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ABSTRACT

This paper addresses the domain generalization (DG) problem in deep learning.
While most DG methods focus on enforcing visual feature invariance, we leverage
the reasoning capability of multimodal large language models (MLLMs) and ex-
plore the potential of constructing reasoning chains that derives image categories
to achieve more robust predictions under domain shift. To this end, we system-
atically study the role of reasoning in DG using DomainBed-Reasoning, a newly
constructed extension of DomainBed dataset, in which each sample is paired with
class-relevant reasoning chains. Our analysis reveals two key challenges: (i) fine-
tuning MLLMs with reasoning chains for classification is more challenging than
direct label supervision, since the model must optimize complex reasoning se-
quences before label prediction; and (ii) mismatches in reasoning patterns between
supervision signals and fine-tuned MLLMs lead to a trade-off between semantic
richness (informative but harder to optimize) and optimization efficiency (easier
to optimize but less informative). To address these issues, we propose RD-MLDG
(Reasoning-Driven Multimodal LLM for Domain Generalization), a framework
with two components: (i) MTCT (Multi-Task Cross-Training), which introduces
an additional direct classification pathway to guide reasoning supervision; and
(i) SARR (Self-Aligned Reasoning Regularization), which preserves the seman-
tic richness of reasoning chains while mitigating reasoning-pattern mismatches
via iterative self-labeling. Experiments on standard DomainBed datasets (PACS,
VLCS, OfficeHome, Terralnc) demonstrate that RD-MLDG achieves state-of-the-
art performances, highlighting reasoning as a promising complementary signal for
robust out-of-domain generalization.

1 INTRODUCTION

In real-world scenarios, deep learning models are often required to generalize reliably to unseen
distributions. However, due to domain shift, their performance often degrades substantially when
deployed in new environments. To address this issue, Domain Generalization (DG) has emerged
as a key research area, aiming to learn representations and prediction functions that transfer well to
unseen domains using only source-domain data.

Existing DG approaches generally fall into four categories: invariant representation learning, data
augmentation, regularization, and meta-learning. While effective, these methods primarily focus on
feature-level invariance and often fail to capture higher-level cross-domain commonalities, limiting
their ability to generalize in complex scenarios.

Recently, multi-modal large language models (MLLMs) have made significant progress and demon-
strate strong reasoning capabilities. This capability offers a new opportunity for DG: rather than

!9 Corresponding author: De Cheng (dcheng @xidian.edu.cn)
2% Equal contribution: Zhipeng Xu, Zilong Wang and Xinyang Jiang contributed equally to this work.
3Work done during an internship at Microsoft Research Asia.



Published as a conference paper at ICLR 2026

| Art Painting Clipart
= The object is depicted with a rectangular box-shaped body; a flat top The simplified drawing shows a solid rectangular outline; an
surface resembling a scanner lid; a smaller panel with buttons located on the front upper section with a cover shape distinct from the lower body;
L | corner;
_ printer printer
Product Real world

The photographed product has a clean rectangular housing; a hinged lid The simplified drawing shows a solid rectangular outline; an
S with smooth edges consistent with a scanner top; upper section with a cover shape distinct from the lower body;

,‘/\%

printer printer

Figure 1: Tllustrative examples of the printer in OfficeHome (Art Painting, Clipart, Product, Real World).
Although the visual appearance differs substantially, the highlighted segments of the reasoning chains
remain highly consistent, capturing class-relevant cues that are likely to generalize well across domains.

relying solely on invariant feature representations, one could exploit reasoning chains to bridge do-
main gaps and achieve more robust generalization. By producing structured, class-relevant reasoning
chains, we can leverage MLLMs to explicitly decompose a classification task into interpretable and
domain invariant steps with strong transferability across domains (Fig. [I). To systematically study
the role of reasoning in DG, we leverage GPT-40 to construct DomainBed-Reasoning, an extension
of the widely used DomainBed benchmark, where each sample is paired with class-relevant reason-
ing chains. Specifically, we investigate whether an MLLM fine-tuned with DomainBed-Reasoning
can leverage generated reasoning chains to improve domain-generalized predictions.

However, our empirical study shows that simply applying reasoning-chain supervision to classifica-
tion tasks remains challenging. Our analysis reveals two key issues. First, reasoning-chain super-
vision is inherently difficult to optimize. In contrast to direct label prediction, the model must first
fit complex reasoning chains before producing the final label. Second, reasoning chains generated
by commercial models and those produced by fine-tuned MLLMs often exhibit distinct reasoning
patterns. Commercial-model chains usually contain detailed contextual information that can assist
classification, such as descriptions of background, object attributes, or scene conditions. While these
chains are semantically rich and potentially informative, they are difficult for the model to optimize.
In contrast, self-generated chains from the fine-tuned MLLM tend to be simpler in logic and more
label-focused, which makes them easier to fit but less informative for classification. These observa-
tions indicate that straightforward reasoning supervision is insufficient and instead call for a more
principled integration strategy.

This motivates us to design RD-MLDG (Reasoning-Driven Multimodal LLM for Domain General-
ization), the first DG framework that explicitly incorporates class-relevant reasoning chains to en-
hance out-of-domain performance. RD-MLDG consists of two key components: (i) MTCT (Multi-
Task Cross-Training), which jointly optimizes a direct classification pathway and a reasoning-
augmented pathway. The direct pathway focuses on standard label prediction, offering a simple
and stable training signal. This signal guides the reasoning pathway by preventing it from fitting to
overly complex or inconsistent reasoning chains, and instead keeps the supervision focused on the
core classification objective; and (ii) Self-Aligned Reasoning Regularization (SARR), which retains
informative reasoning chains while mitigating reasoning-pattern mismatches through self-generated
supervision. Together, these components enable RD-MLDG to provide a principled way to integrate
reasoning into DG for robust generalization.

In summary, our work makes the following contributions:

* We construct DomainBed-Reasoning, an extension of the DomainBed dataset where each sample
is paired with class-relevant reasoning chains, enabling systematic evaluation of both classification
accuracy and reasoning consistency under domain shift.

* We propose RD-MLDG, the first DG framework that explicitly integrates reasoning by address-
ing two key challenges: (i) the difficulty of optimizing reasoning-chain supervision, and (ii) mis-
matches in reasoning patterns between supervision signals and fine-tuned MLLM:s.

* We empirically show that RD-MLDG achieves state-of-the-art performance on standard Do-
mainBed benchmarks (PACS, VLCS, OfficeHome, Terralnc), demonstrating the effectiveness of
reasoning-based approaches for DG.
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Figure 2:  Overview of the DomainBed-Reasoning construction pipeline. GPT-40 generates multi-stage
reasoning chains (<SUMMARY>, <CAPTION>, <REASONING>, <REFLECTION>, <CONCLUSION>) with-
out access to ground-truth labels. Multiple candidates are sampled and ltered through rejection sampling to
obtain coherent reasoning chains, which form the foundation for analyzing reasoning challenges in DG.

2 RELATED WORK

Domain generalization (DG) has been extensively studied through approaches such as invariant
representation learning (e.g., IRM (Arjovsky et al., 2019), CORAL (Sun & S&genko, 2016)), data
augmentation (e.g., MixStyle (Zhou et|al., 2021), RandConv (Choi et al.,| 2023)), and learning-
based strategies including meta-learning (e.g., MLDG (Li et al., 2018a)), adversarial training (e.g.,
PAPT (Xu et al.| 2025)), and at-minima regularization (e.g., SWAD (Cha et al., 2021)). Despite
their success, these methods primarily operate at the representation level. More recently, CLIP-
powered models have advanced DG by providing rich multimodal representations and strong cross-
domain transfer. Recent efforts mainly focus on (i) prompt optimization (e.g., CoOp (Zhou et al.,
2022b), CoCoOp (Zhou et al., 2022a), KgCoOp (Yao et al., 2023), MaPLe (Khattak et al., 2023),
DPR (Cheng et al., 2024), PADG (Cheng et al., 2026), SECA (He et al., 2025b)) and (ii) leveraging
CLIP as a backbone for robustness (e.g., StyLIP (Bose et al., 2024), PromptStyler (Cho et al., 2023)).
Other works (He et al., 2025a; Cheng et al., 2025; Wang et al., 2025b;a) have also made meaning-
ful progress in this direction. VOLDOGER (Choi et al., 2025) focuses on DG data annotation for
vision-language tasks, such as image captioning, visual question answering (VQA), and visual en-
tailment (VE). It alleviates the burden of manual annotation by extending LLM-based annotation
techniques and provides a reliable benchmark for evaluating DG in these tasks. While effective,
these methods remain con ned to feature-level invariance and overlook the reasoning processes that
underlie generalizable decision-making. Our work addresses this gap by introducing reasoning as a
complementary signal for DG. Speci cally, we aim to encourage process-level invariance through
class-relevant reasoning chains, which serve as complementary signals to feature-level invariance
for improving out-of-domain generalization.

Multimodal large language models (MLLMSs) have recently emerged as a dominant paradigm for
vision—language understanding, achieving strong reasoning (Yang et al., 2025) and generalization
across modalities (e.g., Flamingo (Alayrac et al., 2022), GPT-4V (OpenAl, 2023), Gemini (Team
et al., 2023)). Despite these advances, recent studies show that MLLMs underperform their vi-
sion encoders (e.g., CLIP (Radford et al., 2021b), EVA-CLIP (Sun et al., 2023)) on fundamental
classi cation benchmarks such as ImageNet, Flowers102, and StanfordCars (Zhang et al., 2024).
Existing improvements remain rooted in label-level supervision and fail to capture the explicit rea-
soning processes required for robust generalization under distribution shift. Our work addresses
this gap by leveraging class-relevant reasoning chains and introducing effective training strategies to
make reasoning supervision both optimizable and informative, thereby bridging the divide between
feature-level alignment and process-level reasoning in MLLMs.

3 DOMAINBED-REASONING

A central challenge in studying reasoning for domain generalization (DG) is the lack of benchmarks
that explicitly capture reasoning processes. Existing DG datasets provide only input—label pairs,
which limits evaluation to feature-level invariance and makes it dif cult to assess how reasoning
contributes to generalization under domain shift.
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Figure 3: Illustration of Challenge 1 (see Sec. 4.1). (A) Classi cation token probabilities on target-domain test
data under zero-shot and SFT, with and without reasoning; (B) Probability distributions of all tokens on source-
domain training data under zero-shot and SFT; (C) Training dynamics: (I-I1) classi cation token probabilities
on source-domain training data after SFT; (1) loss curves comparing reasoning-based and no-thinking SFT.

To address this gap, we construct DomainBed-Reasoning, an extension of the widely used Do-
mainBed benchmark enriched with structured reasoning chains. Speci cally, for each image—label
pair across four standard DG datasets (PACS, VLCS, Of ceHome, and Terralnc), we employ
GPT-40 to generate multi-stage reasoning chains consisting of a <SUMMARY>, <CAPTION>,
<REASONING>, <REFLECTION>, and <CONCLUSION>. Compared to the four-step format in
LLaVA-CoT (Xu et al., 2024), we introduce an additional re ection stage that prompts the model
to self-check intermediate reasoning, which empirically reduces invalid generations and improves
stability. Importantly, the ground-truth label is withheld during generation, encouraging reasoning
that is grounded in visual evidence rather than rote restatement.

Generating reasoning chains without access to the ground-truth label is non-trivial and may result in
incomplete or inconsistent outputs. To improve quality, we adopt a rejection sampling strategy: for
each instance, multiple candidate chains are generated, and only those that contain all required com-
ponents and produce a coherent conclusion are retained. An overview of this construction pipeline
is illustrated in Fig. 2. The resulting dataset pairs classi cation labels with independently generated
reasoning chains, enabling evaluation under domain shift. DomainBed-Reasoning thus provides a
standardized extension of DomainBed for studying reasoning-based domain generalization, serving
as a foundation to analyze how reasoning supervision affects out-of-domain performance (Sec. 4).

4 CHALLENGES OF REASONING CHAIN IN DG

DomainBed-Reasoning provides a basis to analyze the role of reasoning in DG, and our study indi-
cates that using reasoning-chain supervision alone for classi cation is challenging, especially under
supervised ne-tuning. We identify two main issues: (i) the dif culty of optimizing reasoning-chain
supervision under domain shift (Sec. 4.1), and (ii) mismatches in reasoning patterns between su-
pervision signals and ne-tuned MLLMs (Sec. 4.2). These challenges highlight the gap between
the potential of reasoning and its current limitations in DG, motivating the RD-MLDG framework
introduced in the next section.

4.1 OPTIMIZATION GAP IN REASONING-CHAIN SUPERVISION

Research Question. Does directly distilling class-relevant reasoning chains into MLLMs improve
domain generalization in classi cation?

Experiment Setting. As a case study, we conduct experiments on the Terralnc dataset (Beery et al.,
2018), which contains 10 categories of wild animals across diverse camera locations, with domain
shifts arising from viewpoint and background variations. We use InternVL3-8B (Chen et al., 2024)
as the base model and compare two training regimes: (i) no-thinking (Li et al., 2025), where the
model takes the image and input question (e.g., “What type of object is in this photo? Choose from
the following options:”) and directly predicts the label, and (ii) reasoning-chain supervision using
DomainBed-Reasoning, where the same inputs are paired with multi-stage reasoning chains. Both
regimes are evaluated under zero-shot prompting and supervised ne-tuning (SFT). To assess their
behavior, we analyze token probability distributions and training dynamics (Fig. 3).



Published as a conference paper at ICLR 2026

Figure 4: lllustration of Challenge 2 (see Sec. 4.2). (A) Token probability distributions on source-domain
training data under zero-shot and ne-tuned settings: GPT-40 reasoning (A.l, A.ll) vs InternVL-8B reasoning
(A1, A.1V). (B) Top-15 tokens with the largest entropy reduction during optimization, highlighting differences
between GPT-40 (B.l) and InternVL-8B (B.II). (C) Qualitative examples corresponding to (B.I) and (B.I1), with
tokens receiving the strongest optimization gains highlighted in red.

Observation. First, in the zero-shot setting, adding reasoning improves classi cation performance
under domain shift: InternVL3-8B shows a +43.28%p increase in ground-truth token probability
compared to no-thinking predictions (Fig. 3.A, | vs lll). Second, this bene t does not persist under
supervised ne-tuning (SFT): reasoning-chain supervision yields slightly lower accuracy (

than direct label supervision (Fig. 3.A, 1l vs IV). Third, token-level distributions further highlight
this optimization gap. No-thinking SFT shifts a large proportion of tokens from low to high prob-
ability (+43.38%p) (Fig. 3.B, I vs Il), whereas reasoning-chain SFT produces only a marginal gain
(+1.88%p) (Fig. 3.B, Ill vs IV). Training dynamics show a similar trend: no-thinking SFT ts
classi cation tokens more effectively (92.23% vs 86.33% above the 75% con dence threshold),
while reasoning-based SFT retains more low-probability samples (7.59% vs 2.05% below 25%)
(Fig. 3.C.I-II). Finally, loss curves (Fig. 3.C.III) suggest that reasoning-based supervision converges
more slowly, indicating that reasoning-chain supervision is harder to optimize than direct label pre-
diction.

Insight. These results suggest that zero-shot reasoning can enhance out-of-domain generalization,
but directly distilling reasoning chains during supervised ne-tuning is less effective than using label
supervision alone. A key dif culty is that reasoning-chain supervision requires optimizing an inter-
mediate step before predicting the nal label, which slows convergence and reduces its effectiveness
for classi cation learning. This limitation motivates the introduction of a direct classi cation path-
way to guide reasoning supervision, making reasoning signals more effective for classi cation.

4,2 MISMATCHES IN REASONING PATTERNS ACROSS SOURCES

Research Question. How do mismatches in reasoning patterns across different reasoning sources
in uence the supervision signals and optimization behavior of models?

Experiment Setting. We use the same dataset and base model as in Sec. 4.1. To study mismatches
in reasoning patterns, we compare ne-tuning with reasoning chains generated by a large MLLM
(GPT-40) versus those produced by the target model itself (InternVL3-8B). We then analyze how
these different supervision sources affect token-level optimization by (i) comparing probability dis-
tributions of all tokens in zero-shot and ne-tuned settings, and (ii) examining the top-15 tokens
with the largest entropy reduction (Fig. 4).

Observation. Fig. 4 shows how mismatches in reasoning patterns affect token-level optimization
during ne-tuning. First, comparing token probability distributions (Fig. 4.A), reasoning chains
generated by GPT-40 contain richer contextual descriptions (e.g., background, viewpoint), but ne-
tuning with them yields only a marginal token shift (+1.88%p, A.l vs A.ll). In contrast, when using
reasoning chains generated by InternVL3-8B itself, ne-tuning produces a much larger token shift
(+29.74%p, A.lll vs A.IV), indicating that these chains are easier for the model to t. Second,
the entropy-based analysis (Fig. 4.B) re ects the same trend: GPT-40 reasoning exposes the model
to ne-grained descriptive details that may be informative but are less directly aligned with clas-
si cation, whereas self-generated reasoning emphasizes category-related tokens (e.g., “cat family’,
“bird"). Finally, qualitative examples (Fig. 4.C) illustrate these reasoning styles: GPT-40 produces
longer, context-rich chains, while InternVL3-8B generates shorter, label-focused explanations. To-
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kens highlighted in red denote those with the largest entropy reduction. Together, these observations
suggest a trade-off: large-model reasoning provides richer but harder-to-optimize signals, while
self-generated reasoning provides simpler cues that focus more directly on the category label.

Insight. These results suggest that mismatches between large-model reasoning (e.g., GPT-40) and
self-generated reasoning (InternVVL3-8B) create a trade-off between contextual detail and ease of
optimization. Large-model chains provide richer descriptions but include complex, high-entropy
tokens that are harder to optimize, while self-generated chains are easier to t but focus mainly on
the category label and its immediate features. This trade-off may reduce the effectiveness of direct
reasoning-chain supervision, motivating methods that preserve useful semantic detail while making
reasoning signals easier to optimize.

5 METHOD

Problem De nition. Let X denote the input space and Y the label space. In domain generalization

(DG), we assume access ta Mbeled source domairi§S = f B3 g\s, , where eactd$ is an
empirical distribution over X Y drawn from a distinct but related environment. For the m-th

source domain with I§ labeled samples, we wrilﬁﬁ1 =f(x i;yi )g?ﬁ1 , Where x 2 X denotes an

input image and;y2 Y its corresponding label. The goal of DG is to learn a model that generalizes

to unseen target domains at test time, without access to any target data during training. The unseen
target set is denoted &' =f D] g\t , where eactd)], is a distribution over X corresponding to

an unseen domain, wi], 2 DS for all m.

Overall Framework of our Method. To address the challenges identi ed in Sec. 4, we propose
RD-MLDG (Reasoning-Driven Multimodal LLM for Domain Generalization), a framework that in-
tegrates reasoning into DG. RD-MLDG has two modules: (i) Multi-Task Cross-Training (MTCT),
which jointly optimizes a direct classi cation pathway and reasoning-chain supervision, so that
the classi cation objective provides a stable signal to guide reasoning optimization, addressing the
optimization dif culty in Challenge 1 (Sec. 4.1); and (ii) Self-Aligned Reasoning Regularization
(SARR), which leverages self-labeling to produce reasoning chains consistent with the model's own
reasoning style, thereby retaining useful contextual detail while reducing reasoning-pattern mis-
matches, addressing Challenge 2 (Sec. 4.2). Together, these modules make reasoning supervision
more optimizable and informative, offering a structured way to incorporate reasoning into DG for
improved out-of-domain performance.

5.1 MULTI-TASK CROSS-TRAINING

Motivated by the dif culty of optimizing reasoning-chain supervision observed in Challenge 1,
Multi-Task Cross-Training (MTCT) trains the model to jointly optimize reasoning-chain supervision
with a direct classi cation pathway. The key idea is that classi cation supervision serves as a simple
and stable anchor objective, which guides reasoning optimization and helps alleviate the dif culty
of tting intermediate reasoning steps before predicting the nal label. Concretely, for each training
image xi, we construct two prompts: (i) a reasoning prompt from DomainBed-Reasoning with its
corresponding class-relevant reasoning chajrand (ii) a classi cation prompt (no-thinking) —
“What type of object is in this photo? Choose from the following options:” — where the model
selects from a candidate label list and the ground-truth Igbislysed as the supervision signal. We
denote these instruction templates asdgnand gs, respectively.

We ne-tune the base multimodal large language model (MLLM) by inserting LORA adapters
into both the vision encoder and the language decoder, enabling parameter-ef cient supervised
ne-tuning (SFT) without updating all parameters. Given a batch; f@;ri)gg, , where r =

(rix;::o;reT,) is the class-relevant reasoning chain ferand ri.e; = (ria;:::;rit1 ) denotes
the pre x sequence before predicting tokep rthe MTCT loss can be de ned as follows:
" "
1% _ 1 X .
Lvter = B logp VijXi;0es T logp rit jri<t ;Xi;0reason ; 1)
i=1 l =1

where T denotes the length (number of tokens) of the reasoning chaand is used to normalize
the generation loss so that longer chains do not dominate the gradients.
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Table 1: Multi-source DG results (%) on DomainBed benchmark datasets. The best performances in
comparisons are highlighted in bold and the second-best ones are marked with underlines

Method | Venue | PACS VLCS Of ceHome  Terralnc | Avg.
ResNet-50 Based Method.
CORAL (Sun & Saenko, 2016) ICCV'16 86.200.30 78.800.60 68.700.30 47.601.00 70.33
MLDG (Li et al., 2018a) AAAI'18 84.901 00 77.200.40 66.800.60 47.700.90 69.15
Mixstyle (Zhou et al., 2021) ICLR'21 85.200.30 77.900 50 60.400.20 44.000.70 66.88
DomainDrop (Guo et al., 2023a) ICCV'23 87.900.30 79.800.30 68.700.10 51.500.40 71.98
SMOS (Luo et al., 2024) CVPR'24 89.400.30 79.800.10 71.600.10 55.400.40 74.05
RES (Huang et al., 2025) ECCV'24 90.000.30 79.800.20 71.800.30 51.400.60 73.25
GGA (Ballas & Diou, 2025) CVPR'25 87.300.40 79.900.40 68.500.20 50.600.10 71.58
VIT-B/16 Based Method.
SWAD (Cha et al., 2021) NIPS'21 91.300.10 79.400.40 76.900.10 45.40 50 73.25
CLIP (Radford et al., 2021a) - 96.200.10 81.700.10 82.000.10 33.400.10 73.33
CoOp (Zhou et al., 2022b) 1JCV'22 96.200.10 77.60p.20 83.900.10 48.800.10 76.63
MaPLe (Khattak et al., 2023) CVPR'23 96.500.20 82.200.20 83.400.00 50.200.90 78.08
SIMPLE" (Li et al., 2023b) ICLR'23 99.000.10 82.700.40 87.700.40 59.000.60 82.10
VL2V-SD (Addepalli et al., 2024) CVPR'24 95.670.56 82.670.36 85.44 27 41.180.74 76.24
CLIP-LoRA Zanella & Ben Ayed (2024)| CVPR'24 97.100.00 83.100.00 83.900.00 55.700.00 79.95
SPG (Bai et al., 2025) ECCV'24 97.000.50 82.400.40 83.600.40 50.201.20 78.30
DGCLDTP (Wen et al., 2025) CVPR'25 97.030.00 84.7%.00 87.650.00 63.270.00 83.19
MLLM Based Method.

GPT40 (OpenAl, 2023) - 97.830.00 85.415.00 90.125 00 60.4% 00 83.46
InternVL3-8B (ZhU etal, 2025) - 96.260.10 85.670.10 85.100.10 46.840 .20 78.47
InternVL3-8B + RD-MLDG (Ours) - 98.13.10 87.03%.10 91.730.10 70.65%.10 86.89

This formulation directly addresses the optimization dif culty identi ed in Sec. 4.1, making reason-
ing supervision more stable and effective for domain generalization.

5.2 SELF-ALIGNED REASONING REGULARIZATION

After the rst stage MTCT training, the model has already been trained with reasoning chains dis-
tilled from large MLLMs (e.g., GPT-40). However, directly relying on this supervision can be chal-
lenging due to reasoning-pattern mismatches, as discussed in Sec. 4.2. To mitigate this issue, we
introduce Self-Aligned Reasoning Regularization (SARR), a soft self-labeling procedure. Specif-
ically, the model generates its own reasoning under the instructigg,g From each output, we
extract the predicted conclusion enclosed between <CONCLUSION> and </CONCLUSION> and
compare it with the ground-truth label.yOnly reasoning chains with correct nal conclusions are
retained and used as re ned supervision signals.

These retained reasoning chains are then combined with the classi cation prgggs part of the

MTCT ne-tuning process. In each round of SARR, the reasoning chains, initially sourced from
GPT-40 in the rst stage, are replaced by self-generated reasoning chains in later stages. The train-
ing objective for each round of SARR remains the same as MTCT, where the model is ne-tuned
using both reasoning chains and the classi cation prompt. Given a batch with self-generated reason-

0
ing chains (x;yi;f‘i)iB:1 , Wheref; denotes a reasoning chain retained because its nal conclusion
matches the ground-truth label, the loss in SARR for each round can be de ned as:

1 X . 1 X | !
Lsarr= 5o logp yijxiidas o 109P fit jfi<t iXiiOreason * (2)

i=1 It=1
This self-labeling procedure can be repeated for N rounds. In each round, the model is trained
with both classi cation (gis) and reasoning (gaso) Prompts, generates reasoning chains for the
source domain training data, and keeps only those whose nal conclusions match the ground-truth
label. The model is then ne-tuned again with these reasoning—classi cation pairs. Through this
iterative re nement, the supervision becomes both informative and easier to t, helping mitigate the
reasoning-pattern mismatches identi ed in Sec. 4.2.
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Table 2: Ablation study on each component on Of ceHome and Terralncognita dataset.

Of ceHome Terralncognita
bz || Wisttied At Clipart Product Real Avg. L100 L38 L43 L46 Avg.
1 | GPT-40 87.10 85.36 9520 92.82 90.12 67.28 59.71 64.47 50.49 60.49
2 InternVL3-2B 379 3.64 2.70 349 341 016 025 015 0.33 022
3
4
5 +MTCT 89.00 83.71 95.49  93.53 90.48%"P) 7782 6503 72.71 59.41 684
6 +SARR 88.30 8254 9529  93.07 89®E™ 7583 62.08 69.51 59.27 66&F
7 +MTCT + SARR 90.13  84.57 96.00  93.62 91.(&**P 82.43 66.54 73.62 61.15 7044
8 InternVL3-8B 8195 7826 9191 88.27 85.10 61.84 41.27 4560 38.66 46.84
9
10
11 | +MTCT 89.33 8353 9579  93.67 90.58°P 7678 60.55 71.94 59.47 67@FP
12 | +SARR 90.89  83.34 9595  93.44 901 7497 60.96 68.28 56.96 6559
13 | + MTCT + SARR 91.72 5.14 96.25  93.81 91.7&¥7P 81.74 66.12 73.38 61.36 70@$P

Figure 5:  Analysis of MTCT (Sec. 5.1). Probability distributions on Terralnc source domain training data
under direct label prediction, reasoning-only SFT, and MTCT SFT: (A) all tokens and (B) class tokens.

6 EXPERIMENTS

Datasets and Evaluation Protocols. We adopt four widely used benchmarks for evaluation:
PACS (Li et al., 2017) (4 domains, 9,991 samples, 7 classes), VLCS (Li et al., 2017) (4 domains,
10,729 samples, 5 classes), Of ceHome (Venkateswara et al., 2017) (4 domains, 15,588 samples,
65 classes), and Terralnc (Beery et al., 2018) (4 domains, 24,788 samples, 10 classes).

For each dataset, we use the extended DomainBed-Reasoning version, where each image—label
pair is paired with structured reasoning chains generated by GPT-40 (see Sec. 3). We evaluate
classi cation under domain shift using the standard DomainBed leave-one-domain-out protocol and
report the average test accuracy (Avg-acc) across all target domains. To reduce variance, results are
averaged over three runs with different random seeds.

Implementation Details. We follow the supervised ne-tuning (SFT) procedure described in Sec. 5.
Each training stage runs for 3 epochs with a batch size of 128 and a learning rate of 5e-4. We use
AdamW as the optimizer. LORA adapters (rank 8) are applied to both the vision encoder and the
language decoder for parameter-ef cient ne-tuning. For SARR (Sec. 5.2), we set the number of
self-labeling rounds to N = 3. All experiments are conducted on 4 NVIDIA A100 GPUs (80GB).

6.1 RESULTS ON MULTIPLE DOMAIN GENERALIZATION

To demonstrate the effectiveness of our proposed RD-MLDG, we compare it with representative
SOTA methods (Tab. 1). Built on InternVL3-8B, RD-MLDG achieves the best average accuracy
of 86.89%, surpassing a strong commercial MLLM (GPT-40, 83.46%) and competitive CLIP/ViT
approaches (e.g., DGCLDTP, 83.19%). Per-dataset, RD-MLDG attains new best results on VLCS
(87.03%), Of ceHome (91.73%), and Terralnc (70.65%), while remaining highly competitive on
PACS (98.13%). To sum up, our proposed method has two main advantages: (1) Compared
to feature-level invariant representation learning, RD-MLDG leverages class-relevant reasoning
chains, which are explicitly observable and understandable by humans, rather than relying on latent
feature representations that are dif cult to interpret. (2) Through an ef cient two-stage supervised
ne-tuning procedure, our method avoids the need for complex training strategies while substantially
enhancing the classi cation ability of the underlying MLLM under domain shift.

6.2 ABLATION STUDY

To further evaluate the effectiveness of each component, we conduct ablations using InternVL3-2B
and InternVL3-8B on Of ceHome and Terralnc; results are shown in Tab. 2. The very low zero-shot
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Figure 6: Analysis of SARR (see Sec. 5.2) from token entropy on Terralnc (A) and Of ceHome (B). We
track the entropy of selected class-relevant (A.l & B.l) and domain-speci ¢ tokens (A.ll & B.II) across ne-
tuning iterations, with vertical bars denoting variation across samples. Blue curves correspond to tting GPT-40
reasoning chains, and to InternVL3-8B self-generated reasoning chains.

result of InternVL3-2B (29 row) is due to its limited instruction-following ability, but ne-tuning
with reasoning chains supervisiori{4ow) quickly recovers strong baselines.

Effectiveness of Multi-Task Cross-Training. On both Of ceHome and Terralnc, direct label pre-
diction outperforms reasoning-chain supervision: +0.56%p and +0.47%p on InternVL3928s(3

4™ rows), and +0.63%p and +2.13%p on InternVL3-88 (9s. 16" rows), supporting the obser-
vation from Challenge 1 that reasoning-only supervision is less effective for classi cation. Relative
to the reasoning-only baseline, MTCT yields additional improvements of +1.83%p and +2.74%p on
InternVL3-2B (4" vs. 8" rows), and +1.81%p and +2.63%p on InternVL3-8B{1@s. 11" rows),
supporting that the direct classi cation pathway provides a stable signal that helps reasoning super-
vision contribute more effectively. Moreover, when combined with SARR, MTCT brings further
gains of +1.28%p and +4.27%p on InternVL3-2B8'(6s. 7" rows), and +0.83%p and +5.36%p on
InternVL3-8B (12" vs. 13" rows), reinforcing its role in guiding reasoning optimization.

Fig. 5 provides further evidence from the token-probability perspective. In Fig. 5.A, the all-token
distributions show that MTCT still struggles to fully t the semantically rich reasoning chains
generated by GPT-40, with 19.33% of tokens remaining at low probability after ne-tuning. By
contrast, Fig. 5.B highlights consistent improvements in the class-token distributions: the pro-
portion of high-con dence class tokens (>0.75) rises from 86.33% to 90.23%, while the share of
low-con dence class tokens drops from 7.59% to 3.19%. These results indicate that MTCT does
not substantially enhance the modeling of all reasoning details, but it does strengthen the tting of
class tokens, which directly supports the classi cation objective.

Effectiveness of Self-Aligned Reasoning Regularization. On Of ceHome and Terralnc, SARR
improves accuracy over direct reasoning-chain supervision by +1.20%p and +0.67%p on InternVL3-
2B (4" vs. 8" rows), and by +2.14% and +0.73% on InternVL3-8B{(10s. 12" rows). When
combined with MTCT, it brings further gains of +0.65%p and +2.20%p on InternVL3-B\S.

7 rows), and +1.15%p and +3.46%p on InternVL3-8B{1s. 13" rows). These results support

the insight from Challenge 2: self-labeled reasoning retains class-relevant information from large-
model supervision while producing signals that the model can t more effectively.

Fig. 6.A reports token-entropy dynamics on Terralnc. We note two key observations. First, for class-
relevant tokens (e.g., mark, oating), GPT-40 and Intern\VVL3-8B reasoning chains start with similar
entropy in the zero-shot stage, but as ne-tuning proceeds, entropy decreases faster for InternVL3-
8B, showing that SARR shifts supervision toward signals the model can t more readily. Second, for
domain-speci c tokens (e.g., demanding, viewpoint), GPT-40 reasoning chains have higher initial
entropy than self-generated chains, re ecting richer but harder-to- t details; with SARR, the model
reduces tting pressure on these tokens and instead focuses on class-relevant ones. This reallocation
of optimization effort helps explain the accuracy gains of SARR. Results on Of ceHome (Fig. 6.B)
show the same trend.

6.3 PARAMETER ANALYSIS

We further analyze how the number of self-labeling rounds N affects performance on Terralnc
(Fig. 7, top). We report p-values from paired t-tests, where runs with the same random seed are
compared across adjacent N settings. Accuracy shows a small but statistically signi cant improve-
ment from 70.06% at N =1to 70.59% atN = 2 (p < 0:01). At N = 3, accuracy reaches 70.65%,
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Figure 7: Impact of the number of self-labeling rounds N in SARR (Sec. 5.2) on Terralnc using InternVL3-
8B. Top: classi cation accuracy on four domains (L100, L38, L43, L46) and their average, with paired t-test p-
values for adjacent N shown on the right axis (reference line at p = 0:05). Bottom: zero-shot token probability
distributions (log-scale) on L100, using supervision data from each self-labeling round.

but the improvement over N = 2 is not statistically signi cant (p 0:07). For N > 3, accuracy
remains stable between 70.50% and 70.60% with p-values above 0.1.

We also examine the zero-shot token-probability distributions across different self-labeling rounds
(Fig. 7, bottom). From N = 1to N = 2, the proportion of high-con dence tokens increases (2.27%)
while low-con dence tokens decrease (0.29%), indicating a clearer supervision signal. For N 3,
the probability distribution remains nearly unchanged, showing that self-labeling converges within
the rst few rounds. We therefore set N = 3 in our experiments.

7 CONCLUSION

This work investigated how reasoning can contribute to domain generalization and identi ed two

key challenges: optimization dif culty and reasoning-pattern mismatch. To address these issues,
we proposed RD-MLDG, which integrates class-relevant reasoning chains with label supervision
through MTCT and SARR. Experiments on DomainBed show that RD-MLDG achieves the best

reported performance among strong baselines.

8 ACKNOWLEDGMENTS

This work was supported in part by the National Key R&D Program of China under Grant
No0.2023YFA1008600, in part by the National Natural Science Foundation of China under Grants
62576262, U22A2096, in part by the Key Research and Development Program of Shaanxi Province
under grant 2024GX-YBXM135, 2024SF-YBXM-647, in part by the Fundamental Research Funds
for the Central Universities under Grant QTZX25083, QTZX23042.

REFERENCES

Sravanti Addepalli, Ashish Ramayee Asokan, Lakshay Sharma, and R Venkatesh Babu. Leveraging
vision-language models for improving domain generalization in image classi cation. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 23922—
23932, 2024.

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, lain Barr, Yana Hasson, Arthur
Mensch, Katherine Millican, Malcolm Reynolds, et al. Flamingo: a visual language model for
few-shot learning. In NeurlPS, 2022.

Martin Arjovsky, Leon Bottou, Ishaan Gulrajani, and David Lopez-Paz. Invariant risk minimization.
arXiv preprint arxiv:1907.02893, 2019.

Shuanghao Bai, Yuedi Zhang, Wanqi Zhou, Zhirong Luan, and Badong Chen. Soft prompt gen-
eration for domain generalization. In European Conference on Computer Vision, pp. 434—-450.
Springer, 2025.

10



	Introduction
	Related work
	DomainBed-Reasoning
	Challenges of reasoning chain in DG
	Optimization Gap in Reasoning-Chain Supervision
	Mismatches in Reasoning Patterns Across Sources

	Method
	Multi-Task Cross-Training
	Self-Aligned Reasoning Regularization

	Experiments
	Results on Multiple Domain Generalization
	Ablation study
	Parameter Analysis

	Conclusion
	ACKNOWLEDGMENTS
	Training pipline for MCTC and SARR module
	Quantitative Validation of Reasoning Chain Domain Invariance
	Rejection Rate Analysis in SARR Iterations

	Results on smaller open-source model
	Results on Single Domain Generalization
	Results on Base-to-New Experiment
	Exploring the Effectiveness of RD-MLDG on VQA and VE (Visual Entailment)
	Large Language Model Usage Statement

