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Abstract. Counterfactual inference is a powerful tool for analysing and
evaluating autonomous agents, but its application to language model
(LM) agents remains challenging. Existing work on counterfactuals in
LMs has primarily focused on token-level counterfactuals, which are of-
ten inadequate for LM agents due to their open-ended action spaces.
Unlike traditional agents with fixed, clearly defined action spaces, the
actions of LM agents are often implicit in the strings they output, mak-
ing their action spaces difficult to define and interpret. Furthermore, the
meanings of individual tokens can shift depending on the context, adding
complexity to token-level reasoning and sometimes leading to biased or
meaningless counterfactuals. We introduce Abstract Counterfactuals, a
framework that emphasises high-level characteristics of actions and in-
teractions within an environment, enabling counterfactual reasoning tai-
lored to user-relevant features. Our experiments demonstrate that the
approach produces consistent and meaningful counterfactuals while min-
imising the undesired side effects of token-level methods. We conduct ex-
periments on text-based games and counterfactual text generation, while
considering both token-level and latent-space interventions.

1 Introduction

LM Agents [15] leverage vast background knowledge to solve increasingly general
tasks including web browsing, multi-modal robotics, and open-ended environ-
ments. Their deployment in high-risk domains such as medicine and law [14,12]
raises safety concerns due to social biases and opaque reasoning [7].

This ability to reason about “what if” scenarios is crucial in understanding
responsibility and blame in autonomous systems [5] and deriving counterfactual
policies—i.e., policies which, in hindsight, would have been optimal with minimal
interventions [6]. Recently, [11] and [1] have proposed methods for counterfactual
inference on LLMs based on structural causal models (SCMs) [10]. These two
methods are the first to apply SCMs for LLM counterfactuals. They define a
token-level SCM, that models the sampling of individual tokens. We call these
approaches token-level counterfactual (TLCF).

We argue TLCF is inadequate for LM agents. In open-text environments,
token-level inference fails to capture high-level semantics. In choice-based envi-
ronments, identical tokens may correspond to different actions across contexts:
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e.g., “choice 2” can mean hide from a bear in one scenario and face a lion in
another. We introduce Abstract Counterfactuals (ACF): instead of performing
counterfactual inference on the tokens of action A, ACF introduces a semantic
abstraction Y of A, performs inference at the level of Y , and maps the result
back to the action space. ACF requires only black-box LLM access.

2 Abstract Counterfactuals

Background. An SCM C = (S,U, PU) has structural assignments Xi = fi(PAi, Ui).
Counterfactual inference: given observation x, infer PU|X=x (abduction), then
evaluate under the target intervention. TLCF [11,1] uses the Gumbel-Max SCM [8]
to define fXk = argmaxv∈V (λ(x

k−1)v+Uv); a key limitation is that it always in-
creases the counterfactual probability of the observed token regardless of whether
that token retains its meaning.

LM agent model and abstraction. We model the LM agent as At = fA(St, U
A
t );

St+1 = fS(St, At, U
S
t ). ACF introduces an abstraction variable Yt = fY (At, St, U

Y
t )

capturing the high-level, context-sensitive meaning of the action, e.g., the ethical
tendency in a text game, profession in biography generation, or emotion in a so-
cial media post. Since Yt depends on both action and state, it remains consistent
where token-level representations fail.

Inference procedure. Given an observed action a in state s and a counterfac-
tual state s′, ACF proceeds by reasoning through the abstraction variable Y
rather than the surface tokens of a. It first infers which high-level property
was expressed in the original context (e.g., an ethical tendency, a profession, or
an emotion), then predicts which abstraction values remain likely in the coun-
terfactual state, and finally maps those values back to concrete actions in the
new setting. This yields a distribution over counterfactual actions that preserves
relevant semantics without conditioning on the exact observed token sequence,
allowing the language model to be treated as a black box sampled only through
its outputs. The abstraction itself can be obtained in two ways: in the supervised
setting, Y is defined via expert labels or a trained classifier; in the unsupervised
setting, an auxiliary LLM discovers semantic groups automatically, allowing the
same pipeline to operate without labelled data.

3 Evaluation

We compare ACF with TLCF on MACHIAVELLI [9], Bios [2], and GoEmo-
tions [3], evaluating abstraction preservation under intervention.

For text-generation tasks, we report three metrics. Abstraction Change Rate
(ACR) is the fraction of cases where the most likely counterfactual abstraction
differs from the observed one; lower is better. Counterfactual Probability Increase
Rate (CPIR) is the fraction of cases where the observed abstraction is more
likely under the counterfactual distribution than under the interventional one;
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Table 1. Latent-space interventions on Bios dataset (GPT2-XL) (p<0.001 in all cases).

Supervised Unsupervised

Metric ACF TLCF ACF TLCF

ACR ↓ 0.04 0.40 0.12 0.38
CPIR ↑ 0.98 0.59 0.98 0.73

ST ↑ 0.78 0.81

higher is better. Semantic Tightness (ST) measures consistency across multiple
counterfactual samples from the same instance using average pairwise embedding
similarity; we report the ACF win rate over TLCF, so higher is better.

MACHIAVELLI. We use OLMo-1B [4] on choice-based games annotated with
morality labels such as physical harm, deception, and manipulation. This set-
ting exposes a core weakness of token-level counterfactuals: an option index can
refer to different actions across states. For example, token 0 may correspond to
physical harm: 1 in the factual state but to an entirely different choice in the
counterfactual. ACF shifts probability toward actions that still realise physical
harm: 1, whereas TLCF simply boosts the old token index.

Bios (latent-space gender steering). We apply MiMiC gender steering [13] to
GPT2-XL with profession as the abstraction. Starting from a biography clas-
sified as journalist, TLCF produces a female-coded biography whose predicted
profession shifts to attorney, while ACF preserves journalist. Table 1 confirms
this pattern: ACF lowers ACR, improves CPIR, and yields tighter samples.

GoEmotions (token-level intervention). We replace the last prompt token of a
Reddit comment and test whether the continuation preserves the observed emo-
tion, using GPT2-XL and Llama-3.2-1B. ACF preserves the abstraction better
than TLCF. In the supervised setting, ACF reduces ACR to 0.02–0.05 versus
0.32–0.37 for TLCF, while CPIR rises to 0.96–0.97. ST win rates of 72–84% show
that ACF also produces more semantically stable counterfactuals.

Table 2. Token-level interventions on GoEmotions (p<0.001 in all cases).

Supervised (emotion) Unsupervised

GPT2-XL Llama-3.2-1B GPT2-XL Llama-3.2-1B

Metric ACF TLCF ACF TLCF ACF TLCF ACF TLCF

ACR ↓ 0.02 0.32 0.05 0.37 0.27 0.54 0.41 0.67
CPIR ↑ 0.96 0.68 0.97 0.67 0.87 0.48 0.75 0.47

ST ↑ 0.76 0.72 0.82 0.80
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