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Abstract

This paper uncovers a critical yet overlooked phenomenon in multi-modal large
language models (MLLMs), especially for chest diagnosis: detrimental concept
drift within chain-of-thought (CoT) reasoning during non-stationary reinforce-
ment fine-tuning (RFT), where reasoning token distributions evolve unpredictably,
thereby introducing significant biases in final predictions. To address this, we are
pioneers in establishing the theoretical bridge between concept drift theory and RFT
processes by formalizing CoT’s autoregressive token streams as non-stationary
distributions undergoing arbitrary temporal shifts. Leveraging this framework, we
propose a novel autonomous counterfact-aware RFT that systematically decouples
beneficial distribution adaptation from harmful concept drift through concept graph-
empowered LLM experts generating counterfactual reasoning trajectories. Our
solution, Counterfactual Preference Optimization (CPO), enables autonomous and
stable RFT in non-stationary environments, particularly within the medical domain,
through custom-tuning of counterfactual-aware preference alignment. Extensive
experiments demonstrate our superior performance of robustness, generalization
and coordination within RFT. Besides, we also contribute a large-scale dataset
CXR-CounterFact (CCF), comprising 320,416 meticulously curated counterfactual
reasoning trajectories derived from MIMIC-CXR. Our code and data are public at:
https://github.com/XiaoyuYoung/CPO.

1 Introduction

Reinforcement Fine-Tuning (RFT) [1, 2] has emerged as a promising paradigm for domain-specific
customization of multi-modal large language models (MLLMs) [3–5], demonstrating remarkable
capability in facilitating efficient domain shift with minimal data requirements, particularly for
medical downstream tasks. However, the reinforcement-driven custom-tuning is fundamentally
challenged by non-stationary environmental dynamics, especially for inherent domain-specific data
characteristics such as long-tailed distributions in medical diagnosis, and systemic data imperfections
including noise and sparsity. This complex synergy induces latent concept drift that progressively
disaligns the model’s representation space from domain reality, culminating in catastrophic error
propagation that particularly jeopardizes the reliability of MLLMs in safety-critical applications like
radiology report generation.

Concept drift theory [6, 7] provides a new perspective for analyzing the domain shift of RFT in non-
stationary custom-tuning, which focuses on the unpredictable distribution changes in data streams.
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We posit that the autoregressive decoding paradigm inherent to MLLMs can be characterized as
a sequential token stream generation process. Within this framework, each token generation step
propagates through the model's internal reasoning pathways, which remain opaque to external
observation, while manifesting inherent stochasticity in the evolving token probability distributions
across successive decoding iterations.

Within the concept drift framework, our analysis reveals critical limitations in reinforcement �ne-
tuning approaches that depend on veri�able rewards in chain-of-thought (CoT) [2]:

Observation 1.1. Speci�cally, while RFT operate through optimal reasoning pathway selection
to maximize outcome certainty, we empirically observe that MLLM-generated CoT processes in
specialized domains frequently demonstrate susceptibility to concept drift. This progressive devia-
tion in intermediate reasoning ultimately induces substantial output divergence in non-stationary
environments.

Figure 1: Concept Drift in RFT's rea-
soning for chest diagnosis. Despite
analogous occurrence probabilities of
"lung opacity" (in red) and "opacity"
(in blue) tokens during the CoT, non-
stationarity induces signi�cant bad dis-
tributional drift in clinical conclusions,
especially the opposite diagnosis of at-
electasis, cardiomegaly and pneumonia.

Intuitively, we provide a representative case study that
demonstrates this phenomenon in clinical reasoning con-
texts as presented in Fig.1. When diagnosing chest DR
images, the model generates a reasoning trajectory con-
taining the statement: "Asymmetric lung opacity in the
right middle lobe is concerning for pneumonia." We found
that in the token-level probability, "lung opacity" shows
negligible differentiation from its ambiguous counterpart
"opacity". Despite this minimal probabilistic disparity in
the thinking process, our diagnostic outcome distribution
analysis presents a radical divergence in �nal predictions
as exhibited in Fig.1. In particular, the diagnosis is com-
pletely opposite in terms of atelectasis, cardiomegaly and
pneumonia.

Therefore, summarizing the above challenges of reinforced
�ne-tuning in MLLMs, it raises the important question:

How to adapt thinking process to concept drift under
non-stationary reinforced custom-tuning?

Inspired by causal inference [8–10], we develop Counter-
factual Preference Optimization (CPO), a principled ap-
proach that systematically perturbs reasoning trajectories
to discriminate between bene�cial distribution adaptation
and detrimental concept drift.

Firstly, we construct a hierarchical concept graph that
codi�es domain-speci�c knowledge structures through
triadic relation embeddings, including positive correlation,
irrelevance, and opposition. Subsequently, we structurally
embed the hierarchically structured concept graph into the
LLM's reasoning architecture as an expert-guided module,
automatically generating semantically-constrained counterfactual inference paths. Consequently,
during reinforced custom-tuning, we formulate a dual-preference optimization objective that jointly
maximizes likelihood alignment with human preferences while minimizing similarity to adversarially
generated counterfactual paths, thus achieving decoupling of bene�cial domain adaptation from
detrimental concept drift. Finally, we contribute CXR-CounterFact (CCF), the chest diagnosis
preference dataset comprising 320,416 �ne-curated counterfactual reasoning trajectories derived
from MIMIC-CXR [11] radiologic �ndings, aiming to validate our method and catalyze research
advancements in counterfactual-aware reinforcement �ne-tuning paradigms

In summary, our paper mainly makes the following contributions:

1. First, we establish a novel theoretical framework that formalizes autoregressive token gener-
ation in MLLMs through the lens of concept drift theory, enabling systematic identi�cation
and causal analysis of detrimental reasoning divergence during non-stationary reinforced
custom-tuning.
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2. Second, we propose Counterfactual Preference Optimization (CPO), which synergises
structured domain-speci�c knowledge with systematic counterfactual intervention, driving
the MLLMs with preference-aligned reinforcement learning. By embedding learnable
concept graphs as the expert and generating adversarially-constrained reasoning trajectories,
our approach achieves substantial decoupling between bene�cial distribution adaptation and
detrimental concept drift.

3. Third, we conduct comprehensive empirical validation across various clinical benchmarks
for chest radiograph, including disease classi�cation, diagnostic report generation and zero-
shot generalization. The superior results demonstrate statistically signi�cant improvements
in robustness, generalization, and accuracy of our method under non-stationary custom-
tuning. Besides, we also provide ablation experiments to validate the effectiveness of various
modules.

4. As a pioneer contribution to the community, we introduce CXR-CounterFact (CCF), a large-
scale dataset comprising 320,416 meticulously curated counterfactual reasoning trajectories
derived from MIMIC-CXR.

2 Methodology

(a) Concept Drift Behind the Thinking of MLLMs (b) Concept Graph for Counterfactual Cause

(c) Counterfactual Preference Optimization

Figure 2: The main contributions of our methods. (a) By formalizing autoregressive CoT generation
as a stream of next-token prediction actions under the theoretical lens of concept drift, we reveal that
even minor perturbations in reinforced �ne-tuning can induce unpredictable distributional changes
of �nal predicted results. (b) To disentangle detrimental drift, we introduce the concept graph that
generates radiologically plausible counterfactual CoTs through controlled attribute perturbations.
Green lines represent attributes that are positively correlated with the disease, while red denote they
are exclusive. (c) We propose counterfactual preference optimization to drive the reinforced custom-
tuning of MLLMs, enabling generalized CoT reasoning in non-stationary environments through
disentanglement of bene�cial domain adaptation from spurious concept drift, thereby achieving
robust human-aligned decision-making via preference distillation.

2.1 Underlying Concept Drift Behind Thinking

In this section, we �rst extend the concept drift theory to reinforced custom-tuning, highlighting
the phenomenon wherein the distributional characteristics of targets undergo arbitrary changes over
the course of the thinking process. Operating through recursive on-policy sampling, the MLLM�
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autoregressively generates the token at positionj in the reasoning chain, conditioned on both the
visual input image v, the textual prompt l, and the partial token sequence t<j of the CoT trajectory:

t j � �(�jv; l; t <j ) (1)

Therefore, we formally de�ne concept drift behind the thinking as follows:

De�nition 2.1. The MLLM's autoregressive reasoning trajectory manifests as a thinking stream
S0;i = fs 0; :::; si g, where each cognitive statesj = (t <j ; zj ) encapsulates all tokens generated so
far t<j and its latent predicted distributionzj of the results byt<j . Therefore, in positioni , S0;i
follows a certain distributionF0;i (x; z) , thus the concept drift behind the thinking can be formalized
as:

9i : P i (t; z) 6= Pi+1 (t; z) (2)

where the joint probability Pi (t; z) can be decomposed as Pi (t; z) = P i (t) � P i (zjt).

Consequently, this concept drift framework behind the thinking of MLLMs enables simultaneous
characterization of temporal dynamics in Chain-of-Thought reasoning, formalized as the concept drift
processPi (t) , and its induced probabilistic divergencePi (zjt) , capturing the evolving discrepancy
between intended and actual outcome distributions throughout cognitive progression.

To adapt the reinforced custom-tuning to concept drift behind the CoT, it is essential to adapt the
model to align with the evolving thinking distribution under non-stationary environment, which can
be formally de�ned as:

min
� (i) ;� (i+1) ;:::;� (i+� )

i+�X

i

L(
LY

j=1

� (i) (t (i)
j jv; l; t (i)

<j ); y (i) ); (3)

where
Q L

j=1 � (i) (t (i)
j jv; l; t (i)

<j ) denotes the probability of CoT token sequence,y(i) represents the
preferred CoT,L symbolics the max length of tokens within the CoT, and� (i) signi�es the MLLM
at the cognitive statusi . And the model is driven by the target metricL continuously to adapt the
drift in a given time period[i; i + � ] . Thus, we get the optimization object within the concept drift
framework.

2.2 Disentangling Concept Drift with Counterfactual Causes

Figure 3: Structural Causal Graph. X:
Inputs, Z: Prediction Results, T: Chain-
of-Thought, and D: Latent Concept Drift
within CoT under Non-stationary Rein-
forced Custom-Tuning.

The optimization objective formalized Eq.3 necessitates
disentanglement of two competing goals: advantageous
policy-induced domain adaptation and versus pathological
concept drift arising from suboptimal policy execution,
which are both sampled from policy� within the time pe-
riod [i; i + � ] . However, it is challenging to determine the
optimal preferred CoT and explicitly judge which strate-
gies will cause unpredictable changes in tokens.

Fortunately, counterfactual causes provide an explicit man-
ner to decouple these two competing goals. We construct a
structural causal graph [8, 9] to formula the causal relation-
ship among elements as discussed in Section 2.1, including
inputs (X ) consisting of imagev and promptl , prediction
result (Z ), Chain-of-Thought (T) and the concept drift
in the reinforcement custom-tuning (D) as illustrated in
Fig.3, whereA ! B denotes thatA is the causer ofB . The causal graph offX; Z; T; Dg presents
the following causal connections:

(X; D) ! T : This link denotes the chain-of-thoughtT derived from the inputsX through policy�
is under the impact of latent concept drift D.

(X; T; D) ! Z : This link presents that, apart from the regular reasoning pathway of(X; T ) ! Z ,
the prediction is also impacted by the concept drift D through the pathway of D ! T ! Z.

In the constructed structural causal model, nodesD andT are formally characterized as the con-
founder and mediator [12], respectively. The confounding variableD induces bias through the
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