0.000 0.751 -0.050 -0.001  0.586
WISE 0.865 0.751 0.000 -0.050 -0.001 0.433
CFT -0.050 -0.050 -0.050 0.000 -0.050  0.204
CFI-N -0.050 -0.001 -0.001 -0.050  0.000 -0.050
CFI-C 0400 0586 0433 0.204 -0.050 0.000

The average over patches of words works a summary over the embedding tokens. Patches are a cheap
way to extract low regional information with minimal assumptions (i.e. regional signal weights the
same) and so is the mean average over patches (each patch weighting the same). Other alternatives
or more sophisticated methods to extract embedding signals into a summary vector can be explored,
but this is not the focus on our paper. We chose this as the simplest form of method without losing
generality to other types of foundation models (for example, this can work for image models too,
considering the case of the mean pooling operation in CNNs).

What we know ¢ works? To provide evidence of the relevance of ® and the way it complements
C, we performed the CFT-® and CFT-C' experiments. As shown in Table [T] and 2] these mean
using ¢ (CFT-®) and C' (CFT-C') as the representations for prediction. It is clear for us that CFT-
C is similar to CFT (although not as good) and it provides a more robust predictor (compared to
other ablations) when latent confounded shift happens; while CFT-® nearly perfectly captures the
spurious signal in each environments. One way to understand the degree of their contribution is to
check how the performance changes proportionally to the spurious ratio in new environments.

F CAN WE USE GENAI TO STRESS-TESTING MODELS AND WHY NOT?

Natural real-world datasets with perfect control over confounding variables would indeed be ideal
(if we have them), compared to systemically injecting spurious patterns into real-world data. How-
ever, as we discuss in Section [C] this way of constructing benchmark datasets offer a feasible and
reproducible way to evaluate causal inference methods, because they allow precise control over how
spurious information is injected. And, very importantly, we do not generate data from the postulated
causal structure as in Fig|2} instead, we introduce spuriousness directly in the data, so our assump-
tions do not hold exactly in the experiments but we still maintain control of it in an interpretable
manner.

While generative Al tools (e.g., ChatGPT) could create synthetic data with explicit biases, such
datasets are expensive to construct and difficult to reproduce across random seeds. Our approach
allows systematic and controllable shifts (e.g., varying the spurious correlation from 90% to 10%
for each of 5 random seed which otherwise need different dataset versions edited by ChatGPT, this
number goes even more if we want a different spurious correlation ratio).

G STATISTICAL TEST

We run statistical test results and results are here below. (we report the ones with SWA and WISE
in the order of SFT, SWA, WISE, CFT, CFT-N and CFT-C) under the scenarios where the spurious
correlation is 90%, 70% and 50% in test cases (30% and 10% is not reported due to very large
margin and the readers can tell just by looking at number in Table[2). We can see our CFT method is
worse for 90% of scenarios but significantly better towards larger shifts (70% and 50%) while SWA
and WISE are not statistically significant better than SFT.
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Table 4: Statistical test results under 70% spurious correlation.

SFT  SWA  WISE CFT CFI:-N CFT-C

SFT 0.000 0.089 0306 0.092 -0.050 0.568
SWA 0.089  0.000 -0.050 0.969 -0.050 0.259
WISE 0.306 -0.050 0.000 -0.050 -0.050 0.127
CFT 0.092 0969 -0.050 0.000 -0.001 0.277
CFI-N -0.050 -0.050 -0.050 -0.001 0.000 -0.050
CFI-C 0568 0259 0.127 0.277 -0.050  0.000

Table 5: Statistical test results under 50% spurious correlation.

SFT SWA WISE CFT CFI-N CFT-C

SFT 0.000 0.060 0.274 -0.050 -0.050  0.480
SWA 0.060 0.000 -0.050 0.624 -0.050 0.235
WISE 0274 -0.050 0.000 -0.050 -0.050 0.094
CFT -0.050 0.624 -0.050 0.000 -0.001  0.189
CFI-N -0.050 -0.050 -0.050 -0.001 0.000  -0.050
CFTI-C 0480 0235 0.094 0.189 -0.050  0.000

H FURTHER RESULTS

In this section, we first present results of the Yelp controlled benchmark example. We observed a
trend similar to Fig. ]

1D 90%

e W = $é - é @% -
=TT & =

Figure 6: Box-plot over 5 runs for 4 methods (SFT, CFT, CFT-N and CFT-C). Some other methods
from Table E] are not included as they are significantly worse.

Next, we present an analysis of the impact of the level of spurious information, based on the Amazon
controlled benchmark. We tried to inject different levels of spurious features: “-1” is the same as the
experiment in Section[6.T} “-2” means we double the proportion of spurious features, i.e. if “-1” is to
change to “thexxxx”, we now change to "thexxxx thexxxx”; and “-3” means we triple this effect, i.e.
we inject “thexxxx thexxxx thexxxx”. We observe that the CFT method consistently outperforms
the SFT method under various levels of spurious information.

We also analyze the impact of the training dataset size. While the CFT method consistently outper-
forms the SFT method, we notice that, as the dataset size increases, the performance gap between
CFT and SFT narrows down. Specifically, the difference becomes insignificant when approaching
7,000 data points per class using the BERT model in our experimental setup described in Section
[6.1] This suggests that with larger datasets, the problem becomes easier to solve. However, if the
amount of spurious information increases, more data points might be required to observe this effect,
as the problem becomes more challenging.
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Figure 7: Different spurious level based on the controlled benchmark Amazon data, from “-1” (simi-
larly to the setting in Section[6.1]) to “-2” and “-3” with strong spurious features, the CFT consistently
outperforms SFT in the OOD settings.
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Figure 8: Different training data sizes of 4000, 5000 and 5500 per class of the binary sentiment
analysis tasks. The CFT method consistently outperforms SFT in OOD settings.

Furthermore, we analyse the impact of the number of ® samples used to adjust the causal effect. We
can observe from the CFT-N results in TablelIl andlZl that, if we do not adjust for ®, we get worse
results. Also, we observe that that failing to adjust for ® leads to worse outcomes. Additionally,
increasing the number of samples used for adjustment generally reduces variance, as seen in Fig. [0}
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Figure 9: Different inference samples of 1, 5 and 20 for CFT. The variance is reduced in the OOD
scenario when using more than 1 sample.
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I PROOF OF THEOREM 4.6

ply | do(x)) = ply | do(z), do(ro), do(r), do(®))
Assumption[d.1]
= p(y | do(rp),do(r1),do(P), do(c))
Implied by ¢ being a function of (o, 1)
= p(y | do(c))
-

Implied by structural assumptions

> oy |, c)p(@)
-

Backdoor criterion (Pearl}|2009)

S by ¥, )p(@ | 2 )p(a’).0
o/ x!

J TRAINING AND INFERENCE ALGORITHM

Algorithm 1 CFT Training

Input: D = {(z;,y;)},, pre-trained model p(ro|z)
Output: Learned p(y|®, ¢), p(®|x), p(r1]x), and p(c|r)
Step 1: Initialize p(r |x) from p(rg|z), and initialize p(y| P, ¢), p(P|x), p(c|r)
for each (z;, y;) in mini-batch of D do
Step 2: Sample Z; and Z; from D which have the same label as y;
Step 3: Update p(r1|z) on (Z;,y;) based on Equ2}
Step 4: Obtain 79 = p(To‘fi) and 7 = p(T’l ‘f1)
Step 5: Update p(c|r) using 7 and 71 based on Equ 3]
Step 6: Obtain 1 = p(r1]x;), ¢ = p(c|r1) and D = p(P|x;)
Step 7: Shuffle ® within the mini-batch to get &’
Step 8: Update p(y|®, ¢) using (¢, y;, ') based on Equ
end for

To summarize the training algorithm (Algorithm|I)), we take a pre-trained model (p(ro|z)), make a
copy of it and initialize with the pre-trained model paramter and name it as p(r1|z). Next we do (1)
doing standard supervised fine-tuning on model p(rq|z) with z,y data based on Equ [2} (2) extract
ry from p(ri|x) model and rg from p(rg|x) model using = and learn ¢ based on Equ [3} and (3)
construct @ based on method described in Section[5] component 3. To calculate the causal estimand
p(y|do(z), we shuffle & randomly within the batch to get ¢’ and calculate final logits using ®’ and
¢ based on Equ |1} The entire pipeline can be trained from end-to-end and p(ro|z) can be removed
after training.

To summarize the inference algorithm (Algorithm [2), we have an input x and can get its corre-
sponding 7 from p(ry|z), ¢ from p(c|ry) and @ via p(P|x). Then based on the sample size K, we
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Algorithm 2 CFT Inference

Input: D = {(z;)}},, learned p(r1|x), p(c|r), p(®|z) and sample size K
Output: Label D = {(z;,y:)} Y,
for each x; in mini-batch of D do

Step 1: Obtain r = p(r1|x;), ¢ = p(c|r) and & = p(P|x;)

for k in sample size K do

Step 2: Shuffle ¢ within the mini-batch to get ®},

end for

Step 5: Compute the causal estimate P(y|do(z)) using Equation 1]

and then assign y = arg max, P(y|do(z))
end for

can shuffle ® within the test batch K times and then calculate the estimand p(y|do(z)) and then
marginalize over the samples. Finally, pick the class label via the y = arg max, P(y|do(z)).
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