
Published as a conference paper at ICLR 2025

SELF-CORRECTION FOR OOD GENERALIZATION

Vanya Bannihatti Kumar∗, Abhinav Rao∗, Aditi Raghunathan
School of Computer Science
Carnegie Mellon University
Pittsburgh, PA 15213, USA
{vbanniha,abhinavr,aditirag}@cs.cmu.edu

ABSTRACT

In this work, we aim to study how the self-correction mechanisms aid OOD
(out-of-distribution) generalization in both multimodal and language-only mod-
els. Reasoning based methods like self-refine (Madaan et al., 2023) and STaR
(Zelikman et al., 2022) have helped to improve the correction capacity of the lan-
guage models; however there have been no studies quantifying the reasoning im-
provement to help OOD generalization of these models. Initial results, show an
improvement of 1.6%-2% on an OOD dataset where the model is finetuned using
either self-refinement or STaR on an ID (in-distribution) dataset.

1 INTRODUCTION

Large-scale pretrained models like GPT4 (OpenAI et al., 2024) excel at generalizing across diverse
tasks due to their training on vast and heterogeneous datasets. However, their performance often
falls short in niche domains like medicine, where the data distribution diverges significantly from
what was encountered during pretraining. Various fine-tuning techniques like full fine-tuning, Lora-
tuning (Hu et al., 2021) etc addresses this gap by adapting these models to the specific characteristics
of a target domain, ensuring they meet the nuanced demands of specialized applications. This fine-
tuning can however drastically reduce the model’s ability to generalize to out-of-distribution (OOD)
scenarios, which is critical for handling dynamic and unseen data when deployed.

Various studies have been done to address this issue like Wise-FT (Wortsman et al., 2022), which
averages the weights of the pretrained model and the finetuned model to improve the performance
over both the models. There are other works like LADS (Dunlap et al., 2023) which uses language
to extend to unseen domain for multimodal models like CLIP (Radford et al., 2021). There are also
various light-weight linear probing techniques which can retain the OOD generalization strengths
of the pretrained model whilst specializing to a particular domain.

Several other works involve reasoning based techniques to improve the ability of the language mod-
els to perform better in reasoning based tasks. Such methods like self-refine (Madaan et al., 2023),
STaR (Zelikman et al., 2022), SCoRe (Kumar et al., 2024) etc. involve a notion of self-correction,
where models’ own outputs are passed into the model again, optionally with a ground-truth label,
to get a final, refined, output. However, none of the previous works (as outlined in Section §6 have
explored how such reasoning-based techniques that lead to self-correction, might also contribute to
out-of-domain (OOD) generalization. Intuitively, if models can reason effectively, they could be
better equipped to generalize OOD. So, in this work we explore how iterative refinement techniques
help in improving OOD generalization in finetuned models.

We observe improvements of 1.6%-2% accuracy on the OOD dataset in both the above mentioned
settings.

∗* = Equal contribution
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2 BACKGROUND

2.1 OOD GENERALIZATION IN PRETRAINED MODELS

OOD generalization refers to a model’s ability to maintain high performance on data outside the
distribution of its training set. Traditional fine-tuning approaches, such as full fine-tuning and LoRA
(Low-Rank Adaptation), allow pretrained models to adapt to specific tasks or domains. However,
these methods can lead to overfitting on the ID data, thereby compromising the model’s ability
to generalize to OOD scenarios. Techniques like Wise-FT, which averages weights between the
pretrained and finetuned models, and lightweight linear probing methods have been proposed to
mitigate this trade-off, retaining OOD strengths while ensuring task-specific performance.

2.2 SELF-CORRECTION MECHANISMS

Self-correction methods have gained attention for their ability to enhance reasoning in language
models. Techniques like Self-Refine, STaR, and SCoRe iteratively refine model outputs to improve
reasoning quality. In self-refinement, the models generate feedback on their own output and further
use the feedback to refine the original output. While in the STaR method, the rationales generated
for the correct answer are used to finetune the model to improve its reasoning capacity. More recent
methods like SCoRe use reinforcement learning techniques to further generalise this self correction
method. While these methods have demonstrated effectiveness in improving the logical coherence of
language models, their impact on OOD generalization remains underexplored. Intuitively, improved
reasoning should contribute to better generalization, as reasoning enables models to infer and adapt
to unseen contexts.

2.3 DATASETS

We evaluated the self-correction methods for OOD generalization using both language-only and
multimodal models. To study their effect on OOD generalization we finetuned both language-only
models and multimodal models using STaR and self-refinement methods. We broadly consider QA
tasks for our ID and OOD datasets, for their relative ease in integrating self-refine and STaR tech-
niques. For our language-only unimodal model, we use Gemma (Team et al., 2024). As our multi-
modal model under test, we consider a Vision-Language Model (VLM), BLIP2 (Li et al., 2023), as it
is a lightweight, functional model capable of following instructions. We treat our in-distribution uni-
modal dataset as CommonsenseQA (Talmor et al., 2019), and choose our out-of-distribution dataset
as SQUAD (Rajpurkar et al., 2016). Our multimodal in-distribution dataset is VQAv2 (Goyal et al.,
2017) and out-of-distribution dataset is HaloQuest (Wang et al., 2024). In multimodal contexts,
we used VQAv2 as the ID dataset and HaloQuest as the OOD dataset. VQAv2 dataset contains real
world images with questions related to the objects in the image. In contrast to this, HaloQuest dataset
contains synthetically generated images, and also contains questions regarding objects not present
in the image, requiring the model to express the inability to answer such questions. And since the
HaloQuest dataset was released after the BLIP2 model, this dataset is truly out-of-distribution for
the model. We chose 1000 samples from the train set of CommonsenseQA dataset used for finetun-
ing with STaR. The number of samples from the train set of VQAv2 dataset used for finetuning with
and without self-refinement method is 2184.

3 EXPERIMENTS

3.1 SELF-REFINEMENT FOR VLMS

We use the self-refinement technique to improve the reasoning of BLIP2 and measure how this
improvement translates to OOD genralization. We generate feedback from the model regarding the
output generated by the model and use the feedback to generate another output. The number of
iterations used is 1 in the self-refinement feedback. We finetune the model using the self-refinement
method with a learning rate of 1e-5.
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3.2 STAR FOR LLMS

We use the STaR method to improve the reasoning of the language-only model, Gemma. In this
method we generate rationales for all the samples and filter the rationales where the correct an-
swer was generated by the model. We then finetune the pretrained gemma model on these filtered
rationales. We finetune the model with STaR method with a learning rate of 5e-5.

4 RESULTS

We did a qualitative analysis of 200 examples from the test set to understand how self-refine works
both ID and in OOD scenarios as shown in table 1.

We can see from table 2 and table 1, finetuning the model with self-correction mechanisms on the in-
distribution dataset improves the performance of both the in-distribution and the out-of-distribution
datasets. This shows the improving the reasoning ability of the model directly correlates to OOD
generalization. Some qualitative examples of how finetuning with self-refinement on in-distribution
data i.e VQAv2 improves the performance on OOD dataset, HaloQuest is shown in appendix A.
There is one exception in table 1 where finetuning without self-refine gives the best score. This
anomaly is further analysed in the section 5.1.

Dataset Model Setup Accuracy (%)

OOD (HaloQuest)
Finetuned w/ self-refine 6.25
Finetuned w/o self-refine 3.10
Zero-shot BLIP2 4.17

ID (VQAv2)
Finetuned w/ self-refine 18.60
Finetuned w/o self-refine 24.20
Zero-shot BLIP2 15.00

Table 1: Qualitative analysis of model performance on OOD (HaloQuest) and ID (VQAv2) datasets.

Model Setup CommonSenseQA (ID) (%) SQuAD (OOD) (%)
Zero-shot 37.6 13.0
Finetuned w/ STaR 42.0 14.6

Table 2: Performance comparison on CommonSenseQA (ID) and SQuAD (OOD) datasets.

5 ANALYSIS

5.1 WHY DOES FINETUNING WITHOUT SELF-REFINEMENT GIVE BETTER RESULTS

Surprisingly, from table 1, we saw that the finetuned BLIP2 model on the VQAv2 dataset w/o self-
refine was able to correct 24.2% of the examples tested and the zero-shot BLIP2 model and finetuned
BLIP2 model with self-refinement was only able to correct 15% and 18.6% of the examples respec-
tively. Upon further inspection, we saw that the finetuned BLIP2 model on the VQAv2 dataset w/o
self-refine was producing corrections which were basically the opposite of the original predicted
answer. This lead to some incorrect correction statements, such as ”1 is not a number”, ”the bird is
blue because it is on the roof” etc. Whereas the corrections made by the zero-shot BLIP2 model and
the finetuned BLIP2 model with self-refinement made more logical sense. Since a majority of the
questions in the VQAv2 dataset consists of yes/no questions, this lead the finetuned BLIP2 model(on
the VQAv2 dataset w/o self-refine), to seemingly give a better self-correction rate than the zero-shot
BLIP2 model or the finetuned BLIP2 model with self-refinement. Whereas, for the evaluation of the
HaloQuest dataset using the same configurations of the BLIP2 model, we see that the BLIP2 model
finetuned with self-refinement gave better improvement in self-correction than the finetuned BLIP2
model without self-refinement.
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6 RELATED WORK

OOD generalization. The authors of the work Wortsman et al. (2022) propose WiSE-FT, a method
combining zero-shot and finetuned model weights through ensembling to balance robustness and
performance across domain shifts. This work highlights the challenge of fine-tuning pretrained
models for specific tasks without sacrificing robustness, achieving significant gains in both in-
distribution (ID) and OOD settings. For multimodal models,Dunlap et al. (2023) demonstrate the
use of language-guided domain adaptation with their LADS framework, which improves domain
generalization by utilizing verbalized domain descriptions without requiring target domain samples.
This method is particularly relevant for adapting vision-language models to unseen domains.

Self-correction. Self-correction approaches have further pushed the boundaries of reasoning by
iteratively improving model outputs. The STaR framework (Zelikman et al., 2022) introduces a
bootstrapping mechanism that refines reasoning tasks iteratively, leveraging self-generated ratio-
nales to improve models without relying on extensive labeled data. Similarly there are other works
like SELF-REFINE (Madaan et al., 2023), which iteratively refines outputs through self-feedback,
showcasing its utility across diverse domains, including natural language and code generation. In ad-
dition, reinforcement learning-based methods like SCoRe (Kumar et al., 2024) have been developed
to enhance self-correction, focusing on multi-turn feedback mechanisms to improve intrinsic rea-
soning and robustness. Other works on multimodal self-correction is either mainly post-hoc (Zhou
et al., 2024) or use language-only feedback (Xu et al., 2024) to correct the outputs.

Datasets. One of the main drawbacks of evaluating VLMs on the VQA dataset for its reasoning
ability is that these models are over-reliant on the language prior and do not pay enough atten-
tion to the images presented, thereby leading to hallucinations. HaloQuest dataset (Wang et al.,
2024) focuses on tackling hallucinations in VLMs by using synthetic images that often deviate
from real-world logic in order to challenge the drawbacks of the VLM mentioned above. VQA
2.0 (Goyal et al., 2017): Presented a balanced Visual Question Answering dataset to mitigate lan-
guage biases by including complementary images for each question, making visual understanding
essential. SQuAD (Rajpurkar et al., 2016): Introduced a large-scale reading comprehension dataset
with over 100,000 questions based on Wikipedia passages, emphasizing span-based question an-
swering. CommonsenseQA (Talmor et al., 2019): Developed a commonsense question-answering
dataset using CONCEPTNET, containing over 12,000 multiple-choice questions designed to test
commonsense reasoning.

7 FUTURE WORK

There are several avenues for future exploration to extend and deepen the findings of this study.
First, conducting more extensive experiments with different types of models and datasets could help
in understanding the generality of using the self-correction methods for generalization.

Second, comparing our approach to other OOD generalization techniques, such as WiSE-FT, will
establish a more comprehensive benchmark and compare the efficiency of self correction methods
to other established robust finetuning techniques.

Third, it is essential to investigate the scalability of our methods to larger datasets, models, and
more diverse domains. Assessing the robustness and efficiency of self-correction mechanisms in
these contexts will determine their feasibility for deployment in real-world scenarios.

8 CONCLUSION

In this work, we explored the impact of self-correction mechanisms on out-of-distribution (OOD)
generalization for both language and multimodal models. While previous methods have demon-
strated the potential of self-refinement techniques to improve reasoning capacities, their effect on
OOD robustness has remained underexplored. We systematically studied self-refinement and STaR
methods, highlighting their ability to enhance OOD generalization by leveraging iterative reasoning.
Our initial results show promising improvements in OOD performance, indicating the potential of
self-correction mechanisms to create more robust, generalizable models across diverse tasks and do-
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mains. This work underscores the importance of combining fine-tuning and self-refinement to build
models that can operate effectively in dynamic, real-world environments.

REFERENCES

Lisa Dunlap, Clara Mohri, Devin Guillory, Han Zhang, Trevor Darrell, Joseph E. Gonzalez, Aditi
Raghunathan, and Anja Rohrbach. Using language to extend to unseen domains, 2023. URL
https://arxiv.org/abs/2210.09520.

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the v in
vqa matter: Elevating the role of image understanding in visual question answering, 2017. URL
https://arxiv.org/abs/1612.00837.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models, 2021. URL https:
//arxiv.org/abs/2106.09685.

Aviral Kumar, Vincent Zhuang, Rishabh Agarwal, Yi Su, John D Co-Reyes, Avi Singh, Kate
Baumli, Shariq Iqbal, Colton Bishop, Rebecca Roelofs, Lei M Zhang, Kay McKinney, Disha
Shrivastava, Cosmin Paduraru, George Tucker, Doina Precup, Feryal Behbahani, and Aleksan-
dra Faust. Training language models to self-correct via reinforcement learning, 2024. URL
https://arxiv.org/abs/2409.12917.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image pre-
training with frozen image encoders and large language models, 2023. URL https://arxiv.
org/abs/2301.12597.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hallinan, Luyu Gao, Sarah Wiegreffe, Uri
Alon, Nouha Dziri, Shrimai Prabhumoye, Yiming Yang, Shashank Gupta, Bodhisattwa Prasad
Majumder, Katherine Hermann, Sean Welleck, Amir Yazdanbakhsh, and Peter Clark. Self-
refine: Iterative refinement with self-feedback, 2023. URL https://arxiv.org/abs/
2303.17651.

OpenAI, Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Floren-
cia Leoni Aleman, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, Red
Avila, Igor Babuschkin, Suchir Balaji, Valerie Balcom, Paul Baltescu, Haiming Bao, Moham-
mad Bavarian, Jeff Belgum, Irwan Bello, Jake Berdine, Gabriel Bernadett-Shapiro, Christopher
Berner, Lenny Bogdonoff, Oleg Boiko, Madelaine Boyd, Anna-Luisa Brakman, Greg Brock-
man, Tim Brooks, Miles Brundage, Kevin Button, Trevor Cai, Rosie Campbell, Andrew Cann,
Brittany Carey, Chelsea Carlson, Rory Carmichael, Brooke Chan, Che Chang, Fotis Chantzis,
Derek Chen, Sully Chen, Ruby Chen, Jason Chen, Mark Chen, Ben Chess, Chester Cho, Casey
Chu, Hyung Won Chung, Dave Cummings, Jeremiah Currier, Yunxing Dai, Cory Decareaux,
Thomas Degry, Noah Deutsch, Damien Deville, Arka Dhar, David Dohan, Steve Dowling, Sheila
Dunning, Adrien Ecoffet, Atty Eleti, Tyna Eloundou, David Farhi, Liam Fedus, Niko Felix,
Simón Posada Fishman, Juston Forte, Isabella Fulford, Leo Gao, Elie Georges, Christian Gib-
son, Vik Goel, Tarun Gogineni, Gabriel Goh, Rapha Gontijo-Lopes, Jonathan Gordon, Morgan
Grafstein, Scott Gray, Ryan Greene, Joshua Gross, Shixiang Shane Gu, Yufei Guo, Chris Hal-
lacy, Jesse Han, Jeff Harris, Yuchen He, Mike Heaton, Johannes Heidecke, Chris Hesse, Alan
Hickey, Wade Hickey, Peter Hoeschele, Brandon Houghton, Kenny Hsu, Shengli Hu, Xin Hu,
Joost Huizinga, Shantanu Jain, Shawn Jain, Joanne Jang, Angela Jiang, Roger Jiang, Haozhun
Jin, Denny Jin, Shino Jomoto, Billie Jonn, Heewoo Jun, Tomer Kaftan, Łukasz Kaiser, Ali Ka-
mali, Ingmar Kanitscheider, Nitish Shirish Keskar, Tabarak Khan, Logan Kilpatrick, Jong Wook
Kim, Christina Kim, Yongjik Kim, Jan Hendrik Kirchner, Jamie Kiros, Matt Knight, Daniel
Kokotajlo, Łukasz Kondraciuk, Andrew Kondrich, Aris Konstantinidis, Kyle Kosic, Gretchen
Krueger, Vishal Kuo, Michael Lampe, Ikai Lan, Teddy Lee, Jan Leike, Jade Leung, Daniel
Levy, Chak Ming Li, Rachel Lim, Molly Lin, Stephanie Lin, Mateusz Litwin, Theresa Lopez,
Ryan Lowe, Patricia Lue, Anna Makanju, Kim Malfacini, Sam Manning, Todor Markov, Yaniv
Markovski, Bianca Martin, Katie Mayer, Andrew Mayne, Bob McGrew, Scott Mayer McKinney,
Christine McLeavey, Paul McMillan, Jake McNeil, David Medina, Aalok Mehta, Jacob Menick,
Luke Metz, Andrey Mishchenko, Pamela Mishkin, Vinnie Monaco, Evan Morikawa, Daniel

5

https://arxiv.org/abs/2210.09520
https://arxiv.org/abs/1612.00837
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2409.12917
https://arxiv.org/abs/2301.12597
https://arxiv.org/abs/2301.12597
https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2303.17651


Published as a conference paper at ICLR 2025

Mossing, Tong Mu, Mira Murati, Oleg Murk, David Mély, Ashvin Nair, Reiichiro Nakano, Ra-
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A APPENDIX

a) Question: What type of tree is in this image? b) Question: What color are the cat’s eyes?

In both cases, the models finetuned with self-refinement on VQAv2 data are able to correctly output
that the object in the question is not in the image, whereas models finetuned without self-refinement
give the most general answers related to the object in the question even though they are not present
in the image.
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