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Dynamic Task Relational Inference for Few-Shot Learning

Supplementary Material

Appendix A: Detailed Theoretical Analyses
This appendix provides the detailed theoretical analyses for our proposed AdaMeta framework. We first present the conver-
gence analysis for the Online Meta-Optimizer (OMO) in Section A.1, followed by the generalization error bound analysis in
Section A.2.

A.1. Convergence Analysis of the OMO
Here, we provide the detailed proof for the convergence guarantee of AdaMeta, as stated in Theorem 1. Our analysis rigor-
ously demonstrates that the OMO converges in a non-stationary setting where tasks are drawn from an evolving distribution.

Objective Function and Assumptions.

We first formally define the full objective function analyzed in this proof, ensuring it precisely matches the OMO algorithm
presented in Sec. 3.5.

Objective Function. The OMO update (Eq. 12) uses two distinct learning rates, β and γ, for its two objectives. To analyze
this using a standard convergence framework, we can rewrite this update by factoring out β. We define a composite loss
function Lt(θ) such that its gradient is:

∇Lt(θ) = ∇Li,t(θ) +
γ

β
EGt [∇Lo,t(θ)] . (1)

With this definition, the OMO update (Eq. 12) becomes equivalent to a standard stochastic gradient update on this composite
loss:

θt+1 = θt − βtgt, (2)

where βt is the learning rate schedule (e.g., βt = β0/
√
t), and gt is the stochastic gradient estimator for the full composite

gradient ∇Lt(θt).

Assumptions. Our analysis relies on the following standard assumptions, which are now applied to the composite loss
function Lt(θ).

Assumption 1 (Relaxed Task Stationarity). There exists a constant ρ ∈ [0, 1) such that for any parameter θ, the gradients of
consecutive composite loss functions satisfy: ||∇Lt(θ)−∇Lt−1(θ)|| ≤ ρ||θt − θt−1||.

Assumption 2 (Lipschitz Smoothness). Each composite loss function Lt(θ) is L-smooth for some constant L > 0. This L
depends on the smoothness of the component losses (Li, Lo) and the hyperparameter ratio γ/β.

Assumption 3 (Bounded Gradient Variance). The stochastic gradient gt (derived from sampling a batch Bt) is an unbiased
estimator of ∇Lt(θt) with variance bounded by σ2 ≥ 0.
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Theorem 1 (Convergence of AdaMeta). Under Assumptions 1-3, setting the learning rate schedule βt = β0√
t

such that
βt ≤ 1

2L , the optimization process of AdaMeta satisfies:

1

T

T∑
t=1

E[||∇Lt(θt)||2] ≤
C1√
T

+ C2ρ
2, (3)

where C1, C2 are constants.

Proof of Theorem 1.

The proof proceeds in four main steps. We first define a Lyapunov function that captures the objectives of our OMO, then
derive a one-step progress lemma, and finally use telescoping sums to establish the overall convergence bound.

Step 1: Definition of the Lyapunov Function. We define the following Lyapunov function Vt [9], which is designed to
analyze the convergence of the composite loss Lt under the drift defined in Assumption 1:

Vt = Lt(θt) +
η

2
||θt − θt−1||2. (4)

Here, Lt(θt) measures the performance on the current composite objective, and η > 0 is a tunable parameter for the proof.

Step 2: One-Step Progress Lemma. We first bound the expected one-step change in the Lyapunov function, E[Vt+1−Vt].

Lemma 1. Under Assumptions 1-3, if we choose η = L, the one-step progress of the Lyapunov function is bounded as:

E[Vt+1 − Vt] ≤− βt (1− Lβt)E[||∇Lt(θt)||2]

+ Lβ2
t σ

2 +
ρ2

2L
E[||θt − θt−1||2].

(5)

Proof. By definition, Vt+1 = Lt+1(θt+1) +
η
2 ||θt+1 − θt||2. From smoothness (Assumption 2), we have:

Lt+1(θt+1) ≤ Lt+1(θt)

+ ⟨∇Lt+1(θt), θt+1 − θt⟩

+
L

2
||θt+1 − θt||2.

(6)

Substituting this into the expression for Vt+1 gives:

Vt+1 ≤ Lt+1(θt)

+ ⟨∇Lt+1(θt), θt+1 − θt⟩

+
L+ η

2
||θt+1 − θt||2.

(7)

Now consider the difference Vt+1 − Vt:

Vt+1 − Vt ≤ Lt+1(θt)− Lt(θt) + ⟨∇Lt+1(θt), θt+1 − θt⟩

+
L+ η

2
||θt+1 − θt||2 −

η

2
||θt − θt−1||2. (8)

We decompose the inner product term:

⟨∇Lt+1(θt), θt+1 − θt⟩ = ⟨∇Lt(θt), θt+1 − θt⟩+ ⟨. . . ⟩,
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where ⟨. . . ⟩ = ⟨∇Lt+1(θt) − ∇Lt(θt), θt+1 − θt⟩. Using Cauchy-Schwarz, Assumption 1, and Young’s inequality (ab ≤
a2

2ϵ + ϵb2

2 with ϵ = η), we bound the second part:

⟨. . . ⟩ ≤ ||∇Lt+1(θt)−∇Lt(θt)|| · ||θt+1 − θt||
≤ ρ||θt − θt−1|| · ||θt+1 − θt||

≤ ρ2

2η
||θt − θt−1||2 +

η

2
||θt+1 − θt||2.

Plugging this back and substituting θt+1 − θt = −βtgt:

Vt+1 − Vt ≤− βt⟨∇Lt(θt), gt⟩+
L+ 2η

2
β2
t ||gt||2

+

(
ρ2

2η
− η

2

)
||θt − θt−1||2.

Taking expectation and using Assumption 3:

E[Vt+1 − Vt] ≤− βtE[||∇Lt(θt)||2]

+
(L+ 2η)β2

t

2

(
σ2 + E[||∇Lt(θt)||2]

)
+

(
ρ2

2η
− η

2

)
E[||θt − θt−1||2].

This eventually leads to the bound in the lemma statement after simplification and choice of η.

Step 3: Summation and Telescoping. Rearranging the result from Lemma 1 and setting η = L:

βt(1− Lβt)E[||∇Lt(θt)||2]
≤ E[Vt − Vt+1] + Lβ2

t σ
2

+
ρ2

2L
E[||θt − θt−1||2]. (9)

Since we chose βt ≤ 1
2L , we have 1− Lβt ≥ 1

2 . This simplifies the inequality above to:

βt

2
E[||∇Lt(θt)||2]

≤ E[Vt − Vt+1] + Lβ2
t σ

2

+
ρ2

2L
E[||θt − θt−1||2]. (10)

Summing from t = 1 to T and applying standard bounding techniques completes the proof as sketched in the main text.

A.2. Generalization Error Bound for AdaMeta
Here, we provide the proof for the generalization error bound of AdaMeta, as stated in Theorem 2. This analysis connects the
generalization performance to the structural properties of the Neural Task Relational Graph (NTRG) and the non-stationarity
of the task stream.

Additional Assumptions and Main Theorem for Generalization.

This analysis relies on two additional assumptions regarding the task environment.
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Assumption 4 (Bounded Task Distribution Drift). The task stream {Tt}Tt=1 is drawn from a sequence of distributions
{Pt}Tt=1. The total non-stationarity of the environment is bounded by a constant ∆ > 0, measured by the cumulative To-
tal Variation (TV) distance:

T∑
t=1

TV(Pt, Pt+1) ≤ ∆. (11)

Assumption 5 (Task Graph Connectivity). The dynamic task relational graph Gt constructed by the NTRG (as defined in
Sec. 3.3) has a Cheeger constant λ(Gt) that is lower-bounded by a constant λ0 > 0. The Cheeger constant λ0 measures
the connectivity of the graph, where a larger value implies a denser, more well-connected graph structure [5]. Our analysis
applies this concept to the underlying structure of the directed graph.

Theorem 2 (Generalization Bound for AdaMeta). Under suitable regularity conditions and Assumptions 4-5, for any δ ∈
(0, 1), with probability at least 1 − δ, the generalization error εgen of AdaMeta after training on n tasks over T steps is
bounded by:

εgen ≤
C3

λ0
√
n
+ C4

√
∆+ ln(1/δ)

T
, (12)

where C3, C4 are constants related to model complexity.

Proof of Theorem 2.

The proof strategy is to decompose the total generalization error into two distinct components and bound each separately.

Step 1: Error Decomposition. The overall generalization error εgen is the difference between the true expected risk
Eθ∼Q[L(θ)] over the true (average) task distribution and the empirical risk on the observed task sequence, L̂meta(θ). We
decompose this error as follows:

εgen ≤ Eθ∼Q[L(θ)− L̂(θ)]︸ ︷︷ ︸
Classical Generalization Term

+Eθ∼Q[L̂(θ)− L̂meta(θ)]︸ ︷︷ ︸
Task Shift Term

. (13)

Here, Q is the posterior distribution over parameters learned by AdaMeta, L(θ) is the true risk, L̂(θ) is the empirical risk on
tasks drawn i.i.d. from the average distribution, and L̂meta(θ) is the empirical risk on the actual non-stationary sequence of
tasks.

Step 2: Bounding the Classical Generalization Term. We bound the first term using the PAC-Bayes framework. [11, 1]
For any prior distribution P over the parameters, with probability at least 1− δ/2, the following holds for the posterior Q:

Eθ∼Q[L(θ)− L̂(θ)] ≤
√

KL(Q||P ) + ln(2n/δ)

2n
. (14)

A key insight is that the KL-divergence term, KL(Q||P ), depends on the learned structure. A well-connected task graph
(large λ0) allows AdaMeta to learn a more compressed and structured posterior Q that remains close to the prior P . We
assume KL(Q||P ) is upper-bounded by a function that is inversely related to λ2

0, i.e., KL(Q||P ) ∝ 1/λ2
0. This leads to the

structural term in our final bound:

Eθ∼Q[L(θ)− L̂(θ)] ≤ O
(

C3

λ0
√
n

)
.

Step 3: Bounding the Task Shift Term. We bound the second term using principles from online learning stability. which
connects generalization to the cumulative shift in the underlying data distributions, often measured via metrics like Total
Variation distance. [4, 2] The error induced by the distribution shift is bounded by the algorithm’s stability and the magnitude
of the shift. By applying a concentration inequality (e.g., Azuma-Hoeffding) [3] to the sequence of losses, we can obtain a
high-probability bound. With probability at least 1− δ/2:

Eθ∼Q[L̂(θ)− L̂meta(θ)]

≤ C ′
4

(∑T
t=1 TV(Pt, Pt+1) + ln(2/δ)

T

) 1
2

. (15)
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Using Assumption 4, this simplifies to:

Eθ∼Q[L̂(θ)− L̂meta(θ)] ≤ O

(
C4

√
∆+ ln(1/δ)

T

)
.

Step 4: Combining the Bounds. Finally, we combine the bounds for the two terms using a union bound. With probability
at least (1 − δ/2) + (1 − δ/2) − 1 = 1 − δ, both bounds hold simultaneously. Summing the two bounds gives us the final
result as stated in Theorem 2:

εgen ≤
C3

λ0
√
n
+ C4

√
∆+ ln(1/δ)

T
. (16)

This completes the proof.

Appendix B: AdaMeta Algorithm
To provide a clear and operational overview of our proposed framework, we present the detailed pseudocode for AdaMeta in
Algorithm 1. The algorithm outlines the end-to-end process, from dynamic task relation inference with the NTRG (Sec. 3.3)
, to the knowledge distillation in the MKD (Sec. 3.4) , and finally the structure-aware meta-update performed by the OMO
(Sec. 3.5). Due to the pseudocode being too long, please see the next page.
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Algorithm 1: AdaMeta: Adaptive Meta-Learning with Dynamic Task Relational Inference
Input: Stream of few-shot tasks pt(T ); Learning rates β, γ; Graph threshold τ .
Output: Meta-trained model parameters θ.
// Initialize model and core AdaMeta components
Initialize feature encoder fθ and projection matrices Q,K for NTRG Initialize adapter Wa, ba and MLPα for MKD Initial-

ize persistent memory vector mp ← 0 (e.g., GRU initial state)
for each meta-training iteration t = 1, . . . , T do

// Step 1: NTRG Input Generation (Eq. 3, 4)
Sample a batch of tasks Bt = {T1, . . . , TB} ∼ pt(T ) foreach task Ti ∈ Bt do

Extract features from support set: F s
i = fθ(Ds

i ) Compute task embedding: hi = MeanPooling(F s
i )

end
// Step 2: NTRG Construction (Eq. 5)
foreach pair (Ti, Tj) ∈ Bt × Bt do

Compute edge weight: wij = softmaxj
(

(Qhi)
T (Khj)√
d

)
end
Sparsify [wij ] using τ to finalize the graph Gt
// Step 3: MKD Inner-Loop (Eq. 6-11)
Initialize gradient lists: Gi = ∅ mlast ← mp // Load persistent memory
foreach task Ti ∈ Bt do

// Inner-Loop: Compute Short-Term Adaptation
θs ← Adapt(θ,Ds

i ) // e.g., 1-step GD (Eq. 1)
// MKD: Compute Long-Term Modulation

ci =
∑B

j=1 wij · hj // Graph Context (Eq. 6)

m
(l)
i = GRU(ci,mlast) // GRU Update (Eq. 7)

m̃i = tanh(Wam
(l)
i + ba) // Adapter (Eq. 8)

θil = FiLM(θ, m̃i) // FiLM Modulation (Eq. 10)
// MKD: Compute Gating Final Parameters
αi = σ(MLP(ci)) // Gate (Eq. 9)
θmeta = αiθ

i
l + (1− αi)θs // Fusion (Eq. 11)

// Compute Adaptation Loss Gradient
Li = L(fθmeta

,Dq
i ) // Query Loss (Eq. 13)

Gi ← Gi ∪ {∇θLi} // Compute store meta-gradient
end
mp ← mlast // Save persistent memory for next iteration
// Step 4: OMO Relational Loss (Eq. 14, 15)
Initialize loss: Lo = 0 foreach pair (Ti, Tj) ∈ Gt do

pi =
1

|Dq
i |
∑

(x,y)∈Dq
i
fθ(x) // Meta-Prior (Eq. 15)

pj =
1

|Dq
j |
∑

(x,y)∈Dq
j
fθ(x) // Meta-Prior (Eq. 15)

Lo ← Lo + wijDKL(pi ∥ pj) // Relational Loss (Eq. 14)
end
// Step 5: OMO Meta-Update (Eq. 12)
∇Li

= 1
B

∑
g∈Gi

g // Average adaptation gradients

∇Lo
= ∇θLo // Relational gradient

θ ← θ − β∇Li
− γ∇Lo

// Update global parameters
end
return Meta-trained parameters θ
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Appendix C: Dataset Details
This appendix provides a detailed description of the benchmark datasets used to evaluate our proposed AdaMeta framework.
We follow standard experimental protocols for both few-shot classification and cross-domain/fine-grained classification tasks
to ensure fair and robust comparisons against prior work.

C.1. Standard Few-Shot Classification Datasets
MiniImageNet [14] This dataset is a standard and widely-used benchmark derived from the larger ImageNet dataset. It
comprises 100 diverse classes, each containing 600 images of size 84 × 84 pixels. Following the standard protocol, these
classes are partitioned into 64 classes for meta-training, 16 for meta-validation, and 20 for meta-testing.

TieredImageNet [13] This is a larger and more challenging subset of ImageNet designed to evaluate meta-learning algo-
rithms more effectively. It contains 608 classes from 34 high-level categories. These classes are split into 351 (20 categories)
for training, 97 (6 categories) for validation, and 160 (8 categories) for testing. A key characteristic of this dataset is its hier-
archical structure; the train, validation, and test splits are drawn from disjoint sets of high-level categories, which minimizes
semantic overlap and presents a more realistic, challenging evaluation scenario.

CIFAR-FS [10] This dataset is a modification of the CIFAR-100 dataset for few-shot learning. It contains all 100 classes
from CIFAR-100, each with 600 images of 32 × 32 resolution. The standard split allocates 64 classes for training, 16 for
validation, and 20 for testing.

FC100 [12] Also derived from CIFAR-100, the Fewshot-CIFAR100 (FC100) dataset is designed to test a model’s ability
to learn from classes with minimal conceptual overlap. It contains 100 classes grouped into 20 superclasses. The dataset is
partitioned into 60 training classes (from 12 superclasses), 20 validation classes (from 5 superclasses), and 20 testing classes
(from 5 superclasses), ensuring that the superclasses are disjoint across splits.

C.2. Fine-Grained and Cross-Domain Datasets
To evaluate the robustness and adaptability of our model on more specialized and challenging tasks, we employ the following
fine-grained and cross-domain benchmarks.

CUB-200-2011 [15] The Caltech-UCSD Birds-200-2011 (CUB) dataset is a standard benchmark for fine-grained visual
categorization. It consists of 11,788 images across 200 different bird species. For our few-shot experiments, we follow the
standard split of 100 species for training, 50 for validation, and 50 for testing. The images are typically used with the provided
bounding-box annotations to focus the model on the object of interest.

Cars [8] The Stanford Cars dataset is another key benchmark for fine-grained classification, containing 16,185 images of
196 classes of cars, categorized by make, model, and year. For cross-domain evaluation, the dataset is split into 130 training
classes, 17 validation classes, and 49 testing classes. This dataset tests a model’s ability to discern subtle differences between
visually similar objects.

C.3. Experimental Protocol
Across all datasets, we adhere to the standard few-shot learning protocol. The training set of classes is used exclusively
for the meta-training phase, where the model learns how to learn from a variety of tasks. The validation set is used for
hyperparameter selection and tuning of our model. Finally, the testing set is held out and used only for the final evaluation
of the model’s performance on novel, unseen classes. This strict separation ensures a fair and unbiased assessment of the
model’s few-shot generalization capabilities.
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Table 1. Detailed hyperparameter settings for all benchmark experiments. The ‘Tasks per Epoch‘ column refers to the number of tasks
sampled during meta-training, while ‘Val Tasks‘ indicates the total number of tasks used for validation after each epoch.

Dataset Setting Backbone Epochs Train Tasks Val Tasks β γ

MiniImageNet 5-way 1-shot ResNet-50 200 1000 200 0.01 0.0005
5-way 5-shot ResNet-50 200 1000 200 0.05 0.001

TieredImageNet 5-way 1-shot ResNet-50 200 3000 500 0.01 0.0002
5-way 5-shot ResNet-50 200 3000 500 0.015 0.0003

CIFAR-FS 5-way 1-shot Mod. ResNet-18 200 5000 500 0.01 0.0002
5-way 5-shot Mod. ResNet-18 200 5000 500 0.05 0.0005

FC100 5-way 1-shot Mod. ResNet-18 200 5000 500 0.005 0.0002
5-way 5-shot Mod. ResNet-18 200 5000 500 0.05 0.001

CUB-200-2011 5-way 1-shot ResNet-50 200 2000 400 0.01 0.001
5-way 5-shot ResNet-50 200 2500 400 0.05 0.003

Appendix D: Implementation and Hyperparameter Details
This appendix provides a comprehensive overview of the implementation details for our experiments, including network
architectures, training protocols, and hyperparameter settings. Our framework was implemented using PyTorch 2.4.1 and all
experiments were conducted on a single NVIDIA GeForce RTX 4060 GPU.

D.1. Network Architectures
To ensure robust and meaningful feature extraction, the backbone network for each dataset was carefully chosen and initial-
ized with weights pre-trained on a large-scale image dataset (e.g., ImageNet).

ResNet-50 for High-Resolution Datasets. For the high-resolution datasets, namely MiniImageNet, TieredImageNet, and
CUB-200-2011, we employed a standard ResNet-50 backbone [6]. The deep architecture and powerful feature extraction
capabilities of ResNet-50 provide rich representations that are essential for our NTRG module to effectively model complex
inter-task relationships.

Modified ResNet-18 for Low-Resolution Datasets. For the CIFAR-FS and FC100 datasets, which are characterized by
lower-resolution images (32 × 32), we utilized a modified ResNet-18 backbone to better suit the data constraints. Standard
ResNet architectures are often optimized for larger ImageNet-scale images and can lose critical spatial information on smaller
images due to their initial large-stride convolution and max-pooling layers. To mitigate this, we introduced the following
specific modifications to the ResNet-18 architecture:
• We altered the first convolutional layer to use a kernel size of 3, a stride of 1, and a padding of 1.
• We completely removed the subsequent max-pooling layer.
These targeted modifications allow the network to preserve spatial information and enhance the granularity of learned features
without imposing excessive computational overhead, which is crucial for adaptation in scenarios with limited data.

Backbone Generality. To further validate the generality of AdaMeta, we also experimented with other common back-
bones, including Conv-4, ResNet-12, and ViT. Our framework demonstrated robust performance across these architectures,
indicating its wide applicability. The ResNet-50 and modified ResNet-18 backbones were selected for the main paper as they
consistently yielded the most stable and effective results during our validation phase.

D.2. Training Protocol and Hyperparameters
General Training Setup. All models were trained using the Adam optimizer [7] with a learning rate of 1 × 10−4 and a
batch size of 16. We employed an episodic training methodology to simulate the few-shot learning process. During meta-

8



training, each ”task” or ”episode” was constructed by sampling N classes (N-way) and K examples per class (K-shot) for
the support set, plus a set of query examples from the same classes. The model was trained to minimize the classification loss
on the query examples based on the information from the support set.

Hyperparameter Settings. The key hyperparameters in our AdaMeta framework include the task adaptation loss weight
β and the relational consistency loss weight γ. These were specifically tuned for each dataset and setting using a grid search
on the meta-validation set.

Our general tuning principle, observed during the grid search, was that the 1-shot setting typically requires a smaller
relational consistency weight γ compared to the 5-shot setting. This is intuitive, as the 1-shot scenario has fewer samples per
task, necessitating a more cautious application of the relational prior to avoid over-regularization.

To ensure full reproducibility, we report the specific values used for each benchmark experiment in Table 1. The number
of training epochs and the number of tasks sampled for training and validation also varied per dataset to accommodate their
different scales and complexities.
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