
Dual-Process Distribution Calibration:
Bridging Slow-Fast Thinking for Few-Shot Learning

Yuchen Liu1,2 , Weining Weng1,2 , Lingxing Chen1,2 , Qianzhong Chen1,2 , Shiyang Li1,2 , Yuan
Ma1,2 , Yang Gu1,2∗

1Beijing Key Laboratory for Multimodal Collaboration and Advanced Application, Institute of
Computing Technology, Chinese Academy of Sciences

2University of Chinese Academy of Sciences
liuyuchen23s@ict.ac.cn, wengweining21b@ict.ac.cn, chenlingxing19@mails.ucas.ac.cn,

chenqianzhong24s@ict.ac.cn, lishiyang24s@ict.ac.cn, mayuan20z@ict.ac.cn, guyang@ict.ac.cn

Abstract
Artificial intelligence models typically perform
well on large-scale datasets, yet their effectiveness
tends to degrade in real-world scenarios with scarce
data, such as medical diagnostics. In contrast, hu-
mans can learn and reason effectively from few ex-
amples. Even when novel objects differ signifi-
cantly from prior observations, humans can quickly
infer category distributions accurately. Inspired by
this, we explore how to leverage human-inspired
cognitive mechanisms to improve the distribution
calibration in few-shot learning models. Based on
the “fast-slow thinking” dual-process theory, we
propose a novel cognition-inspired few-shot learn-
ing framework. It mimics the human cognition
when handling novel information: it first rapidly
screens relevant knowledge through “fast thinking”
and then infers inter-class relationships and cali-
brates distributions via “slow thinking”. Specif-
ically, the fast-thinking stage employs a gating
mechanism to quickly match input samples with
known base-class prototypes, activating relevant
candidate knowledge. In the slow-thinking stage,
the model aggregates inter-class edge embeddings
into a summary relation graph and then applies
divergent Gaussian sampling to generate multiple
relation graphs representing different association
strengths, thereby achieving distribution calibration
for few-shot classes. Experiments on public few-
shot benchmarks and medical image datasets show
competitive performance. Visualization analyses
further reveal that our framework exhibits meaning-
ful interpretability.

1 Introduction
In real-world scenarios such as medical diagnosis and rare
species identification, acquiring abundant labeled data is of-
ten difficult or costly. Few-shot learning enables models
to recognize new categories from extremely limited sam-
ples. Existing few-shot learning approaches fall into three
paradigms: fine-tuning, metric learning, and data augmenta-
tion [Wang et al., 2020]. Among them, data augmentation

methods are commonly adopted to mitigate the fundamen-
tal difficulty of accurately estimating the underlying category
distribution from sparse samples [Yang et al., 2021], as they
can effectively enrich the feature distributions of few-shot
classes by synthesizing additional training instances [Sun et
al., 2025].

To better estimate and calibrate feature-space distributions,
researchers have proposed various data augmentation meth-
ods. These methods expand diversity at the feature-space
level to address sample scarcity, for example by leverag-
ing unlabeled data [Ren et al., 2018] or applying inter-class
statistical distances for distribution calibration [Yang et al.,
2021]. Recent work also explores causal intervention strate-
gies that remove potential bias paths to optimize distribu-
tional rationality [Wu et al., 2025]. However, a fundamental
challenge remains: augmented data distributions must avoid
excessive concentration or drift from the true distribution to
ensure effective calibration in complex few-shot tasks [Wang
et al., 2020]. Notably, humans demonstrate high cognitive
efficiency, rapidly extracting core features from few samples
through associative reasoning and naturally grasping category
distributions for robust judgments [Pennycook et al., 2015].
This insight inspires us: if data augmentation models could
also “think like humans”, mimicking their synergistic pro-
cess of rapid screening and deep reasoning, we might enhance
the effectiveness of distribution calibration and open new av-
enues for few-shot learning.

To investigate how few-shot learners can approximate
human-like reasoning under scarce supervision, we draw on
dual-process theory from cognitive science. Prior studies sug-
gest that humans rely on two complementary cognitive sys-
tems when making decisions from limited evidence, namely
fast thinking and slow thinking [Kahneman, 2011]. Fast
System 1 performs intuitive pattern matching and retrieves
task-relevant prior knowledge to form preliminary hypotheses
about inter-class associations. Slow System 2 further refines
these hypotheses through deliberate integration and reason-
ing, explores multiple relational perspectives, and supports
distribution-level inference from few observations.

Motivated by this cognitive mechanism, we introduce dual-
process theory into few-shot learning and propose the Dual-
Process Distribution Calibration (DPDC) framework. DPDC
calibrates few-shot category distributions through two col-
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laborative stages. In the fast-thinking stage, a gated pro-
totype matching mechanism rapidly activates relevant base-
class knowledge and produces an initial knowledge alloca-
tion over candidate slow-thinking components. In the slow-
thinking stage, the model aggregates inter-class relations to
construct a summary relation graph that constrains the distri-
bution space, and then performs divergent Gaussian sampling
to generate multiple relation graphs with different association
strengths for distribution calibration. The main contributions
of DPDC are summarized as follows:

• We propose a dual-process distribution calibration
framework that models few-shot distribution estimation
through fast knowledge matching and slow relational
reasoning, thereby improving the accuracy and robust-
ness of distribution calibration under data-scarce condi-
tions.

• We develop an interpretable relation graph model-
ing and divergent sampling mechanism that reflects
cognitive integration and divergence in human associa-
tive inference. The relation graphs explicitly encode
inter-class associations, and divergent sampling derives
diverse yet constrained relational hypotheses for cali-
brated feature generation.

• Experiments on multiple few-shot benchmarks and med-
ical image datasets demonstrate that DPDC achieves su-
perior accuracy over representative baselines. Visualiza-
tion analyses further show that the inter-class relation
graphs derived during slow thinking capture semanti-
cally meaningful associations and provide an intuitive
rationale for model decisions.

By introducing theories from cognitive science, this work
provides a principled framework for few-shot distribution cal-
ibration and offers insights into building more interpretable
and human-inspired few-shot learning systems.

2 Related Works
Few-shot learning tackles the problem of identifying new
classes with only a handful of labeled samples per cate-
gory. Early work established several cornerstone approaches.
Matching Networks [Vinyals et al., 2016] employ attention
over embedded support instances to classify queries. MAML
[Finn et al., 2017] learns parameter initializations that enable
rapid adaptation to novel tasks. Prototypical Networks [Snell
et al., 2017] represent each class by its mean support embed-
ding and perform nearest-neighbor classification. Distribu-
tion calibration [Yang et al., 2021] adjusts novel-class statis-
tics using base-class statistics to correct distributional bias.

Recent advances address challenges such as feature mis-
alignment, background noise, and limited sample diversity
in fine-grained or complex domains. [Alam et al., 2025] im-
proved feature extraction and alignment through cross-layer
refinement and cross-sample adjustment. [Liu et al., 2024]
employed multi-scale features with spatial attention to select
discriminative regions and suppress background interference
via cross-interaction. [Li et al., 2025] increased sample di-
versity through random geometric transformations and mea-
sured cross-view similarity between original and augmented

features. [Zhou et al., 2025b] learned optimal hyperparam-
eters for transductive inference directly from validation data
using an unrolled Expectation-Maximization strategy.

Concurrently, another research direction draws inspiration
from cognitive science to build more robust and interpretable
few-shot learning systems. These approaches mimic cog-
nitive mechanisms to improve distribution estimation from
sparse data. For example, [Wang et al., 2024] structured vi-
sual knowledge using a Gaussian Mixture Model to emulate
human intuitive clustering and memory. [Zhou et al., 2025a]
fused visual features with semantic language embeddings, re-
flecting the co-evolution of visual and linguistic understand-
ing in human development. These works collectively high-
light that the human cognitive system provides a powerful
theoretical blueprint for mitigating distribution bias. Build-
ing upon the human dual-process cognitive system, our work
proposes a framework that computationally instantiates this
theory for few-shot distribution calibration.

3 Method
Inspired by the dual-process cognitive theory of human “fast
and slow thinking”, this paper presents the Dual-Process
Distribution Calibration (DPDC) framework. DPDC sim-
ulates the cognitive pathway through which humans infer
and calibrate category distributions from scarce information.
As illustrated in Figure 1, the DPDC framework consists of
three core parts: (1) The fast-thinking component acts as
an efficient filter, rapidly screening and activating the base-
class knowledge modules most relevant to the current task
through gated prototype matching; (2) The slow-thinking
component serves as the core reasoning engine, perform-
ing deep relation aggregation and multi-perspective diver-
gent sampling on the activated knowledge to generate cal-
ibrated multi-perspective feature representations; (3) In the
feature integration and model optimization stage, multi-
perspective features from different slow-thinking components
are fused, a lightweight classifier performs classification, and
a joint loss function optimizes the entire system.

3.1 Fast-Thinking Component: Gated Prototype
Matching and Dynamic Knowledge Allocation

Corresponding to the fast, intuitive System 1 in human cog-
nition, our fast-thinking component simulates a rapid screen-
ing process. It identifies the most relevant knowledge from
a large prior base for the current few-shot task. It centers
on Gated Prototype Matching. Input features are extracted
from few-shot episodes by a pre-trained backbone. The com-
ponent contains a Gating Network and T independent slow-
thinking components, each storing a set of base-class proto-
types.

For an n-way k-shot task, let the support set features be
HS = {hs

i ∈ Rd}n×k
i=1 . The gating network computes rele-

vance between input features and knowledge across all slow-
thinking components, generating an initial matching score gt
for each component t:

gt = h̄⊤
SWgvt, (1)

where h̄S denotes the mean vector of the support set features,
Wg is a learnable projection matrix, and vt is a learnable
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(a) Overall Framework of Dual-Process Distribution Calibration (DPDC)
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Figure 1: The overall architecture of the proposed Dual-Process Distribution Calibration (DPDC) framework for few-shot learning.

gating vector for the t-th slow-thinking component. The score
gt reflects the matching degree between the overall features of
the current few-shot task and the knowledge within the t-th
slow-thinking component.

To simulate the selective allocation of deep cognitive re-
sources in fast thinking, we adopt a sparse gating mecha-
nism, activating only the K (K < T ) slow-thinking com-
ponents most relevant to the current task for deep reason-
ing. Specifically, the gating network selects the top-K slow-
thinking components with the highest scores gt. Let S =
TopK(g1, . . . , gT ) denote the set of indices of these K high-
est scores. The corresponding attention weight αt for the t-th
component is then given by:

αt =


exp(gt)∑
j∈S exp(gj)

, if t ∈ S

0, otherwise.
(2)

Thus, for unselected components t /∈ S, αt = 0; for selected
components, the weights are normalized via softmax over the
selected scores, satisfying

∑T
t=1 αt = 1 with exactly K non-

zero entries. These weights determine the contribution of ac-
tivated components in later fusion. Hence, the fast-thinking
component dynamically routes computational resources to
the most relevant K slow-thinking modules based on the
task context, providing a focused entry for subsequent fine-
grained distribution calibration.

3.2 Slow-Thinking Component: Relation
Inference and Divergent Sampling

Corresponding to the deep, deliberate System 2 in human
cognition, the slow-thinking component forms the core of

the distribution calibration framework. Each activated com-
ponent t receives input features hi from the fast-thinking
component and performs relational reasoning using its stored
base-class prototypes P(t) = {p(t)

j ∈ Rd}Nb
j=1 (where Nb

denotes the number of base classes). Through two sub-
processes, relation integration and relation divergence,
it generates multi-perspective calibrated features F (t)

i =

{f (t,v)i ∈ Rd}Vv=1 for each input, achieving multi-perspective,
divergent distribution calibration.

Relation Integration and Summary Graph Construction
Given an input sample feature hi ∈ Rd, the slow-thinking
component establishes associations with all base-class proto-
types p

(t)
j . A linear encoder ϕ : R2d → Rde maps the con-

catenated feature pair to an edge embedding, representing
their potential relationship:

eij = ϕ([hi∥p(t)
j ]), (3)

where [·∥·] denotes vector concatenation and de is the edge
embedding dimensionality.

Cognitive aggregation is key to human associative in-
ference, obtaining stable relational cognition between cate-
gories. We thus aggregate edge embeddings into a single, sta-
ble Summary Graph. Inspired by cognitive science [Greene
et al., 2001], human relational thinking involves numerous
unconscious perceptions, mathematically modeled as sam-
pling from a binomial distribution B(n, λ) as n → ∞, λ →
0. According to the De Moivre–Laplace theorem [Spr, 2008],
this binomial distribution can be approximated by a Gaus-
sian distribution N (µ, σ2) to circumvent the issues when
n → ∞, λ → 0. (Proof in supplementary material.)
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Consequently, we employ variational inference to learn the
distribution parameters of the Gaussian approximation di-
rectly from the edge embeddings eij via a parameterized deep
network. Specifically, an MLP-based network Rθ : Rde →
R2 computes the mean and standard deviation:

µij , σij = Rθ(eij), (4)

where Softplus activates σij to ensure non-negativity. These
parameters yield a stable association strength mij represent-
ing the aggregated relation between the input and base class
j. According to existing work [Huang et al., 2020], the fol-
lowing formula guarantees that the obtained mij reflects the
aggregated relational evidence analogous to human uncon-
scious perception:

mij =
1 + 2µij(σij)

2 −
√
1 + 4(µij)2(σij)4

2
. (5)

All mij form the summary graph M = [mij ] ∈ R1×Nb . This
graph provides a robust starting point for divergent sampling,
simulating the stable relational judgment from deep human
thinking.

Multi-Perspective Relation Divergent Sampling
The component simulates human thought divergence to ex-
plore various inter-class relationships, avoiding overfitting to
one summary graph. We apply Divergent Gaussian Sam-
pling to the summary graph M, generating V distinct Gaus-
sian relation graphs {A(v)}Vv=1 that each represent a rela-
tional perspective.

First, we compute an intermediate variable α̃ from M,
adding Gaussian noise ϵ ∼ N (0, 1) for diversity:

α̃ij =
√

mij(1−mij) · ϵ+mij . (6)

For the v-th perspective, we conduct an additional Gaussian
sampling to generate each element of the Gaussian relation
graph A(v):

s
(v)
ij = µij · α̃ij + σij ·

√
α̃ij · ϵ(v)ij , ϵ

(v)
ij ∼ N (0, 1), (7)

α
(v)
ij = ζ(α̃

(v)
ij ) = ζ(s

(v)
ij · α̃ij), (8)

where ζ(·) normalizes α(v)
ij to the range [−1, 1]. The matrix

A(v) = [α
(v)
ij ] defines the Gaussian Relation Graph for the

v-th perspective. This approach generates diverse yet plau-
sible relational hypotheses. And it ensures these hypotheses
stay aligned with the robust relations in the summary graph.

Multi-Perspective Fused Feature Generation and
Distribution Calibration
We employ the generated Gaussian relation graphs A(v) for
distribution calibration on the input feature. Each graph
weights and fuses the input feature with base-class proto-
types, producing a calibrated feature representation:

f
(t,v)
i = (1− ω) · (A(v)P(t)) + ω · hi, (9)

where ω ∈ [0, 1) balances the input feature and base-class
prototypes, and A(v)P(t) denotes the linear combination of
prototypes via A(v).

Thus, a single slow-thinking component t generates multi-
perspective calibrated features F (t)

i = {f (t,v)i }Vv=1 for input
hi. These features incorporate base-class knowledge from
different angles, achieving multi-perspective, divergent cal-
ibration of the data distribution for few-shot classes.

3.3 Feature Integration and Model Optimization
Multi-Perspective Feature Integration
Each input sample hi receives multi-perspective calibrated
feature sets {F (t)

i | αt > 0} from activated slow-thinking
components. The framework fuses these features via its gat-
ing weights αt, producing the unified multi-perspective fea-
ture representation Fi = {fvi }Vv=1:

fvi =
T∑

t=1

αt · f (t,v)i . (10)

During training, support set samples use all V fused fea-
tures Fs

i to represent the calibrated class distribution, training
a lightweight logistic regression classifier. During testing, for
each sample in the query set, we randomly select one per-
spective fj from its fused features, which is then fed into the
trained classifier to predict its class label. This design enables
support set samples to achieve effective distribution calibra-
tion via multi-perspective features, while query set samples
perform efficient inference with a single-perspective feature.

Joint Optimization Objective
Human relational reasoning is constrained by both current
task evidence (posterior) and existing common sense or de-
fault assumptions (prior). To ensure stable and rational re-
lation graph generation in the slow-thinking component, we
add a variational inference-based regularization term LKL.
Specifically, we employ two independent parameterized net-
works to simulate the posterior and prior cognitive sources
respectively:

• Posterior Path: It takes edge embeddings eij as input
and outputs distribution parameters (µpost

ij , σpost
ij ) and as-

sociation strength mpost
ij . This path captures task-specific

relational evidence for multi-perspective relation graph
generation.

• Prior Path: Structurally identical to the posterior
path but with independent inputs and parameters, it
outputs corresponding prior distribution parameters
(µprior

ij , σprior
ij ) and association strength mprior

ij . It en-
codes a generic relational hypothesis reflecting default
or common-sense knowledge, independent of the cur-
rent task context.

The regularization loss LKL minimizes the discrepancy be-
tween posterior and prior distributions and includes two parts:

Gaussian Distribution KL Divergence (LKL-G)
This term constrains the distribution of the Gaussian proxy in
relational reasoning. It computes the KL divergence between
the posterior Gaussian distribution N (µpost

ij , (σpost
ij )2) and the

prior distribution N (µprior
ij , (σprior

ij )2):
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LKL-G =
∑
i,j

DKL(qij∥pij)

=
1

2

∑
i,j

[
2 log

σprior
ij

σpost
ij

+
(σpost

ij )2 + (µpost
ij − µprior

ij )2

(σprior
ij )2

− 1

]
.

(11)
This term ensures that the relational uncertainty (σpost) and

tendency (µpost) learned from the current task do not exces-
sively deviate from a reasonable default range.

Binomial Distribution Divergence (LKL-B)
This term directly constrains the scalar mij representing the
robust association strength. As described in Section 3.2.1, the
derivation of mij originates from modeling numerous human
unconscious perceptions as sampling from a binomial distri-
bution B(n, λ) with n → ∞, λ → 0. Therefore, constrain-
ing mij essentially constrains the probability parameter λ of
the underlying binomial distribution sampling. Referring to
existing work [Liu and Jia, 2023], we can approximate the
divergence term between these binomial distributions using
mij via the following formula:

LKL-B = DKL(B(n, λpost)∥B(n, λprior))

≈
∑
i,j

[
mprior

ij −mpost
ij +mpost

ij ·
(
logmpost

ij − logmprior
ij

)]
.

(12)
Mathematically, this formula corresponds to an effective

approximation and upper bound of the binomial KL diver-
gence. Its motivation is to encourage the robust relational
cognition learned by the model (mpost) to align with the de-
fault commonsense relational prior (mprior), thereby enhanc-
ing the generalization and robustness of relational inference.

The overall objective function of the model is the weighted
sum of the above losses:

Ltotal = LCE + γ · LKL = LCE + γ · (LKL-G + LKL-B), (13)

where γ ∈ (0, 1] is a hyperparameter. By optimizing
the entire framework end-to-end via gradient descent, the
model collaboratively learns how to dynamically screen rel-
evant knowledge and perform deep, robust multi-perspective
relational reasoning, ultimately achieving efficient and inter-
pretable few-shot distribution calibration and classification.

4 Experiments
We evaluate DPDC through comprehensive experiments on
three research questions:

• RQ1 (Performance): How does DPDC compare with
mainstream few-shot learning methods on standard and
medical image datasets?

• RQ2 (Mechanism): How do the fast-thinking and slow-
thinking components (dynamic knowledge allocation
and multi-perspective relation inference) and internal
designs (e.g., divergent perspectives count) affect per-
formance?

• RQ3 (Interpretability): Do slow-thinking relation
graphs correspond to semantic associations and provide
credible explanations for model decisions?

We design three experimental parts: Comparative Ex-
periments to compare DPDC with baseline methods across
datasets; Ablation Studies to analyze the impact of core
components and parameters; and Visualization Analysis
to visualize inferred inter-class relations and verify inter-
pretability. All experiments use the same setup for fair com-
parison.

4.1 Comparative Experiments
To comprehensively evaluate DPDC, we conduct systematic
comparisons on three datasets: the general image dataset
miniImagenet [Russakovsky et al., 2015], the fine-grained
bird dataset CUB-200-2011 [Wah et al., 2011], and the der-
matology dataset Derm1. For miniImagenet and CUB, we use
the class splits from existing literature [Zhou et al., 2025b].
For Derm, we split training, validation, and test sets by
class in a 6:2:2 ratio. All methods use the same backbone
(ResNet-18 pre-trained on each training set) for feature ex-
traction. Experiments follow the full-way k-shot protocol on
miniImagenet and CUB. On Derm, we test 5-way and 20-
way settings to simulate varying medical diagnostic complex-
ity, repeating experiments for statistical stability. Selected
baseline methods cover both classical and recent represen-
tative works, including: Prototypical Networks (PN) [Snell et
al., 2017], Matching Networks (MN) [Vinyals et al., 2016],
DC [Yang et al., 2021], C2Net [Alam et al., 2025], MF-
SIN [Liu et al., 2024], UNEM [Zhou et al., 2025b], and
CDN4 [Li et al., 2025].

Results Analysis
Tables 1 and 2 present the classification accuracy of DPDC
compared to baseline models. DPDC attains the highest accu-
racy across all settings, demonstrating the efficacy of simulat-
ing human dual-process cognition for distribution calibration
from sparse data.

On the general dataset miniImagenet, DPDC reaches
75.36% accuracy in the 1-shot task, exceeding the second-
best model DC (66.58%) by 8.78%. The performance ad-
vantage persists as k increases, demonstrating consistent
adaptability and robustness. This suggests that both the dy-
namic knowledge activation in fast-thinking and the multi-
perspective relation divergence in slow-thinking improve the
capacity to capture and generalize distribution patterns from
few samples. DPDC also excels on the fine-grained CUB
dataset.

On the medical dataset Derm, DPDC also exhibits strong
generalization capability. Its accuracy significantly exceeds
all baselines in both 5-way and 20-way tasks. Notably, in the
20-way 1-shot setting, DPDC reaches 39.49% accuracy, sur-
passing the best baseline by about 6%. These results confirm
that the framework effectively addresses few-shot problems
not only in general visual classification but also in specialized
domains with substantial intra-class variation and complex

1www.dermnet.com
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Method miniImagenet (20-way) CUB (50-way)
1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot

PN 2017 40.39±0.64 47.96±0.56 54.61±0.52 59.85±0.51 62.21±0.46 35.09±0.60 42.90±0.47 50.65±0.40 54.94±0.49 56.26±0.44

MN 2016 54.43±0.75 65.89±0.63 71.29±0.46 77.97±0.36 81.19±0.41 44.01±0.54 50.68±0.52 55.12±0.41 60.53±0.49 63.79±0.39

DC 2021 66.58±1.52 70.60±1.12 80.40±0.94 83.18±0.81 84.62±0.70 31.39±0.87 45.03±0.98 60.23±1.06 72.37±0.84 77.81±0.75

C2Net 2025 - - - - - 33.11±0.12 42.47±0.09 49.91±0.08 54.69±0.07 57.28±0.07

MFSIN 2024 60.49±0.56 74.60±0.76 82.92±0.59 87.14±0.49 92.77±0.73 44.70±0.38 56.84±0.51 60.97±0.36 66.50±0.84 69.13±0.41

UNEM 2025b 60.01±0.63 67.04±0.55 73.83±0.53 79.05±0.54 85.02±0.48 41.49±0.66 48.21±0.35 63.90±0.49 67.74±0.35 69.69±0.42

CDN4 2025 64.40±0.82 72.44±0.81 79.30±0.61 85.98±0.58 88.44±0.58 34.70±0.19 46.90±0.17 56.51±0.15 63.05±0.14 67.03±0.13

DPDC (ours) 75.36±0.59 87.86±0.35 92.91±0.26 95.53±0.19 96.22±0.18 48.30±0.58 61.60±0.54 68.93±0.41 74.52±0.31 78.95±0.34

Table 1: Comparison of DPDC and baselines in accuracy on miniImagenet and CUB datasets under few-shot scenarios. (Values after ± indi-
cate the 95% confidence interval. Bold values indicate the best performance, while underlined values indicate the second-best performance.)

Method Derm (5-way) Derm (20-way)
1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot

PN 2017 50.20±3.04 59.90±3.41 69.90±2.81 71.70±2.69 62.21±0.46 32.52±1.69 39.68±1.63 41.78±1.36 45.88±1.58 56.26±0.44

MN 2016 57.44±2.23 64.52±2.17 70.72±2.28 75.92±1.97 77.46±1.87 33.92±1.10 42.46±1.03 49.84±0.92 53.04±1.14 60.92±0.99

DC 2021 53.99±1.77 56.98±1.50 73.12±1.34 78.72±1.46 80.90±1.32 31.42±1.35 45.02±1.29 57.84±1.82 66.06±1.51 67.11±1.46

MFSIN 2024 57.70±3.69 61.10±2.90 71.30±2.65 76.20±2.54 73.70±3.32 32.67±1.63 39.45±1.61 47.67±1.57 53.25±1.46 60.97±1.63

UNEM 2025b 59.30±2.84 63.80±3.74 68.50±2.95 69.00±2.69 85.02±0.48 32.37±1.68 39.50±1.64 42.12±1.36 46.60±1.59 69.69±0.42

CDN4 2025 52.10±3.81 57.10±3.13 66.90±2.58 67.40±3.27 66.70±2.65 32.43±1.65 41.12±1.67 44.68±1.40 50.05±1.37 58.75±1.53

DPDC (ours) 63.90±3.46 74.68±1.70 81.02±2.31 86.78±1.80 86.90±1.59 39.49±1.65 52.02±1.79 62.74±2.02 71.07±1.26 72.06±1.45

Table 2: Comparison of DPDC and baselines in accuracy on Derm dataset under few-shot scenarios.

semantics, validating the cognition-inspired mechanism’s po-
tential to enhance generalization and interpretability.

In summary, DPDC delivers stable, excellent performance
across datasets and settings, with notable gains in low-sample
scenarios, highlighting the effectiveness of mimicking human
dual-process cognition for distribution calibration.

4.2 Ablation Studies
We perform ablation studies on miniImagenet dataset to an-
alyze the contributions of core DPDC components, focusing
on: (1) the effect of the thought divergence mechanism in
the slow-thinking component, and (2) the contribution of both
fast and slow thinking components to overall performance.

Impact of Thought Divergence Degree
The slow-thinking component employs divergent Gaussian
sampling to generate multi-perspective relation graphs for
distribution calibration. Table ?? shows 5-way performance
as perspectives V varies from 1 to 1000. Results confirm
thought divergence is crucial for few-shot learning. Without
divergence (V = 1), the accuracy is only 18.20%, indicating
that a single relational view fails to capture inter-class asso-
ciation diversity in sparse data. Increasing V significantly
improves performance; for 1-shot tasks, accuracy rises from
18.20% to 92.17% as V increases from 1 to 500. This effect
is especially pronounced with very few support samples (1,
2-shot), where extensive divergence compensates for initial
information scarcity by exploring numerous potential associ-
ation hypotheses, enabling more robust category distribution
inference.

However, with larger support sets (k), excessive divergence
yields diminishing returns. For 16-shot tasks, performance
peaks at 98.97% with V = 20, then slightly declines to

98.10% at V = 1000. This suggests that with more sam-
ples, relation aggregation captures true inter-class relation-
ships more reliably, and excessive divergence may introduce
noise. Notably, even at larger sample sizes (e.g., 8-shot, 16-
shot), increasing V to 500 or 1000 does not severely degrade
performance, demonstrating the summary-graph-based sam-
pling effectively constrains graphs within a reasonable range.
Considering computational efficiency and performance, V =
100 achieves near-optimal results in most settings, balancing
accuracy and cost.

Contribution Analysis of Core Modules

Perspectives miniImagenet (5-way)
1-shot 2-shot 4-shot 8-shot 16-shot

1 18.20 20.73 20.53 22.85 36.35
5 19.80 25.67 49.15 88.48 97.50

10 25.15 48.88 86.60 95.72 98.75
50 77.25 94.67 96.60 98.72 98.69

100 89.27 95.22 96.83 97.85 98.35
500 92.17 96.10 97.92 97.66 98.16
1000 92.05 95.75 96.72 97.12 98.10

Table 3: Performance of DPDC Model with Different Slow-
Thinking Divergent Perspectives on miniImagenet Dataset (5-way)

To evaluate the necessity of the fast and slow thinking mod-
ules, we construct three variants for comparison:

• w/o Fast Thinking: Removes the fast-thinking compo-
nent, disabling gated prototype matching and dynamic
knowledge allocation.

• w/o Slow Thinking: Removes the slow-thinking com-
ponent, omitting relation integration and divergent sam-
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Figure 2: Visualization of relation graphs on the miniImagenet dataset. Each target image (upper six images) points to the two base classes
with the strongest positive correlation (lower ten images). Colors indicate correlation strength (red for positive, blue for negative).

variant miniImagenet (20-way)
1-shot 2-shot 4-shot 8-shot 16-shot

w/o Fast and Slow Thinking 64.54±0.81 73.05±0.58 75.12±0.44 77.91±0.36 80.03±0.34

w/o Slow Thinking 66.57±0.78 79.16±0.82 82.12±0.45 83.50±0.35 86.45±0.36

w/o Fast Thinking 72.83±0.67 84.92±0.41 90.18±0.33 92.43±0.26 93.77±0.21

DPDC(Ours) 75.36±0.59 87.86±0.35 92.91±0.26 95.53±0.19 96.22±0.18

Table 4: Performance comparison of DPDC and its variants on the
miniImagenet dataset. (Values after ± indicate the 95% confidence
interval.)

pling. It directly uses inter-class edge embeddings as the
association graph to combine with base-class prototypes.

• w/o Fast and Slow Thinking: This variant removes
both components.

Table ?? compares the performance of the complete DPDC
framework with its variants on 20-way tasks. The full
model achieves the best accuracy for all k, confirming the
dual-process collaborative design’s effectiveness. Removing
the slow-thinking component causes a marked performance
drop, especially in low-sample scenarios, indicating that fast
matching alone cannot achieve precise distribution calibra-
tion; deep relational reasoning and multi-perspective diver-
gence are essential for robustness and accuracy. Removing
the fast-thinking component also degrades performance, al-
beit less severely, demonstrating its role in focusing compu-
tational resources. The variant lacking both components per-
forms worst, further validating both modules.

In summary, the ablation studies show that: (1) The
thought divergence mechanism in slow thinking is central to
DPDC, enhancing distribution calibration by exploring multi-
ple association hypotheses in few-shot scenarios, while mod-
erate divergence (V = 100) suffices when samples are abun-
dant; (2) Both components contribute significantly to final
performance, with the deep relation integration and diver-
gence in slow thinking exerting a stronger influence.

4.3 Visualization Analysis
We visualize Gaussian relation graphs from the slow-thinking
component to examine whether DPDC constructs inter-class

relationships aligned with human cognitive patterns. We
manually select ten base classes (three birds, three dogs, two
vehicles, and two food items) and train corresponding slow-
thinking components, then visualize a Gaussian association
graph for each test image.

Figure 2 displays the results, with two target sets: three dog
images (left) and three school bus images (right). Each con-
nects via arrows to the two base classes with highest positive
correlation. For dog targets, the most relevant base classes
consistently belong to the dog categories (Base Classes 4, 5,
and 6), indicating correct semantic association. For school
bus targets, Base Class 8 (tank) consistently appears among
the strongest positive correlations, reflecting visual similar-
ity between school buses and tanks. These results demon-
strate that the slow-thinking component generates semanti-
cally meaningful inter-class associations aligned with human
intuition, validating DPDC’s effectiveness in interpretable,
human-like relational reasoning.

5 Conclusion

Inspired by human dual-process cognition, this paper pro-
poses a Dual-Process Distribution Calibration framework
(DPDC) for few-shot image classification. DPDC system-
atically implements a fast-slow thinking mechanism. A gated
prototype matching component rapidly screens and allocates
prior knowledge, whereas a variational inference component
with divergent sampling calibrates inter-class relationships
from multiple relational perspectives. Experiments on sev-
eral datasets demonstrate that DPDC consistently surpasses
state-of-the-art methods. The resulting relation graphs exhibit
human-aligned semantic interpretability and offer transparent
justification for model decisions. This work provides new
insights for constructing efficient and trustworthy human-
like learning systems. Future research will explore alterna-
tive computational realizations of the dual-process cognitive
framework and extend its applicability to multimodal learn-
ing and more complex decision-making tasks.
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