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Version 0:
Reviewer comments:
Reviewer #1

(Remarks to the Author)

The paper introduces a dual-process learning paradigm for machine vision, inspired by psychological theories of human
cognition. Specifically, it proposes integrating a fast, experience-driven “System I’ module with a slow, deliberative “System
II” module that allows for iterative solution refinement through self-play reinforcement learning. This approach enables
performance improvements with increased inference-time compute, particularly in data-scarce scenarios. Experimental
results demonstrate that the proposed method outperforms conventional supervised learning, foundation models, and even
human experts on standard computer vision benchmarks and cancer localization tasks across five organs. The framework
shows significant promise for non-verbal machine reasoning, especially in real-world vision applications where labeled data
is limited.

Strength:
+ This paper made sufficient experimental designs for the proposed method, although with some exceptions below.
+ The proposed method is effective, and can be potentially used in different applications.

Weakness:

- The System Il of the method proposed in this paper relies on the probability output of the distribution-discriminator as the
sole reward. Essentially, itis merely a discriminator to produce “manual annotation”, rather than a direct estimation of the
actual task loss (Dice, loU, etc.). As the mask is constantly modified during the reasoning process, the discriminator may be
disconnected from the true segmentation quality. This paper does not provide a mechanism to prevent such deviations or
drifts.

- lam very interested in the adaptation of the method proposed in this paper in classification. However, this paper only briefly
mentions it in the appendix. Please provide more detailed experimental information and discussions for this part.

- Why does System | use the model of the distribution-discriminator architecture? This architecture is particularly poor at
handling small sample situations, and the poor fine-tuning results of small samples might be caused by this reason. Would
the effect be much better if it were replaced with a general neural network for segmentation?

- The refinement in the method proposed in this paper is calculated through XOR point flipping, which contradicts the
anatomical continuity of actual medical organs or lesions and is prone to generating noisy shapes. The paper does not
compare the refinement based on shape priors, graph optimization or variational methods.

- When comparing the segmentation performance, why do the authors choose U-Net instead of the lighter or multi-scale
Swin-UNETR/SegNeXt as baseline? Compared with these methods, Unet will significantly increase the calculation without
bringing quantifiable benefits.

- The System Il proposed in this paper merely uses the winning refinement to further refine in the next generation. Why not
consider fusing the two refinements? After all, the two refinements may have their own advantages in different segmented
regions.

- The hard-coded hyperparameters such as p and i_{end} in the method of this paper are obtained through empirical grid
search. Why not conduct adaptive design according to the task?

- This paper presents the computational cost of the prostate tumor segmentation task in Table 5. Please provide the
computational costs of Liver, Pancreas, Colon, Kidney and other tasks involved in this paper. In addition, it is suggested to
give a comparison of the reasoning delay time of different methods.

- This paper merely presents the selection of hyperparameters. It is suggested that the analysis data of hyperparameters be
provided.



- Only Dice is regarded as the segmentation evaluation metric of medical images in this paper. Please appropriately add one
or two evaluation metrics, such as mloU and HF95.

- The foundation models compared in this paper are relatively outdated. It is suggested to add comparisons with the latest
achievements such as SAM-Med and MedKLIP-Seg.

- In this paper, when pre-training System |, the types of medical images involved are only CT and MR. It is suggested to add
images in more modalities (such as MRI).

- ltis suggested that the writing of the entire paper be reorganized. The information in the main text and the appendix is
scattered, and the key implementation details need to be reorganized in multiple places to be pieced together, reducing
readability and reproducibility.

- Please test the robustness of the proposed method against noisy data or outliers,

(Remarks on code availability)
The code appears to be of reasonable quality and clarity for academic research purposes.

Reviewer #2

(Remarks to the Author)
Topic Summary and Overall Evaluation:

In this work, the authors present a novel framework that leverages insights and methods adapted from the literatures of
inference-time adaptive computation, meta-learning, self-bootstrapping, and multi-agent (self-play) reinforcement learning to
facilitate improved performance on machine vision tasks in sparse data regimes. The authors’ primary contributions are: a
“system 1” module that consists of a “task-predictor” U-Net for solution proposals and a “distribution-discriminator” meta-
learning ResNet that assesses the likelihood of the proposed solutions; a “system 2” module that consists of two adversarial
(“auto-competing”) models whose iterative refinements to the proposed solution(s) are scored by the “distribution-
discriminator”. The authors report substantial gains in low-data variants of digit classification and expert medical
segmentation tasks — with key results showing comparable performance with end-to-end deep learning systems on fewer
than a dozen data samples. Ablation experiments show meaningful contributions from all components in the authors’
proposed system.

Overall, | consider the empirical work of this paper quite compelling, with well-validated results that represent an exciting
methodological advancement in machine vision of broad and immediate interest to multiple sub-fields and downstream
applications. | am somewhat less compelled by what | consider to be the paper’s overly general framing, which | think
detracts from the otherwise solid set of results precisely by prompting a distracting amount of consideration for the other
results that would be necessary to more fully merit the framing. This problem of framing aside, | will say in advance that |
would recommend this paper for publication almost as-is and applaud the others accordingly.

Further feedback and comments (primarily intended to further strengthen this already-strong manuscript) below.
Scope of the Claims / Terminology:

“Visual reasoning”, as the authors note, is a term that covers a broad array of tasks grounded in visual sensory data. The
empirical results of this work, however, apply mainly to sparse-data regimes within two tasks: segmentation and
classification. Even excluding visual question-answering (which the authors do by high-lighting the “non-verbal” nature of
the visual reasoning that machine vision systems continue to struggle with), there are still a wide variety of visual reasoning
tasks this work does not address: keypoint and pose estimation, localization (e.g. odometry), 2D and 3D geometry, path
tracking, et cetera. With this in mind, I'd say the results speak more to improvements in dense-prediction (or even justin
foundational “perception”) more than reasoning, per se.

This limitation, in turn, brings us to the core framing issue: The metaphor of “System 1” and “System 2”. | appreciate the
reference, and understand where the authors are coming from, but the use of what are (at their core) iterative refinement
(denoising) techniques (of which multi-agent / adversarial setups seem also a sub-case) simply does not, in my mind, justify
the use of these terms — which entail a massive amount of affordances and associations in a very extensive and diverse
array of literatures. | imagine the authors don’t particularly wish to engage in the kinds of definitional debates that reference
to these terms so often generates, though if they do, there is much more work to be done (and many more results | personally
would need to see) to justify the consideration of refinement to be a general case of “System 2”-style visual cognition. Some
questions worth considering that | hope will better illustrate my point here:

- Is visual search (which often involves longer time-scales, and deliberative processing) a case of System-2 visual
reasoning?

- Are generative adversarial networks (structurally similar in many ways to the self-play reinforcement learning setup the
authors propose here) an example of a System 2 “deliberative. slow-thinking” model?

- Is auto-regression a case of “System 2” reasoning since it involves context-specific integration of time-dynamic data?

- Is shape-based visual perception a case of “System 2”? (Many machine learning methods designed to ameliorate the
supposed “texture bias” of image classification systems in favor of shape-based recognition involve e.g. recurrence as a
solution to sub-problems like border ownership and boundary path-finding.)

Indeed, these examples are a tad pedantic, and | don’t necessarily fault the authors for trying to make their results more
accessible to a wider audience. The vague metaphorizing of new machine learning methodologies to cognitive psychology
+ neuroscience is certainly in vogue (see e.g. the recent work on the “Hierarchical Reasoning Model”), but is a bandwagon |



think better to be avoided.

My main recommendation: Change the title to be more about the benefits of iterative / multi-agent / self-refinement in
machine vision, drop or dramatically diminish the terminology of “system 1” and “system 2”, and re-focus the introduction on
the more directly relevant literatures showcasing issues of visual task-solving in low data regimes. It is here the author’'s
work most brightly shines!

Suggested Experiments to Justify the Scope:

If the authors do wish to keep the more general scoping of their framework, | think at least a few further experiments are in
order, for example:

- Application to spatial reasoning tasks (e.g. on the CLEVR dataset)

- Application to scene understanding (e.g. depth estimation, panoptic segmentation)

... the latter of which, especially, would extend the framework beyond the pixel masks that currently define the experiments,
and which could (more detractively) be considered cases of denoising rather than reasoning, per se.

Robustness Checks / Sensitivity Analysis:

In terms of robustness (even if the authors opt for less general framing), perhaps further sensitivity analysis of the refinement
operator’'s hyperparameters (e.g. pixel-flip proportion) are potentially a key revision necessary to better support the work’s
central claims. Cross-validation across different data splits is another route.

Clarifications of Trade-offs and Component Attribution:

To better situate / clarify some of the gains in the empirical work, further details on compute trade-offs and the roles of the
pipeline’s different components could be helpful.

While Figure 5 does already address this to a reasonable extent, more detailed scaling curves (compute versus gain-per-
sample) and carbon footprint estimations could further emphasize / help the reader better understand the efficiency gains of
the proposed method.

Again returning to narrative, what the authors often refer to as “reasoning” is never fully dissociated from known iterative
refinement dynamics in other systems. The authors would do well to better address (either with further experiments or in
discussion) how their system (conceptually or methodologically) differs from previous / concurrent work such as:

- CRF-RNN (Zheng et al., 2015), which improves pixel-wise labeling in a refinement loop guided by energy minimization

- Diffusion models (e.g. Ho et al, 2020) which perform better with more iterative steps

- Relevant feature selection from pretrained features (e.g. Dvornik et al., 2020)

-HRM/TRM (Wang et al, 2025 / Jolicoeur-Martineau, 2025): Currently popular “reasoning” models showing strong case
gains simpler from longer test-time iteration

TLDR, perhaps redundant at this point: The cognitive metaphor of System 1 and System 2 is potentially obscuring the more
direct association of this work with these other methods.

Algorithmic Reproducibility of the Key Results:

The repo currently provided by the authors (https:/github.com/s-sd/system-ll-vision) is insufficient to fully reproduce the key
results of the paper, showing only the basic setup of the MNIST digit classification experiments with a basic U-Net and
AlexNet model. (Pending deeper inspection, itis unclear to me at the moment if the U-Net in the GitHub repo is comparable
to the U-Net described in the methods). Links are provided for the medical datasets, but the repo currently does not provide
the data loaders, training scripts, hyperparameter configs, and other sub-modules that would be necessary to fully validate
the authors’ setup. (I understand this is a public repo, and that the authors might be waiting for publication to release more
code — so this is largely a note | leave at the editor’s request.)

Conclusions + Final Thoughts
Despite the critical feedback above, my overall impression of this work remains largely positive: In short, | think it's pretty
darn solid! I do hope the authors take heed in particular of my notes about framing, but otherwise, | hope even more to see

this work published in due course. | congratulate the authors for their progress on this exciting and substantive frontier.

(Remarks on code availability)
(See my comments on "Algorithmic Reproducibility of Key Results" above.)

Version 1:
Reviewer comments:
Reviewer #1

(Remarks to the Author)
Thank the authors for the clarification. It addressed several of my concerns; however, | still have a few remaining comments.



- The paper indicates that the refinement process is a competitive game between two agents with self-play. However, the
optimization objective, which is to maximize the segmentation quality score, is optimization-based rather than adversarial-
based. The authors should provide theoretical justification for why a competitive formulation will achieve better performance
compared to multi-agent reinforcement learning or standard optimization.

- In the System Il module, the ground truth for samples is generated based on the discriminator’s score. Will any bias in the
discriminator lead to model collapse over time?

- The refinement action is based on the XOR flipping. This strategy forces the reasoning process to solely operate on hard
binary masks, which may lose valuable uncertainty information. Probability-based approaches may be more reasonable for
medical image segmentation rather than the proposed the hard-decision logic.

- Will the proposed method handle multi-object segmentation tasks? For instance, when a refinement improves on lesion but
degrades another in a multi-lesion image, what will the proposed System Il do?

- The proposed System Il is strongly similar to the Test-time Adaptation approaches. Authors should clarify the theoretical
difference between these two frameworks.

- From my perspective, the refinement process in System Il initializes from the System I's prediction. In extreme cases where
the prediction of System | is completely misaligned from the true label, will the XOR refinement operation recover this low-
quality first-stage result?

- Authors do not discuss failure cases, such as cases where System Il degrades the initial System | prediction. Such analysis
will help us build a more comprehensive understanding of the proposed method.

(Remarks on code availability)

Authors have currently provided a working demo for MNIST digit classification (Fig 3 in the revised paper). A README file
with sufficient instruction for installing and reproducing this result is provided. | am able to successfully run the provided
scripts and | believe the code will be useful for the research community.

Reviewer #2

(Remarks to the Author)

| applaud and thank the authors for their in-depth, comprehensive responses to my feedback / that of other reviews -- and |
am pleased to report that on nearly all fronts, | am amply satisfied with the revisions! The sensitivity sweeps in particular very
much deepen my confidence in the robustness of the standout results. While | would still take some issue with the System-1
/ System-2 framing, | also recognize this is a popularly-used metaphor in the AI/ML literature and don't think that particular
gripe clouds the many other excellent contributions of this work, nor overshadows the better scoping the authors provide in
this revision. And so, taken together, | recommend accept as-is! Congratulations to the authors on a job well done.

(Remarks on code availability)

The authors have adequately addressed the points raised on reproducibility in my primary review. And so, while | was again
not able to reproduce the manuscript results from the provided GitHub repo, | accept the authors' declaration of intent to
provide more comprehensively reproducible updates on publication.

Version 2:
Reviewer comments:
Reviewer #1

(Remarks to the Author)
Thank you for the clarification, which addressed several of my earlier concerns. A few minor points remain.

- The +1/-1 relative reward scheme may mitigate absolute drift, but it risks creating a severe information bottleneck. By
discretizing the reward signal, the framework loses gradient resolution — a policy update that dramatically improves the
mask is treated identically to one yielding marginal gains. This could lead to substantial inefficiency in training. It is unclear
whether the current framework has any mechanism to recover from this.

- The refinement procedure bears a close resemblance to iterative denoising in conditional diffusion models. The authors
should provide theoretical or empirical justification for why the added complexity of a GAN+RL framework offers a
meaningful advantage over a simpler test-time conditional diffusion process initialized on System I's output.

- The choice of N=2 agents warrants explicit discussion. The authors should clarify whether this is an architectural constraint
or an empirically motivated decision, and address whether scaling to a larger agent pool degrades performance.

- The robustness of the System /Il adaptation to sample quality remains unverified. Reporting performance standard
deviation across multiple sampling seeds would help distinguish genuine improvement from favorable few-shot selection.
- lwould like to kindly note that the public repository has not been updated since the last round of review. | would strongly
encourage the authors to release the full codebase upon acceptance, enabling the community to reproduce all reported
experiments — beyond the existing MNIST demo.

(Remarks on code availability)



I would like to kindly note that the public repository has not been updated since the last round of review. | would strongly
encourage the authors to release the full codebase upon acceptance, enabling the community to reproduce all reported
experiments — beyond the existing MNIST demo.
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Reasoning in machine vision: learning to think fast and slow
Point-by-point response to reviews

We thank the reviewers and the editor for their insightful and constructive feedback. We
address all comments in a point-by-point manner below, outlining the ‘comment’, ‘response’
and/or ‘action’. Comments from Reviewer 1 are addressed on pages 1-9 and from Reviewer 2
on pages 10-15. Please note that reference numbers used here are separate from the manuscript.

Reviewer 1

Comment: The System II of the method proposed in this paper relies on the probability
output of the distribution-discriminator as the sole reward ... As the mask is constantly
modified during the reasoning process, the discriminator may be disconnected from the
true segmentation quality. This paper does not provide a mechanism to prevent such
deviations or drifts.

Action: We agree that it may be possible for the discriminator to be disconnected from the true
segmentation quality. Our framework incorporates two mechanisms that maintain alignment
between the discriminator and the true task objective. We have now added a brief discussion to
the ‘Methodological description’ section of the supplementary materials to discuss both mech-
anisms, under the paragraph heading ‘Preventing disconnects between the discriminator scores
and actual task performance’:

Two mechanisms ensure alignment between the discriminator and the true task objective
to be maintained in the reasoning process. First, before System Il reasoning begins, both the
task-predictor and distribution-discriminator are adapted using a small set of human-labelled
samples specific to the target domain. This ensures that predictions from both networks are task-
relevant, minimising the difference in objectives between the domain-of-interest and cross-task
pre-training. Furthermore, use of the meta-learning algorithm, Reptile, during pre-training,
equips the System I module with the ability to become task-relevant with minimal labelled data.
Once System II reasoning begins, both networks are held fixed, preventing further drift dur-
ing the refinement process itself. Second, the reward is defined as the relative improvement in
discriminator score between competing refinements, rather than relying on the discriminator’s
absolute output. Relative rewards are considerably less sensitive to calibration errors in the
discriminator, because what matters is the direction of improvement, not the specific numerical
value, which is a common strategy used in RL. This comparison-based formulation therefore
mitigates the impact of any drift or noise in the discriminator’s absolute scores. Ablation stud-
ies removing the relative reward (auto-competition) are presented in supplementary Tab. 5,
which shows that the relative reward formulation offers improved performance. Note that we
intentionally used a few samples for adaptation (e.g., 8 samples as shown in Fig. 5c and sup-
plementary Tab. 6). Using a larger adaptation set may further reduce the likelihood of any
potential deviation between the discriminator and true segmentation quality. However, our aim
was to evaluate the system under a highly sample-efficient regime and demonstrate that strong
performance can be achieved even with minimal adaptation data.



Additionally, we have now added an experiment investigating the alignment or correlation
between Dice score and the discriminator score when using different amounts of human labelled
data for adaptation. This has been added to the ‘Ablation and robustness studies’ section in the
supplementary materials:

To analyse the alignment between task performance and the discriminator score, we inves-
tigate the correlation between Dice score and the discriminator score, for the task of prostate
cancer segmentation, when using different amounts of human labelled data for adaptation of
the System I module. The results are presented in Tab. 6 below, where we measure the Pear-
son’s correlation coefficient (and standard error) between the Dice score (measured between
task-predictor labels, from a task-predictor adapted with 32 samples, and human labels) and
discriminator score, across 100 human-labelled samples in the holdout set. We observe that
approximately 8 samples allow for correlations approaching the level of alignment observed
Jor much larger sets of labelled data.

Human labels | Correlation
0 0.21 £0.09
4 0.53 £ 0.09
8 0.81 £ 0.06
12 0.83 £ 0.06
16 0.79 £+ 0.06
20 0.84 4+ 0.05
24 0.83 £ 0.06
28 0.81 £ 0.06
32 0.80 £ 0.06

Table 1: Impact of human-labelled data for adaptation of the System I module on the alignment
between the distribution discriminator scores and actual performance (Dice).

Comment: interested in the adaptation of the method proposed in this paper in classifica-
tion ... provide more detailed experimental information and discussions

Action: We have now substantially expanded the classification part in the ‘Adapting the method
for classification or regression’ section in the supplementary materials (highlighted in the anno-
tated version of the manuscript):

1. Adding details on the mix-up procedure to generate continuous values for labels.

2. Providing further details and an additional example on the binarisation of multi-class
classification problems.

3. Adding a table with detailed comparisons to commonly used methods such as CNNs,
trained with the same data as the System II approach, and with the much larger full
dataset, showing improved performance with our System II approach.

4. Showing performance improvements compared to other reasoning models such as Chat-
GPT and Gemini, for a new task of IQ test puzzle correct answer classification, repre-
senting a diverse real-world vision task (with experimental details added to the relevant
subsection).



Comment: Why does System I use the model of the distribution-discriminator architec-
ture? This architecture is particularly poor at handling small sample situations, and the
poor fine-tuning results of small samples might be caused by this reason. Would the effect
be much better if it were replaced with a general neural network for segmentation?

Response:

The System I module adopts an adversarial architecture because the two functions it com-
prises, i.e., the task predictor (which generates solutions) and the distribution discriminator
(which assesses the plausibility of that solution) are inherently interdependent. The discrimi-
nator must continuously adapt to the evolving predictions of the task predictor, while the task
predictor must learn to generate outputs that satisfy the discriminator’s learned representation of
solution plausibility. This joint optimisation cannot be reproduced by a standalone segmentation
network, as it lacks the mechanism to model this mutual dependency.

While adversarial approaches can, in principle, be sensitive to small training sets, in our
case the discriminator is not trained to model visual appearance from scratch. Instead, it is pre-
trained on other segmentation tasks using the Reptile meta-learning algorithm to allow adapt-
ability to new tasks. Empirically, we did not observe instabilities attributable to small-sample
effects in this module.

To test whether a standard segmentation network would perform better in small-sample set-
tings, we reported ablations where adversarial training was removed and the task predictor was
trained as a conventional segmentation network. These experiments were reported in supple-
mentary Tab. 5 and detailed in the corresponding supplementary ‘Ablation and robustness stud-
ies’ section. We observed a substantial degradation in performance when adversarial coupling
was removed, despite using identical data, hyper-parameters and compute budgets. These find-
ings suggest that the adversarial formulation is not the source of poor fine-tuning performance
in small-sample cases. Instead, it is the coupling between prediction and distribution discrim-
ination that provides meaningful supervisory signal beyond what a conventional segmentation
network can offer.

In summary, the architecture is adopted because it captures the intrinsic dependency between
solution generation and distribution evaluation. Our ablations further confirm that replacing this
module with a standard segmentation network leads to inferior performance, even under limited
data.

Action: We acknowledge that the above discussion may be of interest to readers and have
now added a discussion to the ‘Ablation and robustness studies’ section in the supplementary
materials:

In particular, it is interesting to note that the removal of adversarial training led to a marked
reduction in performance, which highlights the interdependent nature of the solution prediction
and distribution discrimination. During adversarial training, the discriminator continuously
adapts to the evolving predictor outputs, while the predictor updates to better match the learned
solution distribution. This coupling enables System I to capture the interdependence between
solution quality and distributional plausibility, which is lost when the components are trained
separately as conventional neural networks.

Comment: refinement in the method proposed in this paper is calculated through XOR
point flipping ... this contradicts the anatomical continuity of actual medical organs or
lesions and is prone to generating noisy shapes ... paper does not compare the refinement



based on shape priors, graph optimization or variational methods

Response: We appreciate the reviewer’s observation and address the concern in three clarifying
points:

1. Pixel-level XOR refinement may trade explicit continuity priors for flexibility in lo-
cal regions
The XOR mechanism is applied at the pixel level, resulting in pixel-level resolution with-
out enforcing any continuity or smoothness constraints, which may bias the predictions.
This design choice is intentional: in cancer segmentation, for example, lesions are often
heterogeneous, irregular, fragmented, or multi-focal. Strong shape priors, graph con-
straints or variational regularisers would enforce smoothness and spatial coherence that
may not hold for such pathology, and would risk systematically smoothing out subtle or
discontinuous disease patterns. Pixel-level refinement avoids such assumptions and al-
lows the system to represent challenging, less-smooth anatomical or pathological bound-
aries when the image evidence supports them.

2. When smoothness is beneficial, it can still be learned implicitly from data rather
than enforced a priori.
Although we do not impose hand-crafted shape priors, our framework is not uncon-
strained. During pre-training, the discriminator learns shape statistics across diverse seg-
mentation problems and penalises implausible refinements. In this way, continuity and
smoothness (when they are characteristic of the underlying anatomy or pathology) are
encouraged implicitly through data, rather than via hard-coded assumptions. This avoids
biasing the model toward incorrect anatomical regularity in heterogeneous pathology.

3. Empirically, continuity is not the dominant source of segmentation error in our set-
ting
In practice, the largest performance bottlenecks arise not from local continuity viola-
tions but from broader issues such as ambiguous boundaries, artefacts or limited super-
vision. Our quantitative and qualitative evaluations demonstrate that XOR-based refine-
ments do not produce noisy or anatomically implausible shapes, and that continuity is
well preserved in typical cases (see Fig. 4). While we acknowledge that tasks with
highly smooth, low-variability anatomy may benefit from explicit shape priors, this is
application-dependent. As such, while exploring this direction is interesting for future
work, our focus is on performance improvements offered by inference-time optimisation
without manual assumptions or constraints.

Action: To the supplementary section ‘The definition of refinement’ we have now added the
following discussion:

Our implementation performs refinement at the pixel level using XOR flipping to allow max-
imum flexibility in the evolving solution space. While this operates without explicit shape priors
or graph/variational constraints, anatomical plausibility is implicitly enforced via the learned
distribution-discriminator, which penalises unlikely or anatomically implausible refinements.
This avoids imposing hard-coded continuity assumptions, which may conflict with the irregular
and heterogeneous morphologies often observed in real cancer pathology.



Comment: comparing the segmentation performance, why do the authors choose U-Net
instead of the lighter or multi-scale Swin-UNETR/SegNeXt as baseline? It is suggested to
add comparisons with the latest achievements such as SAM-Med and MedKLIP-SegSAM-
Med and MedKLIP-Seg

Response: Originally we used the U-Net as the baseline due to it being the most commonly
used method for pathological segmentation. Additionally, we compared with the previous best-
performing methods found in recent literature. Recent work on more general algorithms may
improve inductive biases but gains are often task- and data-dependent.

However, we acknowledge that readers may be interested in more recently emerging mod-
els. As such, we have now added comparisons to Swin-UNeTr and SegNeXt to Tab. 3 in the
supplementary materials.

The original SAM-Med and MedKLIP-Seg may not be directly comparable to our work as
they both are reliant on external inputs, during inference or pre-training. SAM-Med requires
prompts for inference, and MedKLIP is designed for knowledge-enhanced pre-training using
text-based reports. Since neither prompts nor text reports are available for our model and evalu-
ation datasets, the comparison would not be well-suited for this work. However, if the reviewer
is interested, we evaluated the efficacy of SAM-Med on the PROMIS prostate cancer dataset in
one of our recent works: Karam et al. 2025. Promptable cancer segmentation using minimal
expert-curated data. Medical Image Understanding and Analysis (MIUA) 2025.

Action: As highlighted above, we have now added comparisons to Swin-UNeTr and SegNeXt
to Tab. 3 in the supplementary materials.

Comment: System II proposed in this paper merely uses the winning refinement ... Why
not consider fusing the two refinements?

Response: We thank the reviewer for this interesting question. In our framework, the can-
didate solutions are treated as competing, where the competition is intentionally structured to
encourage winning by proposing the best possible agent-specific refinement. The choice to use
the winning refinement rather than fusing them is motivated by both theoretical and practical
considerations, as well as empirical observations. We elaborate these as follows.

1. Theoretical consideration - stability of the reward signal: The reward is comparative
1.e., the solutions are compared and only the refinement with the higher discriminator
score receives a fixed reward. This minimises sensitivity to small fluctuations in the
absolute discriminator scores. Fusing refinements would require reward assignment based
on absolute discriminator values, making learning more sensitive to calibration noise and
score inconsistencies. By contrast, selecting the winning refinement provides a stable,
binary reward signal (+1/0), which is known to improve convergence behaviour in RL
settings.

2. Practical consideration - incompatibility between competing refinements: In many
iterations, the two competing proposed refinements are mutually contradictory. In dense
segmentation tasks, for example, one refinement may add pixels along the boundary while
the other removes pixels from the same region. Such inconsistencies make fusion unre-
liable, producing inconsistent shapes with conflicting topologies. By selecting only the
winning refinement, these incompatibility issues are avoided.



3. Empirical observation - fusion underperformed in pilot experiments: In preliminary
experiments, we evaluated fusion-based combinations (e.g., union, intersection, soft vot-
ing). These approaches did not yield performance gains and frequently degraded seg-
mentation quality, particularly by smoothing out fine lesion boundaries. In contrast, the
competitive selection mechanism consistently produced sharper and more anatomically
plausible refinements.

4. Interpretability advantages: We acknowledge that interpretability can be subjective.
With that said, tracking the winning refinement at each iteration results in a clear, step-
wise refinement path. This trajectory highlights which regions were repeatedly favoured
or rejected, providing an interpretable explanation of the decision process, which was il-
lustrated in our qualitative analysis. Fusing refinements would obscure this interpretabil-
ity by collapsing multiple hypotheses into a single aggregated update.

Action: To the supplementary materials ‘Methodological description’ subsection ‘The System
IT module’, we have now added a brief statement on the reason for using the winning refinement:

For each refinement step, System I1 selects the single best hypothesis rather than merging the
two proposals. This choice is motivated by firstly the fact that many competing refinements are
mutually contradictory (e.g., expanding versus contracting a boundary), where merging would
produce semantically inconsistent shapes, and secondly the use of relative, rather than absolute,
discriminator-based reward assignment, which provides stability against small fluctuations in
absolute discriminator scores.

Comment: hyperparameters such as p and i.,,; are obtained through empirical grid search
Why not conduct adaptive design according to the task ... It is suggested that the
analysis data of hyperparameters be provided

Action: In our experiments, we noticed that the optimal values for the hyper-parameters e.g.,
p and 7,4, did not vary across our evaluation datasets (see added analysis below). We note that
this may be because of a strong dependence of these on the image size. Fully-data-driven adap-
tive design for the task may risk introducing additional instability, where for fixed-resolution
datasets considered in this work, the set hyper-parameters proved consistently optimal across
tasks. However, we fully agree that adaptive hyper-parameter design could be beneficial in tasks
with variable image resolution, markedly different ROI sizes, or clinical workflows requiring
dynamic computation budgets. We have now added the analysis of hyper-parameters to Tab. 8
in the supplementary materials, accompanied by a brief discussion on: 1) dependence of op-
timal values on the image size and 2) the utility of task-specific hyper-parameter settings, in
cases where images or ROI sizes are different across tasks:

The analysis of hyper-parameters p (the proportion of pixels to flip per iteration) and i,,4 is
presented in Tab. 8. Note that we observed a high dependence of the optimal values for both
hyper-parameters on the input size or number of pixels in the image P. As such, we defined i,y
as a function of P. As the input size stays consistent across datasets in our work, we observed a
consistent optimal value for both p and i.,4 across the evaluation datasets. However, for other
datasets, in future work, these parameters may need to be tuned according to the input or ROI
size.



Proportion p | Termination 7,4 | Prostate Liver Pancreas
0.001 px Px1 56.8+5.7 | 74.3+8.8 -
0.005 pxPx1 60.4+4.9 | 79.1£9.2 | 62.9+8.8
0.010 pxPx1 61.7£5.8 | 81.5£9.7 | 65.24+9.2
0.050 pXx Px1 61.3+6.3 | 78.7+£9.1 | 62.4+99
0.100 pXxPx1 50.447.8 | 65.3£11.7 -
0.010 px Px1 61.7+£5.8 | 81.5+9.7 -
0.010 px P x10 60.6+54 | 83.7+£9.5 | 65.6+9.1
0.010 pXxX P x100 | 63.0+4.8 | 85.34+8.6 | 66.24+9.4
0.010 p X P x1000 | 58.4+59 | 80.5£9.5 | 61.1£8.7
0.010 p x P x 10000 | 54.1£6.7 | 78.44+9.4 -

Table 2: Impact of hyper-parameters on performance for models adapted using 8 labelled sam-

ples.

Comment: provide the computational costs of Liver, Pancreas, Colon, Kidney and other
tasks involved in this paper ... suggested to give a comparison of the reasoning delay time

of different methods

Action: We have now added these, along with the reasoning times (given the specified number
of adaptation samples / experience), to the section ‘Computational cost’ in the supplementary

materials.
Task GPU Hours Power Carbon
Pre-Train | Adapt Inference / Reasoning Time (W) (kg CO2/
Experience (Number of Samples) GPU hour)
0O 8 16 24 32 40
Prostate 1152 16 41 36 24 16 6 6 300 W 0.13
Liver 1152 18 37 34 20 8 8 7 300 W 0.13
Pancreas 1152 13 42 39 19 9 7 8 300 W 0.13
Colon 1152 15 33 30 11 3 4 3 300 W 0.13
Kidney 1152 21 29 23 17 10 4 2 300 W 0.13

Comment: appropriately add one or two evaluation metrics, such as mIoU

Action: We have now added a new Tab. 4 to the supplementary materials with mloU reported:

Table 3: Carbon footprints estimated on Nvidia V100 GPUs.




Pre-

Method Train Labels Prostate Liver Pancreas Colon Kidney
System II Yes 8 453+54 74.4+13.1 43.8+10.0 48.3+11.8 60.8+8.1
System II Yes 12 46.0t5.1 72.3+£15.1 46.6+9.6 46.3+£10.9 59.9+7.5
System II Yes 16 45.8+6.2 729+13.6 49.5+10.5 47.8£12.0 58.9+7.8
UNet [20] Yes 8 142+3.6  19.5+7.2 14.0+£55 21.1+7.8 18.8+4.4
UNet [20] Yes 12 16.6+3.6  25.24+8.9 18.5+6.5 19.34+8.3  20.6+3.9
UNet [20] Yes 16 17.54£3.2  27.54+7.6  29.0+7.2 263+£89 21.4+4.2
UNet [20] Yes >100 | 26.3+4.7 59.0£12.3 39.0+£8.8 36.9+t11.2 56.0+8.3

SUNeTR [9] Yes 8 14.7£3.5 21.84£7.9 15.1+£58 21.1+£7.2  20.6+4.8
SUNeTR [9] Yes 12 16.8+4.0  24.5+8.1 20.2+7.1 22.2+8.7  21.31+4.8
SUNeTR [9] Yes 16 20.84+3.6  29.84+8.3  30.0+7.7 29.3+89  27.7+4.7
SUNeTR [9] Yes >100 | 26.5+4.3 62.24+134 40.24+8.7 359+10.3 54.847.1
SegNeXt [8] Yes 8 13.3+2.9 18.3+8.3 14.9+6.5 19.4+8.5 18.5+4.7
SegNeXt [8] Yes 12 17.4+£3.6  26.1£7.7 19.6+£6.0 23.7+£8.6 21.3+4.6
SegNeXt [8] Yes 16 20.0+4.2  28.8+8.5 31.9+8.1 27.3+9.2 314453
SegNeXt [8] Yes >100 | 25.2+3.8 58.7+13.2 41.04£89 39.6+104 54.9+7.0
UNet [20] No 8 10.1+£3.5 11.6+5.5 11.4+6.0 16.5+8.0 18.24+4.6
UNet [20] No 12 12.842.9 1594+6.5 20.4+6.7 17.74£8.0  19.34+3.7
UNet [20] No 16 15.543.3  21.0+7.7 26.1+6.8 25.7+£8.1 24.5+49
UNet [20] No >100 | 232437 59.4+13.2 37.0+£9.3 38.1+£9.7 54.1+6.6

Dv2 [[17] Yes 8 23.84+3.8  23.0+6.9 22.7+6.5 22.0+7.7 23.5+4.7
Dv2 [[17] Yes 12 234433  24.5+6.7 2294+6.7 227479 233439
Dv2 [17] Yes 16 23.8+4.3  26.3+7.7 24.0+7.1 244489 257445
Dv2 [[17] Yes >100 | 25.6+4.4 58.1£129 38.8+8.8 36.4+9.6 56.9+8.4
USeg [3]] Yes 8 16.0+3.6 - 19.945.9  24.349.2 -
USeg [3] Yes 12 21.0+4.2 - 21.0+6.5 25.448.9 -
USeg [3] Yes 16 22.0+3.5 - 25.54+6.9 27.3+8.8 -
USeg [3] Yes >100 | 26.7+4.1 - 43.6+9.8 44.4+10.5 -

nnUNet [12] No  >100 | 26.8+4.5 - - - -
CLIP [[14] Yes >100 - 65.8+11.1 45.2+10.3 46.1+11.3 -
ASeg [16] No >100 - - - - 61.8+7.2

Table 4: The mean intersection over union (mloU) metric reported for cancer lesion segmenta-
tion, corresponding to the above Tab. 3 (where Dice was reported).

Comment: information in the main text and the appendix is scattered

Response: The journal guidelines state that Methods and Results in the main manuscript should
be succinct (less than 3000 words), as such, in our main text we provided high-level descrip-
tions; with mathematical notation and detailed results presented in the supplementary materials.
We acknowledge that this may be confusing for more technically inclined readers, however, it
may allow for broad readability of the main manuscript.

Action: To improve the information flow, we have now re-done the section headings into ‘Intro-
duction’, ‘Methods’, ‘Results’ and ‘Conclusion’ to match a more conventional layout. We have
also added pointers to the supplementary materials, where appropriate, in the main manuscript.




Comment: test the robustness of the proposed method against noisy data or outliers

Action: We have now added the following new experiment to ‘Impact of annotation noise’
under ‘Ablation and robustness studies’ in the supplementary materials:

We study the impact of noisy human annotated data on the performance of our proposed
method compared to deep learning. The detailed quantitative results are presented in Tab. 7.
Note that we added random deformations to the segmentation labels to simulate human error
in annotation, the biggest source of noise in our data. The segmentation masks were deformed
using a grid of 3x3 control points, each with a random displacement of 0-40 pixels or 0-20mm,
with dense displacements computed using linear interpolation. The images themselves were
kept unchanged, as they already contain real-world noise sources (e.g., motion artefacts, probe
variability and sensor noise), and because realistic simulation of imaging noise remains an
open research problem without standardised models. Additionally, For different proportions
of noisy adaptation samples, we compared the proposed method with a deep-learning-based
segmentation baseline. As shown below, both methods experience performance degradation as
noise increases, but our approach shows a more gradual decline, indicating better robustness
to annotation outliers.

Percentage corrupted | System II | DL - Pre-trained
0 62.7+£5.7 40.6+4.9
25 60.1£5.2 31.4+59
50 51.3+£5.9 26.8+5.6
75 40.2+£5.4 22.6+4.8
100 30.2+5.2 21.3+£5.5

Table 5: Studying the impact of noisy data on performance for the prostate cancer segmentation
task. The ‘percentage corrupted’ refers to the percentage of adaptation data to which noise was
added out of a total of 32 adaptation samples.



Reviewer 2

Comment: Visual reasoning is a term that covers a broad array of tasks grounded in
visual sensory data ... empirical results of this work, however, apply mainly to sparse-
data regimes within two tasks: segmentation and classification ... results speak more to
improvements in dense-prediction (or even just in foundational ‘“perception’’) more than
reasoning

main recommendations: re-focus the introduction on the more directly relevant litera-
tures showcasing issues of visual task-solving in low data regimes ... better address (either
with further experiments or in discussion) how their system (conceptually or method-
ologically) differs from previous / concurrent work ... CRF-RNN (Zheng et al., 2015) ...
Diffusion models (e.g. Ho et al, 2020) ... feature selection from pretrained features (e.g.
Dvornik et al., 2020) ... HRM / TRM (Wang et al, 2025 / Jolicoeur-Martineau, 2025)

Response: We thank the reviewer for the thoughtful comment. We agree that visual reasoning
is a broad term covering heterogeneous tasks. Our use of the term follows its recent usage in
deep learning, where reasoning often denotes the use of additional inference-time computation
to refine or improve predictions, rather than a claim to emulate the full breadth of human vi-
sual reasoning e.g., [23} 21} |11} 7, |15, [2]. Our empirical contribution is focused on scenarios
where such inference-time refinement is most impactful, namely data-scarce dense-prediction
and classification tasks, including segmentation of heterogeneous pathology.

Our intention was not to generalise beyond these settings, but to show that iterative inference-
time refinement can serve as a principled mechanism for improving performance where con-
ventional deep learning or foundation models are constrained by limited data or fixed inference
compute. We appreciate that some parts of the introduction could better reflect this scope, and
have revised the manuscript accordingly, as highlighted in the ‘Action’ below.

Action: Firstly, we have revised the introduction and the abstract to make the following changes
(exact changes highlighted in the annotated version of the manuscript):

1. Clearly define machine visual reasoning as inference-time compute used to refine solu-
tions and improve performance, with relevant references to recent literature.

2. Reduce the broad terminology of ‘visual reasoning’ in favour of ‘learning in data-scarce
regimes’ and ‘inference-time compute’, to more accurately reflect the scope of the empir-
ical work.

3. Add context explaining that our experiments focus on a few representative sparse-data
tasks where performance could be improved through machine visual reasoning.

Secondly, we have added a paragraph in ‘Section Progress towards inference-time compute
capabilities in machines’ comparing our method with the categories of approaches highlighted
by the reviewer.

Several existing approaches aim to refine initial visual predictions, marking a step toward
inference-time compute. Structured-prediction methods such as CRF-based refinements [25]
enhance spatial coherence through hand-crafted constraints and a fixed number of update steps.
Diffusion-based iterative approaches [|10] also refine predictions but follow predetermined gen-
erative trajectories, with fixed steps, and typically rely on large-scale datasets for training.
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Other methods improve data efficiency by selecting or adapting pretrained features [4], or by
refining internal representations through hierarchical modules [22, 13, though their inference-
time computation is fixed once trained. In contrast, inference-time compute analogous to System
11 thinking would allow performance to improve with added unbounded computation/ thinking
time, even when labelled data is scarce.

Finally, in the discussion in section ‘Results’ we have now clarified the scope of our empir-
ical work:

Our experiments focus on representative data-scarce vision tasks that are clinically and sci-
entifically important, where conventional deep learning often struggles. We do not aim to cover
the full breadth of visual reasoning. Instead, we show that inference-time computation, via com-
petitive hypothesis refinement, can reliably improve performance when additional labelled data
are limited or unavailable. These results illustrate a broader principle: increasing computation
at inference can serve as an effective alternative to increasing training data, with potential to
extend to other visual tasks in future work.

Comment: framing issue: The metaphor of “System 1” and “System 2” ... the use of
what are (at their core) iterative refinement (denoising) techniques (of which multi-agent
/ adversarial setups seem also a sub-case) simply does not, in my mind, justify the use
of these terms — which entail a massive amount of affordances and associations in a very
extensive and diverse array of literatures

questions worth considering that I hope will better illustrate my point ... is visual
search ... generative adversarial networks ... auto-regression ... shape-based visual per-
ception ... case of System II? main recommendation ... title to be more about the benefits
of iterative / multi-agent / self-refinement in machine vision ... dramatically diminish the
terminology of “system 1” and “‘system 2” ... re-focus the introduction on the more di-
rectly relevant literatures showcasing issues of visual task-solving in low data regimes at
least a few further experiments are in order ... spatial reasoning ... scene understanding

Response: We thank the reviewer for this thoughtful framing comment. We fully appreciate that
the terms System I and System II carry strong associations from cognitive psychology and must
be used with precision. Our intention was not to imply a literal cognitive model, nor to suggest
that all iterative refinement qualifies as System II thinking. Instead, we used dual-process termi-
nology as a conceptual analogy to describe the separation between fast, feed-forward inference
and slower, compute-intensive refinement that can continue improving a solution.

This dual-process framing has been adopted in recent machine learning and deep learning
research (e.g., [21} 2, 24} 6, 5, |18, |19]). As such, use of these terminologies allows for broad
readership.

That said, we recognise the reviewer’s concern that the metaphor may read as broader than
our empirical scope. We have therefore narrowed and clarified the language around human
cognition, ensuring that it is presented as a high-level analogy and not as a scientific claim
with psychological correspondence. We have also refocused several aspects and made clear
the relevance to existing literature on visual task-solving in data-scarce settings. The specific
changes are highlighted in the ‘Action’ below.

Regarding whether iterative visual search, GANSs, autoregression, or shape-based percep-
tion should themselves be called System II, we agree that this highlights the ambiguity of the
terminology when applied too broadly. For clarification, our definition for System II in ma-
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chines encompasses only methods that use unbounded inference-time compute to improve per-
formance, with inference-time methodologies not fixed or learnt based on extensive datasets.
The reviewer’s questions further support narrowing our metaphorical framing and adding more
rigorous definitions, which we have now done as highlighted in the ‘Action’.

Finally, we appreciate the reviewer’s suggestion to examine additional tasks such as spatial
reasoning or scene understanding, which are indeed exciting directions. Our empirical objective
in the main manuscript is more focused , i.e., to examine whether inference-time refinement can
reliably improve performance in sparse-data regimes. We have now clarified this in the text and
narrowed the general framing. In addition, to demonstrate the generality of the mechanism, we
have now included two experiments, as requested by the reviewer, in the supplementary mate-
rials as highlighted in the ‘Action’ below. For demonstrating spatial reasoning, we have added
a classification task for an IQ test and, for scene understanding, we have added a regression
task focusing on monocular depth estimation. These results are not central to the core claims of
the paper, but are provided for interested readers and to illustrate the method’s potential beyond
dense prediction.

Action: Firstly, we have revised the abstract and introduction (exact changes highlighted in the
annotated version of the manuscript):

1. Reduced the System I and System II metaphor, replacing with more specific terminol-
ogy, such as ‘single-forward pass’, ‘fixed inference’ for System I, and ‘inference-time
compute’, ‘iterative refinement’ for System II.

2. Added concise definitions for analogies for System I and System II in machines, where
System I is defined as a single feed forward pass mechanism at inference time and System
II is defined as inference-time compute used to improve performance, where inference-
time mechanisms are not fixed or learnt based on extensive task-specific data.

3. Clarify that the dual-process terminology is only a high-level analogy, with the method
being technically comparable to relevant recent works on iterative refinement in low-data
learning paradigms (as also noted in the response to the first comment).

Secondly, in ‘Results’ we have now clarified explicitly that our work does not claim to model
human cognition and the empirical scope is on data-independent performance improvement in
data-scarce settings:

We emphasise that the use of dual-process terminology serves only as a high-level con-
ceptual analogy for separating fast feed-forward prediction from slower unbounded iterative
refinement, and is not intended as an emulated cognitive model. Our empirical work shows
the performance improvements, regardless of the availability of task-specific data, possible by
enabling inference-time compute in vision tasks where data are scarce.

As noted above, our experiments focus on a few vision tasks, chosen because they represent
clinically and scientifically important settings where labelled data are scarce and conventional
deep-learning methods underperform. We do not claim to address the full breadth of visual rea-
soning, which spans diverse domains and task families. Instead, our results demonstrate that
inference-time compute or reasoning, implemented through competitive hypothesis refinement,
can reliably improve performance in settings where additional labelled data are difficult or im-
possible to obtain. We view these studies as exemplars of a broader principle, where extending
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computation at inference can serve as a powerful alternative to expanding training datasets,
and may generalise to a wider range of visual tasks in future work.

Finally, we have added the following new experiments, focusing on spatial reasoning through
1Q test puzzles and scene understanding through depth estimation, in the revised supplemen-
tary materials under the section ‘Adapting the method for classification or regression’. The
results table is presented below and the corresponding experimental descriptions are added to
the manuscript directly (highlighted in the annotated version of the manuscript):

Method MNIST classification | IQ classification | Depth regression

Accuracy Accuracy RMSE

CNN (same data) 0.829 0.244 0.514

MLP (same data) 0.746 0.239 0.535

CNN (full data) 0.931 0.271 0.379

MLP (full data) 0.927 0.261 0.443
ChatGPT5 (4-shot prompt) - 0.264 -
Gemini2.0plus (4-shot prompt) - 0.278 -

PixelFormer [1]] (same data) - - 0.412

PixelFormer [[1]] (full data) - - 0.322

Ours 0.953 0.512 0.322

Table 6: Results for classification and regression tasks using the proposed framework. ‘Same
data’ refers to compared methods that use the same training and adaptation data as the proposed
method, whereas ‘full data’ refers to the use of the entire dataset for training for the compared
methods.

Comment: further sensitivity analysis of the refinement operator’s hyperparameters (e.g.
pixel-flip proportion) ... cross-validation across different data splits

Response: We have now added the sensitivity analysis of the pixel-flip proportion p and the
number of steps until termination 7., to ‘Ablation and robustness studies’ in the supplementary
materials, please see ‘Action’ below for further details.

Regarding cross-validation, conducting full k-fold evaluation would require repeating both
training and inference-time refinement for each split, which is computationally expensive given
that our method involves substantial inference-time compute. Cross-validation is therefore more
well-suited to to smaller data regimes or methods where training and inference require lesser
compute. Instead, we follow established practice in recent literature on these datasets, by report-
ing results on dedicated hold-out sets of comparable size. We also report performance variance
across the test set, providing a statistically-powered, meaningful estimate of robustness without
the prohibitive cost of full cross-validation.

Action: We have added the analysis of hyper-parameters to ‘Ablation and robustness studies’
in the supplementary materials:

The analysis of hyper-parameters p (the proportion of pixels to flip per iteration) and ie,q is
presented in Tab. 8. Note that we observed a high dependence of the optimal values for both
hyper-parameters on the input size or number of pixels in the image P. As such, we defined 1.,y
as a function of P. As the input size stays consistent across datasets in our work, we observed a
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consistent optimal value for both p and i.,, across the evaluation datasets. However, for other
datasets, in future work, these parameters may need to be tuned according to the input or ROI

Size.

Proportion p | Termination 7,4 | Prostate Liver Pancreas
0.001 pxPx1 56.8+5.7 | 74.3+8.8 -
0.005 pXxPx1 60.4+4.9 | 79.1£9.2 | 62.9+8.8
0.010 px Px1 61.7£5.8 | 81.5£9.7 | 65.249.2
0.050 pXxPx1 61.3+6.3 | 78.7+£9.1 | 62.4+99
0.100 px P x1 50.447.8 | 65.3£11.7 -
0.010 pXxPx1 61.745.8 | 81.5+9.7 -
0.010 px P x10 60.6+5.4 | 83.7+9.5 | 65.6+9.1
0.010 pXxX P x100 | 63.0+4.8 | 85.34+8.6 | 66.24+9.4
0.010 p X P x1000 | 58.4+59 | 80.5£9.5 | 61.1£8.7
0.010 p X P x 10000 | 54.1+£6.7 | 78.4+£9.4 -

Table 7: Impact of hyper-parameters on performance for models adapted using 8 labelled sam-
ples.

Comment: further details on compute trade-offs and the roles of the pipeline’s different
components could be helpful ... more detailed scaling curves (compute versus gain-per-
sample) and carbon footprint estimations

Action: The average performance across the dataset and its variation with compute time, num-
ber of adaptation samples and number of solved samples were presented in Fig. 5c. We have
now also computed the detailed scaling curves, as requested, which have been added to ‘Impact
of compute on per-sample performance’ in the supplementary materials:

0.20 4
—— Prostate

Liver
== Pancreas

0.15 1

0.10 §

Gain / Dice per 1M Iterations

N—

10M

0 2M  4M 6M 8M 12M

Thinking Time / Iterations
Figure 1: Performance gain per-sample against number of compute iterations

Fig. 7 shows the performance gain per-sample against the number of iterations. We observe
an overall reduction in gain, towards zero, with an increasing number of iterations. This high-
lights that the proposed auto-competing mechanism converges to stable values as the refinement
in the System Il module progresses.

The carbon footprints and times taken for training and inference/ reasoning, for all tasks,
are now added to ‘Computational cost’ in the supplementary materials:
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Task GPU Hours Power Carbon
Pre-Train | Adapt Per-Sample Inference W) (kg CO2/
Experience (Number of Samples) GPU hour)
0O 8 16 24 32 40
Prostate 1152 16 41 36 24 16 6 6 300 W 0.13
Liver 1152 18 37 34 20 8 8 7 300 W 0.13
Pancreas 1152 13 42 39 19 9 7 8 300 W 0.13
Colon 1152 15 33 30 11 3 4 3 300 W 0.13
Kidney 1152 21 29 23 17 10 4 2 300 W 0.13

Table 8: Carbon footprints estimated on Nvidia V100 GPUs.

Comment: repo currently provided ... showing only the basic setup of the MNIST digit
classification experiments with a basic U-Net and AlexNet model ... does not provide the
data loaders, training scripts, hyperparameter configs, and other sub-modules that would
be necessary to fully validate ... I understand this is a public repo, and that the authors
might be waiting for publication to release more code

Response: We appreciate the reviewer’s emphasis on reproducibility. The current public repos-
itory provides a working example for the MNIST experiment, and we fully agree that expanding
the available scripts and configurations will further support validation. We are committed to re-
leasing all components that can be publicly shared, and the repository is intended as a living
resource that we will continue to develop, as the reviewer suggests.

We note that some elements of the full pipeline (e.g., processed data) cannot be released
verbatim due to licensing constraints associated with the included clinical datasets. In addition,
several modules require substantial compute resources at inference and would require signif-
icant adaptation by the users. To address this, we will release all components as they are, in
addition to some lightweight, reproducible examples and detailed configuration files that mirror
the behaviour of the full system while remaining accessible to the community.

Action: Upon acceptance/publication, we will update the repository with the expanded ma-
terials, including data loaders, training scripts, hyper-parameter configurations, and additional
example experiments. We are committed to maximising transparency and open-science practice
within the limits of data-governance constraints.
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Reasoning in machine vision: learning to think fast and slow
Point-by-point response to second round reviews

We thank the reviewers and the editor for their insightful and constructive feedback in this
second round of reviews. We address all comments in a point-by-point manner below, outlining
the ‘comment’, ‘response’ and/or ‘action’.

Comments from Reviewer 1 are addressed on pages 1-7 and from Reviewer 2 on page 8.

Reviewer 1

Comment: Thank the authors for the clarification. It addressed several of my concerns;
however, I still have a few remaining comments.

Response: We thank the reviewer for their continued engagement with the manuscript and for
the constructive feedback. We address the remaining comments point-by-point below.

Comment: The paper indicates that the refinement process is a competitive game be-
tween two agents with self-play. However, the optimization objective, which is to maxi-
mize the segmentation quality score, is optimization-based rather than adversarial-based.
The authors should provide theoretical justification for why a competitive formulation will
achieve better performance compared to multi-agent reinforcement learning or standard
optimization.

Response: We thank the reviewer for this thoughtful comment. The objective of the System
IT module is indeed to optimise segmentation quality with respect to the discriminator score,
which serves as a learned proxy for the true task metric at inference time. The competitive
formulation serves as a structural mechanism for stabilising optimisation under an imperfect
reward signal.

Rather than directly maximising the absolute discriminator score, the framework evaluates
two alternative refinements and enacts and rewards only the higher-scoring proposal. Compared
to direct standard optimisation, this relative reward formulation reduces sensitivity to calibration
noise in the absolute discriminator scores, as only the direction of improvement is considered
rather than the exact magnitude. The optimisation using this relative reward serves as a stable
binary reinforcement signal minimising the impact of any small fluctuations in the absolute
discriminator scores, which the standard direct optimisation cannot accomplish.

In principle, this approach could be extended to a broader multi-agent setting with multiple
simultaneous competing refinements. However, such formulations would require ranking or
weighting multiple discriminator scores, increasing reliance on absolute score calibration and
amplifying the impact of noise in the learned discriminator. Restricting the process to pairwise
competition, with optimisation only considering direction of improvement rather than magni-
tude, ensures that the impact of errors is minimised while still encouraging exploration through
explicit hypothesis comparison.

We therefore view the competitive structure not as adversarial in a game-theoretic sense, but



as a principled design choice for robust iterative optimisation when the reward function itself is
imperfect. Importantly, we do not claim superiority over all optimisation strategies, but rather
one of our contributions is a specific practical formulation for inference-time compute/reasoning
in vision applications.

We have clarified the distinctions between the optimisation strategies in the revised manuscript,
as outlined below.

Action: We have added the following to ‘Optimising the competitors during the auto-competing
process’ paragraph in the “The System II module - for an iterative competition between solution
refinements’ section of the supplementary materials:

Although the objective of the System Il module is to improve segmentation quality, refine-
ment is structured as pairwise competition rather than direct maximisation of the discriminator
score. As the discriminator provides a learned proxy rather than the true task metric at in-
ference, relying on absolute score optimisation can be sensitive to calibration noise. Instead,
at each iteration two candidate refinements are evaluated comparatively, and only the higher-
scoring proposal is enacted and rewarded. This relative reward formulation produces a stable
binary reinforcement signal and reduces sensitivity to small fluctuations in the absolute discrim-
inator outputs. Limiting the process to pairwise competition, rather than multiple simultaneous
comparisons, maintains a well-conditioned optimisation signal (less impacted by absolute dis-
criminator scores) by avoiding the need to rank or weight multiple competing refinements.

Comment: In the System II module, the ground truth for samples is generated based on
the discriminator’s score. Will any bias in the discriminator lead to model collapse over
time?

Response: We thank the reviewer for raising this important point. Our framework incorporates
two design choices that mitigate the impact of potential bias in the discriminator.

First, before System Il reasoning begins, both the task-predictor and distribution-discriminator
are adapted to the target domain using a set of human-labelled samples. This anchors the dis-
criminator to the true task objective and ensures that its scores reflect the characteristics of the
task of interest. As reported in supplementary Table 6, we observed that approximately 8 adap-
tation samples lead to strong alignment (measured as Pearson’s correlation coefficient > 0.7)
between the discriminator score and segmentation Dice score for the prostate cancer segmen-
tation task. This highlights the importance of the adaptation stage in calibrating the learned
discriminator to reduce biases before reasoning begins. During the reasoning process itself, the
discriminator is held fixed (no model updates), ensuring that no further bias is introduced over
time during System II refinement.

Second, the reward used during refinement is defined comparatively rather than absolutely.
At each iteration, two competing refinements are evaluated and only the higher-scoring proposal
is rewarded and enacted. This relative formulation reduces sensitivity to calibration errors in
the discriminator because optimisation depends on the direction of improvement rather than the
exact score value. Consequently, small biases in the discriminator are unlikely to accumulate
over time during the iterative reasoning process.

Empirically, the correlations between discriminator and Dice scores were strong (Pearson’s
correlation coefficient >0.78) for all tested tasks when using 8 samples for adaptation. This
suggests that the learned discriminator in our experiments remained aligned with the true task
objective.



Action: We have now updated the supplementary materials paragraph ‘Preventing disconnects
between the discriminator scores and actual task performance’, to reflect how the two mecha-
nisms mitigate bias accumulation in the iterative reasoning process:

For the adaptation using human-labelled samples from the task-of-interest, we added the
following:

This ensures that predictions from both networks are task-relevant, minimising the difference
in objectives between the domain-of-interest and cross-task pre-training. Furthermore, use of
the meta-learning algorithm, Reptile, during pre-training, equips the System I module with the
ability to become task-relevant with minimal labelled data. Once System Il reasoning begins,
both networks are held fixed, preventing further drift during the refinement process itself. As
neither the task-predictor nor the discriminator is updated during System Il reasoning, the
iterative refinement process cannot introduce or amplify biases in the learned reward signal.

For the relative reward signal, we added the following:

This comparison-based formulation mitigates the impact of calibration errors in the dis-
criminator because optimisation depends on the direction of improvement between competing
refinements rather than the absolute score values. Consequently, small biases in the discrimi-
nator are unlikely to accumulate across the iterative reasoning process.

For the discriminator to Dice score correlation analysis, we added the following explanatory
text to accompany supplementary Table 6:

Similar behaviour was observed across all evaluated tasks. When using eight adaptation
samples, the Pearson correlation between discriminator score and Dice performance was >0.78
for all evaluated tasks, indicating that the learned reward signal remained consistently aligned
with the true task objective across domains.

Comment: The refinement action is based on the XOR flipping. This strategy forces the
reasoning process to solely operate on hard binary masks, which may lose valuable un-
certainty information. Probability-based approaches may be more reasonable for medical
image segmentation rather than the proposed the hard-decision logic.

Response: We thank the reviewer for this thoughtful observation. The use of XOR-based
refinement was chosen as a deliberate design choice to maintain a tractable action space and a
stable optimisation signal during the iterative reasoning process.

Allowing refinements over continuous probability values would substantially increase the
complexity of the action space. Instead of deciding whether a pixel should be included or ex-
cluded from the segmentation, the agent would need to determine the magnitude of continuous
updates across the mask. This would substantially increase the complexity of the optimisation
problem, leading to less reliable convergence within practical compute budgets.

Furthermore, continuous values in the segmentation would require the discriminator to in-
terpret subtle differences in probabilities rather than evaluating clearly defined alternatives. The
binary XOR-based refinement produces two unambiguous candidate solutions consisting only
of binary values at each iteration. For continuous values, the complexity of inputs to the dis-
criminator would increase, resulting in a more difficult task for the discriminator.

Importantly, the use of binary refinements does not eliminate uncertainty information. The



System I module produces probabilistic predictions before thresholding to obtain the initial
mask, and System II reasoning generates a trajectory of refinements over successive iterations.
By analysing the frequency and spatial distribution of these refinements, it is possible to con-
struct uncertainty maps that highlight regions where the reasoning process repeatedly modified
the segmentation, corresponding to high uncertainty.

In this work, we chose and developed the binary refinement formulation as a practical and
stable mechanism for iterative reasoning under a learned reward signal. While extending the
framework to operate directly on probabilistic mask representations remains outside the scope
of this paper, it could be an interesting direction for future work.

Action: To the supplementary section “The definition of refinement’, we added the following:

Our implementation performs refinement at the pixel level using XOR flipping to allow max-
imum flexibility in the evolving solution space. This binary formulation keeps the refinement ac-
tion space tractable during iterative reasoning, as the agent only decides whether pixels should
be included or excluded from the segmentation rather than determining continuous probabil-
ity updates. This reduces optimisation complexity and enables stable reinforcement learning
convergence, particularly when compute budgets are fixed.

To the same section, we also added the following:

Although refinements operate on binary masks, uncertainty information can still be inferred
from the trajectory of refinements across iterations. Regions that undergo frequent modification
during the reasoning process correspond to areas of higher ambiguity in the segmentation.

Comment: Will the proposed method handle multi-object segmentation tasks? For in-
stance, when a refinement improves on lesion but degrades another in a multi-lesion im-
age, what will the proposed System II do?

Response: We thank the reviewer for raising this important question. The proposed framework
naturally handles multi-object segmentation because the optimisation objective in System II
is defined by the discriminator score, which evaluates the overall segmentation quality of the
entire mask rather than individual lesions independently.

During both cross-task pre-training and task-specific adaptation, the discriminator is ex-
posed to datasets containing multiple objects within a single image. For example, several
datasets used during cross-task training involve multi-structure segmentation tasks (e.g., ves-
sel datasets), and the liver tumour dataset used in our experiments frequently contains multiple
lesions per image. As a result, the discriminator learns to evaluate segmentation quality at the
level of the full segmentation mask rather than individual objects.

During System II reasoning, candidate refinements are compared using this global discrim-
inator score. If a refinement improves one lesion while degrading another, the discriminator
evaluates the net effect on overall segmentation quality. The competing refinement with the
higher overall score is therefore selected and enacted. In this way, the refinement process natu-
rally favours modifications that improve the segmentation of multiple objects jointly rather than
optimising individual regions in isolation.

Consequently, the framework does not assume a single-object setting and can operate on
segmentation masks containing multiple objects, provided such structures are represented in
the cross-task training or adaptation data used to calibrate the discriminator.



Action: We have now added the following to the ‘The definition of refinement’ section in the
supplementary materials:

The refinement process operates on the full segmentation mask and does not assume a single-
object setting. When multiple objects are present, the distribution-discriminator evaluates the
overall segmentation quality across the entire mask. Consequently, candidate refinements that
improve some regions while degrading others are compared based on their net effect on the
discriminator score, and the refinement yielding the higher overall score is enacted. Because the
discriminator is trained on datasets containing multiple objects during cross-task pre-training
and task-specific adaptation, it naturally learns to evaluate aggregate or global segmentation
quality, even in multi-object scenarios.

Comment: The proposed System II is strongly similar to the Test-time Adaptation ap-
proaches. Authors should clarify the theoretical difference between these two frameworks.

Response: We thank the reviewer for this insightful observation. While both approaches op-
erate during inference, the proposed System II reasoning framework differs conceptually from
test-time adaptation (TTA) in its optimisation target. TTA adapts the model parameters at infer-
ence, while System II optimises over solution hypotheses, as described below.

TTA methods typically update the parameters of the predictive model itself during inference
in order to reduce distribution shift between training and test data, often using self-supervised
objectives or entropy minimisation. In contrast, in our framework the System I module (task-
predictor and distribution-discriminator) remains fixed during System II reasoning. Instead,
System II updates a reinforcement learning policy that proposes refinements to the current seg-
mentation hypothesis.

Consequently, the optimisation occurs over the solution space rather than the model param-
eter space, where the RL agents learn to iteratively refine candidate segmentations guided by
the discriminator score. In this sense, System II reasoning performs inference-time optimisa-
tion over segmentation hypotheses rather than adapting the segmentation model itself to the test
distribution.

We have clarified this distinction in the revised manuscript, as outlined below.

Action: To the section ‘Progress towards inference-time compute capabilities in machines’, we
added the following:

Although System Il reasoning operates during inference, it differs fundamentally from test-
time adaptation approaches. Test-time adaptation typically updates the parameters of the pre-
dictive model to better match the test distribution. In contrast, in our framework the System
I networks remain fixed, while the System Il module optimises a reinforcement learning pol-
icy that iteratively refines candidate segmentations. The optimisation therefore occurs in the
solution space rather than through adaptation of the segmentation model parameters.

Comment: From my perspective, the refinement process in System II initializes from the
System I’s prediction. In extreme cases where the prediction of System I is completely
misaligned from the true label, will the XOR refinement operation recover this low-quality
first-stage result?



Response: We thank the reviewer for this important question. While System II reasoning is
initialised from the System I prediction, the optimisation objective during reasoning is defined
solely by the discriminator score. Consequently, the refinement process is not constrained to
remain close to the initial prediction and instead searches for segmentations that maximise the
discriminator’s evaluation of segmentation quality.

The System I prediction primarily serves as an efficient starting point that places the rea-
soning process near plausible solutions in the segmentation space. In principle, the refinement
process could also begin from alternative initialisations (e.g., empty or random masks), as the
optimisation objective remains unchanged. However, starting from the System I prediction sig-
nificantly improves convergence speed because it provides a reasonable initial hypothesis for
the reasoning process (as evaluated in preliminary experiments, the per-sample inference time
for an empty initialisation was ~200 hours, compared to ~40 hours with the System I initiali-
sation).

Therefore, while the quality of the System I prediction can influence the efficiency of conver-
gence, the System II module is designed to iteratively explore alternative segmentations guided
by the discriminator score, allowing the refinement process to move away from an initially
inaccurate prediction when higher-scoring solutions are identified.

Action: To ‘The System II module - for an iterative competition between solution refinements’
section in the supplementary materials, we added the following:

System 1l refinement is initialised from the prediction of the System I task-predictor to pro-
vide a reasonable starting hypothesis for the iterative optimisation process. However, the refine-
ment objective is defined solely by the discriminator score, and therefore the reasoning process
is not constrained to remain close to the initial prediction. Instead, candidate refinements are
iteratively explored and selected based on their impact on the discriminator score.

Comment: Authors do not discuss failure cases, such as cases where System II degrades
the initial System I prediction. Such analysis will help us build a more comprehensive
understanding of the proposed method.

Response: We thank the reviewer for this helpful suggestion. We agree that discussing potential
failure modes can provide additional insight into the behaviour of the framework.

One potential limitation arises from the optimisation relying on the discriminator score as a
proxy for the true segmentation objective. Occasional discrepancies between the discriminator
score and the true task metric (e.g., Dice/loU) may lead to refinements that improve the proxy
score without improving the true segmentation quality. In practice, this risk is mitigated through
task-specific adaptation of the discriminator using labelled samples from the target domain, as
well as through the use of relative comparison-based rewards, which reduce sensitivity to biases
in absolute discriminator scores. We further evaluated this alignment through correlation anal-
yses between discriminator scores and the true task objective (supplementary Table 6). These
analyses show strong correlation for adaptation sets of eight samples or more. However, in
tasks that differ substantially from the distribution encountered during cross-task training, such
discrepancies may become more pronounced, requiring larger adaptation sets.

A second potential failure mode arises when the initial System I prediction is extremely
poor. In such cases, the refinement process may require a large number of iterations before ap-
proaching a correct solution, and convergence may therefore be limited by practical inference-
time compute budgets. While adaptation helps align the initial System I prediction with the
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target domain, this mechanism may be less effective when the appearance of test samples dif-
fers very substantially from the limited adaptation data.

Finally, discriminator performance may be influenced by the distribution of structures present
in the adaptation samples. For example, if the adaptation set contains predominantly large le-
sions, the discriminator may initially favour segmentations consistent with that distribution, po-
tentially reducing performance on substantially smaller lesions. Cross-task pre-training across
diverse anatomical structures helps mitigate this effect, but some sensitivity to the composition
of the adaptation set may remain when only a very small number of labelled samples are avail-
able (i.e., <8). In our testing, the correlation between the discriminator score and task metric
computed over the test set becomes strong (Pearson’s correlation coefficient >0.7) when >8
adaptation samples are available.

Overall, while these scenarios were uncommon in our experiments, they highlight the im-
portance of sufficient adaptation data and careful alignment between the learned discriminator
and the true task objective when applying the framework in highly data-constrained or out-of-
distribution settings.

Action: We added the following paragraph to ‘The abilities of the proposed inference-time
compute framework’ section in the manuscript:

Although the proposed framework demonstrated strong performance across the evaluated
tasks, several potential failure modes are worth noting. First, because System Il optimisation
uses the discriminator score as a learned proxy for the true task objective, occasional discrepan-
cies between the discriminator and the true metric (e.g., Dice or loU) could lead to refinements
that improve the proxy score without improving the underlying segmentation quality. Second,
when the initial System I prediction is extremely poor, a larger number of refinement iterations
may be required to approach an accurate solution, potentially exceeding practical inference-
time compute budgets in our applications. Third, the discriminator is adapted using a small
set of labelled samples from the target domain, and if this adaptation set is unrepresentative
(for example containing predominantly large lesions), performance on substantially different
structures may be affected. Cross-task pre-training substantially mitigates this risk by making
the reasoning process less sensitive to the particular small adaptation set used. While some
performance degradation may still arise in the presence of highly atypical outlier data, this
is unlikely to affect a whole adaptation set in practice, and can be further minimised through
appropriate adaptation-set design and selection.

Comment: Authors have currently provided a working demo for MNIST digit classifica-
tion (Fig 3 in the revised paper). A README file with sufficient instruction for installing
and reproducing this result is provided. I am able to successfully run the provided scripts
and I believe the code will be useful for the research community.

Response: We thank the reviewer for verifying the code and for the positive feedback regarding
its usability and reproducibility.



Reviewer 2

Comment: I applaud and thank the authors for their in-depth, comprehensive responses
to my feedback / that of other reviews — and I am pleased to report that on nearly all
fronts, I am amply satisfied with the revisions! The sensitivity sweeps in particular very
much deepen my confidence in the robustness of the standout results. While I would still
take some issue with the System-1/ System-2 framing, I also recognize this is a popularly-
used metaphor in the AI/ML literature and don’t think that particular gripe clouds the
many other excellent contributions of this work, nor overshadows the better scoping the
authors provide in this revision. And so, taken together, I recommend accept as-is! Con-
gratulations to the authors on a job well done.

Response: We thank the reviewer for their thoughtful evaluation of the revised manuscript
and for their constructive feedback throughout the review process. We greatly appreciate their
positive assessment of the revisions and the additional robustness analyses.

Comment: The authors have adequately addressed the points raised on reproducibility in
my primary review. And so, while I was again not able to reproduce the manuscript results
from the provided GitHub repo, I accept the authors’ declaration of intent to provide more
comprehensively reproducible updates on publication.

Response: We thank the reviewer for their careful assessment of the reproducibility aspects
of the work. As noted, we are committed to releasing updates upon acceptance/ publication,
including full training scripts, data loaders, and hyper-parameter configurations.



Reasoning in machine vision by learning fast and slow thinking
Point-by-point response to reviews

We thank the reviewers and the editor for their constructive feedback in this round of review,
and for the recommendation to publish our work.

We address the remaining points from Reviewer 1 in a point-by-point manner below, outlin-
ing the ‘comment’, ‘response’ and/or ‘action’. Editorial requests are addressed in the attached
Author Checklist.

Reviewer 1

Comment: Thank you for the clarification, which addressed several of my earlier con-
cerns. A few minor points remain.

Response: We thank the reviewer for their continued engagement with our work. The remain-
ing minor points are addressed below in a point-by-point manner.

Comment: The +1/-1 relative reward scheme may mitigate absolute drift, but it risks cre-
ating a severe information bottleneck. By discretizing the reward signal, the framework
loses gradient resolution - a policy update that dramatically improves the mask is treated
identically to one yielding marginal gains. This could lead to substantial inefficiency in
training. It is unclear whether the current framework has any mechanism to recover
from this.

Action: To the supplementary materials section ‘The System II module - for an iterative com-
petition between solution refinements’, we have now added the following:

Although the reward is discretised, the magnitude of improvement is implicitly preserved
through selection frequency: refinements that yield larger improvements are more consistently
chosen across iterations, allowing their effects to accumulate over time. This common comparison-
based RL formulation retains robustness to noise in the discriminator by avoiding reliance on
absolute score differences, while still favouring substantially better policies through repeated
selection.

Comment: The refinement procedure bears a close resemblance to iterative denoising in
conditional diffusion models. The authors should provide theoretical or empirical jus-
tification for why the added complexity of a GAN+RL framework offers a meaningful
advantage over a simpler test-time conditional diffusion process initialized on System I’s
output.

Action: To the ‘Discussion’, we have now added the following:

The proposed refinement process shares some similarities with iterative denoising in diffu-
sion models, however, the underlying mechanism is fundamentally different. Diffusion models
learn a fixed reverse process from large datasets that maps noisy inputs to the data distribution,



and apply this process at inference. In contrast, our framework performs per-sample optimisa-
tion guided by a learned discriminator, where candidate refinements are iteratively generated,
evaluated, and selected. This enables adaptive inference-time refinement conditioned on the
specific sample and task objective, allowing direct per-sample optimisation rather than follow-
ing a predefined denoising path.

Comment: The choice of N=2 agents warrants explicit discussion. The authors should
clarify whether this is an architectural constraint or an empirically motivated decision,
and address whether scaling to a larger agent pool degrades performance.

Action: To the supplementary materials section “The System II module - for an iterative com-
petition between solution refinements’, we have now added the following:

Limiting the process to pairwise competition, rather than multiple simultaneous compar-
isons, maintains a well-conditioned optimisation signal (less impacted by absolute discrimina-
tor scores) by avoiding the need to rank or weight multiple competing refinements. Multiple
comparisons would increase sensitivity to noise in the discriminator scores, requiring ranking
or weighting, leading to less stable optimisation. While such extensions are possible in princi-
ple, pairwise comparison provides a more reliable optimisation strategy under a learned reward
function.

Comment: The robustness of the System I/II adaptation to sample quality remains unver-
ified. Reporting performance standard deviation across multiple sampling seeds would
help distinguish genuine improvement from favorable few-shot selection.

Action: We reported standard deviation across different seeded runs in our ablation studies

presented in Tab. 5. This was indicated in the caption originally as ‘standard deviation is

across different runs’, which we have now updated to the following, for further clarity:
standard deviation is reported to measure variance across 4 runs with different seeds

Comment: I would like to kindly note that the public repository has not been updated
since the last round of review. I would strongly encourage the authors to release the full
codebase upon acceptance, enabling the community to reproduce all reported experiments
— beyond the existing MNIST demo.

Action: We have now added a sub-directory in the repository titled ‘experiment_example’,
which contains example data, network definitions, training script and data loader to allow the
medical image segmentation described in the paper. The datasets are available from the sources
outlined in Tab. 1 and hyper-parameters for final runs are available in Tab. 2.
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