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ABSTRACT

Generalized Category Discovery (GCD) is a task that concentrates on identifying
both base and novel categories in an unlabeled dataset while preserving knowl-
edge from a labeled dataset. A key challenge in this setting lies in balancing the
supervised learning of base categories and the unsupervised discovery of novel
ones. Through empirical analysis, we observe that conventional multi-objective
optimization approaches suffer from significant gradient interference between the
classification objective and the representation objective, which hinders effective
joint training. Therefore, we propose a simple yet effective framework, named
Pareto-guided Gradient Interference (PGI), to alleviate this issue. The PGI em-
ploys a Pareto-annealing optimization approach to explore the Pareto front that
balances representation objective and classification objective. Additionally, a reg-
ularization term is introduced which can leverage multi-view consistency to en-
hance clustering structure in the feature space, facilitating better separation of
novel classes. Extensive experiments across fine-grained benchmarks demonstrate
the superiority of our approach in discovering novel categories while maintaining
accuracy on base classes.

1 INTRODUCTION

Deep neural networks have achieved remarkable success in image classification tasks, largely at-
tributed to the large-scale annotated training datasets. However, this closed-world assumption where
all test categories are seen during training poses significant limitations for real-world applications,
where numerous unseen and unlabeled categories commonly exist (Wang et al., 2025b). General-
ized Category Discovery (GCD) which is a new research branch of Open-set Recognition (OSR),
aims to enable the model to classify the base and novel categories from an unlabeled dataset using
knowledge from a labeled dataset. GCD is a challenging task that requires models to possess both
knowledge transfer capabilities and robust generalization, making it more aligned with real-world
scenarios.

Recent studies (Fei et al., 2022; Wu et al., 2023; Cao et al., 2024; An et al., 2024; Shi et al., 2024;
Ma et al., 2025) make great progress on coarse-grained datasets, while they remain suboptimal on
fine-grained datasets. We hypothesize that one underlying reason for the suboptimal performance of
conventional methods on fine-grained datasets may lie in a key issue: gradient interference among
multiple loss functions. Gradient interference refers to the phenomenon in multi-objective or multi-
task learning where gradients from different loss functions conflict with each other—typically in-
dicated by a negative cosine similarity—thereby impeding effective optimization and model con-
vergence (Yu et al., 2020). Fine-grained datasets are characterized by subtle inter-class differences,
which often lead to overlapping feature distributions. This increases the possibility of gradient in-
terference when optimizing multiple objectives simultaneously. We divide the loss functions in the
GCD task into the classification objective and the representation objective. The classification ob-
jective comprises cross-entropy loss and the representation learning objective includes distillation
loss, contrastive loss, and various regularization terms. The feasibility analysis of this loss parti-
tioning criterion will be introduced in the experiment section. As shown in Figure 1, our empirical
observations reveal significant interference among the gradients between the classification objective
and the representation objective, resulting in unstable training dynamics. This observation provides
an explanation for the overfitting phenomenon observed in later training stages. In contrast, our
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proposed method effectively mitigates gradient interference, leading to more stable and generalized
model performance.

Figure 1: Visualization of gradient interference
between conventional method and our proposed
method. The conventional method is implemented
based on the MOS framework (Peng et al., 2025).
The y-axis denotes the gradient angle, which mea-
sures the angle between the gradient directions of
the classification objective and the representation
objective.

To address the challenge of gradient interfer-
ence, we introduce a principled framework
termed Pareto-Guided Gradient Interference
(PGI). The primary goal of PGI is to dy-
namically reconcile the optimization between
the classification objective, which emphasizes
accurate recognition of base categories, and
the representation objective, which focuses on
learning transferable embeddings that are ben-
eficial for discovering novel categories. Tra-
ditional approaches often rely on the static
weighting schemes to combine these objec-
tives, which can easily cause one objective to
dominate and lead to unstable training dynam-
ics. By contrast, PGI reformulates the prob-
lem into a multi-objective optimization task
and seeks an update direction that satisfies
the Pareto optimality principle. To achieve
this, PGI constructs a gradient update direction
through a Pareto-annealing optimization strat-
egy, in which the preference coefficient is gradually annealed during training to reflect the evolving
optimization landscape. This dynamic trade-off ensures that both objectives contribute meaning-
fully at different training stages, allowing the model to explore diverse update directions early on
while converging toward Pareto-optimal solutions in later phases. Such a design guarantees that the
combined gradient remains a valid descent direction even in the presence of negative cosine simi-
larity, thereby effectively mitigating destructive gradient conflicts. Overall, PGI provides a theoret-
ically grounded and empirically validated approach for alleviating gradient interference, stabilizing
convergence, and improving the balance between memorization and generalization in generalized
category discovery tasks.

Although Pareto-guided gradient integration reduces the macroscopic conflicts between classifica-
tion and representation objective, residual interference remains in fine-grained scenarios where sub-
tle semantic differences play a decisive role. To further refine the learned feature space and alle-
viate these residual conflicts, we incorporate a multi-view consistency regularization based on the
Swapping Assignments between Views (SwAV) loss (Caron et al., 2020). This component enforces
invariance across different augmented views of the same instance by assigning embeddings to a set
of prototypes and promoting consistent assignments between views. The SwAV loss encourages
predicting the assignment of one view from the similarity distribution of another, thereby forcing
the network to capture fine-grained, view-invariant representations. This process not only strength-
ens the clustering structure within the embedding space but also reduces the tendency of prototypes
to overfit to base categories. By embedding SwAV regularization into PGI, the model gains im-
proved sensitivity to subtle category differences while maintaining balanced supervision from both
labeled and unlabeled data. Thus, the regularization component complements the Pareto-annealing
optimization by refining microscopic structures of representation learning, ultimately enhancing ro-
bustness and improving the generalization of the prototype network on challenging fine-grained
benchmarks.

To summarize, We provide a comprehensive empirical analysis that reveals the presence of gradient
interference among multiple loss functions in generalized category discovery. Then, we propose the
Pareto-Guided Gradient Interference PGI framework, which unifies two complementary compo-
nents: (i) a Pareto-annealing optimization strategy that dynamically integrates gradients of classifi-
cation objective and representation objective to approximate Pareto-optimal update directions, and
(ii) a SwAV-based multi-view consistency regularization that enhances prototype robustness and
promotes fine-grained feature learning. Extensive experiments on multiple fine-grained benchmarks
are conducted to demonstrate the effectiveness and generalizability of the proposed PGI framework
compared to baselines.
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2 RELATED WORKS

Open-Set Recognition. Open-Set Recognition (OSR) is a realistic open-set task in which the model
needs to identify whether or not a test sample belongs to one of the semantic classes in a classifier’s
training set (Vaze et al., 2021). A standard baseline OSR involves training a model on base classes
using cross-entropy loss, with inference decisions based on the maximum value of the softmax prob-
ability. Novel Category Discovery (NCD) which is based on OSR and is a more difficult task, aims to
cluster an unlabeled set with the help of a labeled set consisting of disjoint but related classes(Wang
et al., 2024b). However, OSR focuses solely on identifying test-time samples that do not belong
to any of the labeled classes, without requiring further classification of these out-of-distribution in-
stances. NCD typically relies on the restrictive assumption that all unlabeled samples originate from
novel classes, an assumption that often does not hold in realistic scenarios. In contrast, GCD ad-
dresses this limitation by automatically identifying both base and novel categories from unlabeled
data (Rastegar et al., 2023).

Generalized Category Discovery. GCD is a challenging semi-supervised learning task which aims
to classify both base and novel classes in a labeled dataset, using the knowledge from a unlabel
dataset (Vaze et al., 2022). SimGCD (Wen et al., 2023) introduced the parametric classification to
replace the conventional methods and gained tremendous improvement on GCD benchmarks. Se-
lEX (Rastegar et al., 2024) proposed self-expertise which enhances the model’s ability to recognize
subtle differences and uncover unknown categories by using hierarchical pseudo-labeling. SPT-
NET (Wang et al., 2024a) introduced a two-stage adapation approach to iteratively optimizes model
parameters and data parameters. MOS (Peng et al., 2025) used the object segmentation model to
form scene-agnostic images and constrain the model to capture the scene information, achieving
prominent improvement in GCD benchmarks. However, many traditional methods ignore the gra-
dient interference between the classification objective and representation objective which hinder the
learning efficiency of the model.

Gradient Interference. Gradient interference constitutes a fundamental challenge in Multi-Task
Learning (MTL), arising when task-specific gradients exhibit divergent directions and heteroge-
neous magnitudes. This necessitates the design of update strategies that effectively reconcile such
conflicts while preserving balanced optimization across tasks (Qin et al., 2025). Recent studies
have demonstrated substantial performance improvements through a variety of approaches, includ-
ing Pareto optimization (Sener & Koltun, 2018), gradient normalization (Chen et al., 2018), conflict
projection (Yu et al., 2020), gradient sign dropout (Chen et al., 2020), conflict-averse gradients (Liu
et al., 2021), and fair resource allocation (Ban & Ji, 2024).

3 METHOD

3.1 PRELIMINARIES

Formal Definition of GCD. GCD task aims to assign class labels to all unlabeled images, even
when their categories may be unseen in the labeled set. Formally, given a set of labeled images
DL = {(xi, yi)}ni=1 and a set of unlabeled images DU = {xi}Ni=n+1, the goal is to assign class
labels to all images in DU . The category of the unlabeled datasets CU comprises both base and novel
classes while the category of the labeled datasets CL comprises only known classes. Consequently,
the category of the labeled datasets CL is a subset of the category of the unlabeled datasets CU ,
denoted as CL ⊂ CU . It is noted that GCD is a generalization of the traditional category discovery
task and is different from the Novel Category Discovery (NCD) task (Han et al., 2019). In NCD, the
category of the unlabeled datasets CU comprises only novel classes, i.e., CU ∩ CL = ∅.
Formal Definition of Gradient Interference. The gradient interference refers to the phenomenon
where the gradients arising from different objectives, tasks, or data subsets in multi-task or hybrid
training settings are not aligned in direction, leading to conflicts during parameter updates. For
instance, let Li and Lj denote two different objective functions, and the gradient interference occurs
when the cosine similarity of their gradients is negative:

cos(gi, gj) =
⟨gi, gj⟩
∥gi∥ ∥gj∥

< 0, (1)
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where gi is the gradient of the Li loss and gj is the gradient of the Lj . ∥·∥ is the norm of gradient and
cos(gi, gj) is the cosine similarity function between gi and gj . The gradient interference is formally
defined as the set of gradient interactions where cosine similarity is negative.

3.2 PARETO-GUIDED GRADIENT INTERFERENCE

Our proposed method Pareto-guided Gradient Interference (PGI) is a simple but effective way to
balance the classification objective and the representation objective. PGI consists of the pareto
annealing optimization technique and multi-view consistency loss.

Pareto Annealing Optimization. From the optimization perspective, the multi-task learning can be
casted as a multi-objective optimization, with the overall objective of finding a Pareto optimal (Sener
& Koltun, 2018). Pareto optimization theory serves as a heuristic mechanism to implicitly steer the
model toward a Pareto-optimal solution by aligning task gradients through a normalized, weighted
combination. The gradients of the classification objective can be defined as ∇θLs, where θ is the
parameters of the model and Ls denotes the classification objective. Meanwhile, the gradients of
the representation objective can be defined as∇θLu, where Lu denotes the representation objective.
The formulation of the representation objective Lu can be defined as Lu =

∑|J|
j=1 Lj , where Lj

means a single representation objective. Then, we can construct the combined gradient update
direction G̃combined and it can be defined as:

G̃combined = α · ∇θLs + (1− α) · ∇θLu, (2)

where α is the parameter for balancing the weight of classification objective and representation
objective. A static choice of α fixes the trade-off throughout training and may prevent the optimizer
from adapting to the evolving curvature landscape of the objectives. To address this limitation, we
introduce an annealing scheme for α, and the annealing strategy is defined as:

αt = αmin + 0.5(αmax − αmin)(1 + cos(
πt

T
)), (3)

where αt decreases from αmax to αmin over the course of T training steps. The previous research
MGDA (Désidéri, 2012) demonstrates that any gradient combination constructed as a convex com-
bination with non-negative coefficients summing to one corresponds to a valid descent direction,
enabling the approximation of solutions on the Pareto front within the objective space. Therefore,
PGI is capable of achieving Pareto-optimal solutions and the gradient update formulation is defined
as follows:

θ ←− θ − η · G̃combined, (4)
where η is the learning rate.

Multi-View Consistency for the Representation objective. In the aforementioned section, we
introduced the pareto annealing optimization technique to balance the gradient update directions
between the classification objective and the representation objective. However, a more subtle chal-
lenge remained: we found that the model exhibited limited sensitivity to the nuanced, fine-grained
distinctions that are essential for many GCD benchmarks. These subtle cues, which are critical for
learning robust and discriminative representations, were still being obscured by residual gradient
interference. To address this limitation, we incorporate the Swapping Assignments between Views
(SwAV) loss (Caron et al., 2020) as a regularization term, encouraging the model to focus on invari-
ant fine-grained features across multiple views.

The formulation of the SwAV loss is defined as follows. Given a pair of images, data augmentation is
applied to generate two distinct views (Xview1,Xview2). We feed each view into the neural network
to obtain logits, formulated as:

logitview1 = f(Xview1), (5)
logitview2 = f(Xview2), (6)

where f(·) represents the neural network. We introduce a sample-level supervision mask Masklbl ∈
{0, 1}B that indicates labeled samples (1) and unlabeled samples (0). Importantly, Masklbl is not
applied to the input images; it is used only to weight the SwAV loss terms so that contributions
are computed on labeled samples. To preserve the structural representation of previously learned
classes in the prototype network, we incorporate the Sinkhorn algorithm to enable soft clustering
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with balanced assignment constraints (Caron et al., 2020). The Sinkhorn algorithm operates on a
sample–prototype similarity matrix, which is constructed using dot products between image embed-
dings and prototype vectors. It then iteratively normalizes this matrix into a doubly stochastic form,
enabling balanced and probabilistic assignments via entropy-regularized optimal transport.

The formulation of sample-prototype similarity matrix Q is defined as follows:

Qview1 = exp(
logitview1

τ
−Max(

logitview1

τ
))T ∈ RK×B , (7)

Qview2 = exp(
logitview2

τ
−Max(

logitview2

τ
))T ∈ RK×B , (8)

where K is the number of prototypes, B is the batch size and max( logitview

τ ) is used to ensure
numerical stability and prevent overflow in softmax computation. After that, all the elements of
the matrix are first normalized. Subsequently, the Sinkhorn algorithm is applied, which iteratively
normalizes the rows and columns of the matrix in an alternating manner. The pseudo code of the
Sinkhorn algorithm is listed in the Appendix A.1. This process yields a clustering assignment matrix
P that not only preserves the original similarity structure but also encourages a roughly balanced
assignment of samples across prototypes. The process is formulated as :

Pview1 = Sinkhorn(Qview1). (9)
Pview2 = Sinkhorn(Qview2). (10)

We follow the previous work (Caron et al., 2020) and adopt a multi-view interaction prediction
approach to enhance representation consistency across different views. The SwAV loss Lswav is
defined as:

Lswav = −E
[∑

Masklbl (Qview1 log(Pview2) +Qview2 log(Pview1))
]
. (11)

Overall losses. The overall loss function Loverall is composed of the classification objective Ls

and the representation objective Lu. The representation objective Lu consists of the distillation loss
Lcluster , the supervised contrastive loss Lsup cl, the contrastive loss Lcl and the SwAV loss Lswav .
The representation objective Lu is defined as follows:

Lu = λ · (Lsup cl + Lswav) + (1− λ) · (Lcl + Lcluster), (12)

where λ is the hyper-parameter. Then, the overall loss Loverall is defined as follows:

Loverall = λcls · Ls + Lu, (13)

where λcls denotes the weighting coefficient that governs the trade-off between the classification
objective Lsup and the representation objective Lu.

3.3 THEORETICAL ANALYSIS OF PGI.

The Pareto-Guided Interference (PGI) framework provides a principled mechanism to mitigate gra-
dient interference between the classification objective and the representation objective. The central
idea of PGI is to replace naive aggregation of gradients with a controllable convex combination,
parameterized by a preference coefficient α. This adjustment guarantees not only the feasibility of
simultaneous descent when the gradients are negative cosine similarity but also enables the system-
atic steering of the steady-state gradient angle toward the metric-optimal region.

Theorem 3.1 (Feasibility of Simultaneous Descent under Negative Cosine). Let gs = ∇Ls and
gu = ∇Lu denote the gradients of classification objective and representation objective, with norms
a = ∥gs∥, b = ∥gu∥, and cosine similarity c = ⟨es, eu⟩ < 0. Consider the Pareto-guided update
g(α) = (1− α)gu + αgs. For any sufficiently small step size η > 0, there exists a non-empty open
interval of preference coefficients α such that both losses strictly decrease:

∆Ls < 0, ∆Lu < 0. (14)

This theorem establishes that whenever gradient interference occurs (c < 0), one can always identify
a nontrivial range of preference weights α to ensure simultaneous descent of both tasks. PGI pro-
vides a constructive escape from destructive interference zones where naive gradient descent would
fail. The whole proof of theorem 3.1 is provided in Appendix A.3.
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Theorem 3.2 (From Optimal Angle to Metric Improvement). Let c = cos θ denote the cosine
similarity between the classification objective and representation objective gradients, and suppose
the metric of interest U(c) is smooth and admits a unique local maximizer at c = ĉ with U ′(ĉ) = 0,
U ′′(ĉ) < 0. Denote by c⋆α the stable equilibrium angle attained under the Pareto-guided dynamics
for a fixed α. If c⋆α0

̸= ĉ, then there exists another preference α1 such that:

| c⋆α1
− ĉ | < | c⋆α0

− ĉ | ⇒ U(c⋆α1
) > U(c⋆α0

). (15)

This theorem demonstrates that the preference coefficient α serves as a controllable knob to steer the
stable equilibrium angle toward the metric-optimal angle ĉ. Consequently, PGI not only guarantees
feasibility of joint descent but also provably enhances downstream performance by aligning the long-
run gradient geometry with metric-optimal conditions. The whole proof of theorem 3.2 is provided
in Appendix A.3.

4 EXPERIMENTAL RESULTS

4.1 EXPERIMENTAL SET-UP

Datasets. For the convenience of comparison, we assess our approach in the various fine-grained
benchmarks for GCD task. We employ the CUB dataset (Welinder et al., 2010), Stanford Cars
dataset (Krause et al., 2013), Herbarium 19 (Tan et al., 2019) and FGVC dataset (Maji et al., 2013).
It is also noted that all the datasets are equipped with the Semantic Shift Benchmark (SSB) (Vaze
et al., 2021). Following the previous work (Pu et al., 2023), we subsample 50 % of samples as the
labeled set DL with the remaining samples constituting the unlabeled dataset DU .

Table 1: Datasets Partitioning: Labeled and Unlabeled Split.
Label UnLabel

Num Class Num Class

CUB 1.5k 100 4.5k 200
Stanford Cars 2.0k 98 6.1k 196

FGVC-Aircraft 1.7k 50 5.0k 50
Herbarium 8.8K 341 25K 683

Metrics. In line with the previous re-
search (Peng et al., 2025), we assess
the model performance with cluster-
ing accuracy (ACC). This metric is
defined as follows:

ACC =
1

|DU |

|DU |∑
i=1

1(yi = ỹi),

(16)
where yi is the ground truth labels
and ỹi is the predicted labels. To
comprehensively evaluate the performance of the algorithm, we employ the base accuracy (base
acc) to assess its classification capability on base classes, and the novel accuracy (novel acc) to
measure its performance on novel classes. In addition, we compute the all accuracy (all acc) as a
weighted combination of base acc and novel acc to provide an overall assessment of the algorithm’s
effectiveness.

Implementation Details. We propose the PGI framework, which is a plug-and-play technique. It
is noted that all the ablation studies are based on the MOS (Peng et al., 2025) framework. The data
augmentation and parameter learning strategies are adopted from prior work (Vaze et al., 2022),
ensuring consistency and comparability in performance evaluation. For training, we use a batch size
of 128 over 200 epochs, with an initial learning rate of 0.1. The gradient update coefficient α is
set to 0.35, the loss weighting factor λcls is 0.35, and the temperature parameter τ is 0.07. All the
experiments are conducted on a single NVIDIA GeForce RTX 4090 GPU.

4.2 RESULTS ANALYSIS

The results in Table 2 clearly highlight the effectiveness of incorporating Pareto-Guided Interference
(PGI) into different GCD frameworks, namely SimGCD Wen et al. (2023), MOS Peng et al. (2025),
and GET Wang et al. (2025a), across three fine-grained classification benchmarks.

For SimGCD, the integration of PGI produces substantial improvements, with overall accuracy ris-
ing from 60.3% to 65.0% on CUB, 53.8% to 55.7% on Stanford Cars, and 54.2% to 56.0% on
FGVC-Aircraft, leading to an average gain of 2.8%. These gains are consistently observed on both
base and novel classes, confirming that PGI enables SimGCD to better preserve prior knowledge
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Table 2: Evaluation on the fine-grained datasets. ∗ denotes the reproduced results.

Methods CUB Stanford Cars FGVC-Aircraft Avg.

All Base Novel All Base Novel All Base Novel All Base Novel

GCD 51.3 56.6 48.7 39 57.6 29.9 45 41.1 46.9 45.1 51.8 41.8
XCon 52.1 54.3 51 40.5 58.8 31.7 47.7 44.4 49.4 46.8 52.5 44
ORCA 36.3 43.8 32.6 31.9 42.2 26.9 31.6 32 31.4 33.3 39.3 30.3
DCCL 63.5 60.8 64.9 43.1 55.7 36.2 – – – – – –
GPC 52 55.5 47.5 38.2 58.9 27.4 43.3 40.7 44.8 44.5 51.7 39.9
PIM 62.7 75.7 56.2 43.1 66.9 31.6 – – – – – –
PromptCAL 62.9 64.4 62.1 50.2 70.1 40.6 52.2 52.2 52.3 55.1 62.2 51.7
uGCD 65.7 68 64.6 56.5 68.1 50.9 53.8 55.4 53 58.7 63.8 56.2
GCA 68.8 73.4 66.6 54.4 72.1 45.8 52 57.1 49.5 58.4 67.5 54
SPTNET 65.8 68.8 65.1 59 79.2 49.3 59.3 61.8 58.1 61.4 69.9 57.5
LeGCD 63.8 71.9 59.8 57.3 75.7 48.4 55 61.5 51.7 58.7 69.7 53.3
protoGCD 63.2 68.5 60.5 53.8 73.7 44.2 56.8 62.5 53.9 57.9 68.2 52.9

SimGCD∗ 60.3 65.6 57.7 53.8 71.9 45 54.2 59.1 51.8 56.1 65.5 51.5
SimGCD+PGI 65.0 68.9 63.1 55.7 73.2 47.1 56.0 61.7 53.2 58.9 67.9 54.5

MOS∗ 67.4 73.4 64.3 64.6 80.0 57.1 61.0 68.0 57.6 64.3 73.8 59.7
MOS+PGI 68.8 75.9 65.2 65.6 82.4 57.5 62.1 69.1 58.7 65.5 75.8 60.5

GET∗ 75.5 77.4 74.6 76.7 85.7 72.3 58.9 59.6 58.5 70.4 74.2 68.5
GET+PGI 76.5 78.2 76.1 77.6 85.9 73.7 59.3 61.9 58.7 71.1 75.3 69.5

while facilitating the discovery of novel categories. A similar trend is found when PGI is applied
to MOS, where overall accuracy increases to 68.8% on CUB, 65.6% on Stanford Cars, and 62.1%
on FGVC-Aircraft, yielding an average improvement of 1.2% compared to the baseline. The per-
formance boost is particularly evident in base classes while maintaining stable generalization on
novel categories, underscoring PGI’s capacity to balance conflicting optimization goals. Even when
combined with the stronger GET framework, PGI continues to yield measurable benefits, with CUB
accuracy improving from 75.5% to 76.5%, Stanford Cars from 76.7% to 77.6%, and FGVC-Aircraft
from 58.9% to 59.3%, producing a consistent average gain of 0.7%. Taken together, these results
confirm that PGI provides reliable improvements across frameworks of varying strength: delivering
larger gains for weaker baselines and incremental yet meaningful enhancements for stronger mod-
els. This consistent performance demonstrates PGI’s scalability and adaptability, validating its role
as a general-purpose optimization strategy for generalized category discovery tasks.

Table 3: Results on Herbarium 19 dataset.
Method All Base Novel

GCD 35.4 51.0 27.0
SimGCD 44.0 58.0 36.4

GET 49.7 64.5 41.7

PGI(ours) 49.9 65.9 42.1

The results in Table 3 clearly illustrate the effec-
tiveness of integrating our PGI technique into the
GET framework for generalized category discov-
ery on Herbarium 19 dataset. Compared to con-
ventional GCD and SimGCD baselines, GET al-
ready demonstrates a notable improvement with
an overall accuracy of 49.7%, base class accuracy
of 64.5%, and novel class accuracy of 41.7%. By
further incorporating PGI, the framework achieves

superior results, with overall accuracy increasing to 49.9%, base class accuracy improving to 65.9%,
and novel class accuracy reaching 42.1%. These consistent gain although modest in absolute value,
highlight the ability of PGI to refine gradient optimization and alleviate interference across compet-
ing objectives.

Table 4: Comparison of gradient interference under the standard SGD update strategy and the pro-
posed PGI strategy. The gradient interference is measured by the average gradient angle over 200
training epochs.

CUB Stanford Cars FGVC-Aircraft

Angle 120.36 94.59 90.11
Angle(PGI) 116.69 ↓ 89.03 ↓ 85.51 ↓

Gradient Interference Analysis. To evaluate the effectiveness of PGI in alleviating gradient inter-
ference, we conduct a comparative analysis with the standard SGD update strategy. The primary
goal of this experiment is to assess whether PGI can better align the gradient directions of the classi-
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Figure 2: Heatmap of cosine similarity between gradient directions of different loss functions on the
CUB dataset. The analysis focuses on the parameters of the last transformer block, where gradient
update directions induced by different loss functions are compared to reveal their relationships in
GCD.

fication objective and representation objective, thereby reducing their conflict during optimization.
As shown in Table 4, PGI consistently reduces the average gradient angle over 200 training epochs
across all three datasets: from 120.36◦ to 116.69◦ on CUB, from 94.59◦ to 89.03◦ on Stanford
Cars, and from 90.11◦ to 85.51◦ on FGVC-Aircraft. A lower angle reflects improved coherence
between gradients, indicating that PGI effectively suppresses interference between learning signals.
These results confirm that PGI enhances the optimization stability and facilitates more effective joint
training on labeled and unlabeled data.

Feasibility Analysis of the Loss Partitioning Criterion. The heatmap in Figure 2 provides clear
evidence for the feasibility of partitioning the training objectives into the classification objective
and the representation objective. As shown on the left, the cosine similarities among the three
representation-related losses (sup cl loss, cl loss, and cluster loss) are strongly positive, particularly
between sup cl loss and cl loss (0.81), indicating that they share highly aligned gradient directions
and jointly promote feature space structuring. In contrast, cls loss exhibits near-zero or negative
similarity with each of these losses (e.g., -0.08 with cluster loss), revealing a potential source of
gradient interference. When these three representation losses are aggregated into a single objective,
as depicted on the right, the correlation structure is preserved, while the antagonism between clas-
sification and representation objectives becomes more apparent. This contrast justifies the proposed
partitioning: the representation objective forms a coherent group with internal synergy, whereas
the classification objective remains orthogonal or conflicting, supporting the rationale for analyzing
them separately.

4.2.1 ABLATION STUDY.

To validate the improvements achieved by our proposed PGI framework, we conduct extensive ab-
lation studies on the CUB dataset.

Effectiveness of Each Component. To comprehensively evaluate the individual contributions of
each technical component in our framework, we decompose the overall model into three distinct
modules: the baseline, the SwAV loss, and the PGI. Here, the baseline corresponds to the MOS
framework, serving as the foundational structure for comparison. As illustrated in Table 5, incor-
porating only the SwAV loss module yields a 2.7% improvement on novel classes, highlighting its
effectiveness in promoting generalization. However, this gain is accompanied by a notable decline
in performance on base classes, suggesting that while SwAV loss encourages the learning of trans-
ferable features, it may also lead to the erosion of knowledge previously acquired from labeled data.
In contrast, integrating only the PGI module results in a 3.2% improvement on base class accu-
racy, with marginal benefits observed on novel classes. This behavior implies that PGI effectively
preserves knowledge related to base categories by guiding gradient updates in a direction that fa-
vors retention over exploration. When both modules are combined, the model achieves a favorable
trade-off between memorization and generalization, demonstrating superior robustness across class
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categories. This synergistic effect confirms the complementary roles of the SwAV loss and the PGI.
It is worth noting that, for fair comparison, both modules are trained using a stage-wise strategy
when introduced independently, which ensures the stable optimization and avoids the premature
convergence.

Effectiveness of MASK function. To further investigate the role of supervision in the application of
the SwAV loss, we designed a set of ablation studies to compare its effectiveness under different data
conditions. Specifically, we examined three settings: applying the SwAV loss only to the labeled
data, only to the unlabeled data, and to both simultaneously. As reported in Table 6, the model
achieves the best overall performance when the SwAV loss is applied exclusively to the labeled
data. This suggests that supervised signals are essential for guiding the clustering-based SwAV
mechanism to align feature representations meaningfully with semantic prototypes. In contrast,
when the loss is applied solely to the unlabeled data, the model exhibits degraded performance,
particularly in the representation of the novel classes. This degradation can be attributed to the lack
of explicit semantic anchors, which hampers the structural adaptation of the prototype network and
may introduce noise into the optimization process. Furthermore, when SwAV is applied to the entire
dataset indiscriminately, the performance improvement becomes marginal. This result indicates that
the inclusion of unlabeled data without proper supervision declines the effectiveness of the SwAV’s
self-supervised objectives. These findings collectively highlight the critical importance of selectively
applying SwAV loss to labeled data, where reliable supervision helps stabilize training and enhance
prototype discrimination, ultimately leading to better generalization.

Table 5: Comparison of framework components. Baseline refers to the MOS framework. The SwAV
Loss refers to the regularization loss. THe PGI refers to the gradient update strategy. All the ablation
studies are conducted on the CUB dataset.

Baseline SwAV Loss PGI CUB

All Base Novel

✓ - - 67.4 73.6 64.3
✓ ✓ - 68.4 71.3 67.0
✓ - ✓ 68.6 76.8 64.5
✓ ✓ ✓ 68.8 75.9 65.2

Table 6: Comparison of the different objectives of the MASK function. The W/Labeled indicates
that the objective of the mask function is computed on labeled data. The W/Unlabeled indicates
that the objective of the mask function is computed on unlabeled data. All the ablation studies are
conducted on the CUB dataset.

W/Labeled W/Unlabeled CUB

All Base Novel

- - 68.6 76.8 64.5
✓ - 68.8 75.9 65.2
- ✓ 69.3 79.6 64.1
✓ ✓ 67.9 74.7 64.5

5 CONCLUSION

In this work, we identify the presence of gradient interference among multiple loss functions in the
GCD task, which explains the overfitting phenomenon observed in the later stages of training. To
address this issue, we propose the pareto annealing optimization technique, which adaptively fuses
the gradient directions of the classification objective and the representation objective to achieve
a Pareto-optimal update. Additionally, we incorporate the SwAV loss as a regularization term to
enhance the model’s sensitivity to fine-grained features and improve the robustness of the prototype
network for alleviating the gradient interference. Extensive experiments on fine-grained benchmarks
demonstrate the effectiveness and generalization ability of our proposed method. Future research
may further explore the theoretical foundations and broader implications of gradient interference in
complex learning systems.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Wenbin An, Feng Tian, Wenkai Shi, Yan Chen, Yaqiang Wu, Qianying Wang, and Ping Chen.
Transfer and alignment network for generalized category discovery. In Proceedings of the AAAI
Conference on Artificial Intelligence, volume 38, pp. 10856–10864, 2024.

Hao Ban and Kaiyi Ji. Fair resource allocation in multi-task learning. arXiv preprint
arXiv:2402.15638, 2024.

Xinzi Cao, Xiawu Zheng, Guanhong Wang, Weijiang Yu, Yunhang Shen, Ke Li, Yutong Lu, and
Yonghong Tian. Solving the catastrophic forgetting problem in generalized category discovery.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
16880–16889, 2024.

Mathilde Caron, Ishan Misra, Julien Mairal, Priya Goyal, Piotr Bojanowski, and Armand Joulin.
Unsupervised learning of visual features by contrasting cluster assignments. Advances in neural
information processing systems, 33:9912–9924, 2020.

Zhao Chen, Vijay Badrinarayanan, Chen-Yu Lee, and Andrew Rabinovich. Gradnorm: Gradient
normalization for adaptive loss balancing in deep multitask networks. In International conference
on machine learning, pp. 794–803. PMLR, 2018.

Zhao Chen, Jiquan Ngiam, Yanping Huang, Thang Luong, Henrik Kretzschmar, Yuning Chai, and
Dragomir Anguelov. Just pick a sign: Optimizing deep multitask models with gradient sign
dropout. Advances in Neural Information Processing Systems, 33:2039–2050, 2020.

Jean-Antoine Désidéri. Multiple-gradient descent algorithm (mgda) for multiobjective optimization.
Comptes Rendus Mathematique, 350(5-6):313–318, 2012.

Yixin Fei, Zhongkai Zhao, Siwei Yang, and Bingchen Zhao. Xcon: Learning with experts for fine-
grained category discovery. arXiv preprint arXiv:2208.01898, 2022.

Kai Han, Andrea Vedaldi, and Andrew Zisserman. Learning to discover novel visual categories via
deep transfer clustering. In Proceedings of the IEEE/CVF international conference on computer
vision, pp. 8401–8409, 2019.

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei. 3d object representations for fine-grained
categorization. In Proceedings of the IEEE international conference on computer vision work-
shops, pp. 554–561, 2013.

Bo Liu, Xingchao Liu, Xiaojie Jin, Peter Stone, and Qiang Liu. Conflict-averse gradient descent
for multi-task learning. Advances in Neural Information Processing Systems, 34:18878–18890,
2021.

Shijie Ma, Fei Zhu, Xu-Yao Zhang, and Cheng-Lin Liu. Protogcd: Unified and unbiased prototype
learning for generalized category discovery. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2025.

Subhransu Maji, Esa Rahtu, Juho Kannala, Matthew Blaschko, and Andrea Vedaldi. Fine-grained
visual classification of aircraft. arXiv preprint arXiv:1306.5151, 2013.

Zhengyuan Peng, Jinpeng Ma, Zhimin Sun, Ran Yi, Haichuan Song, Xin Tan, and Lizhuang Ma.
Mos: Modeling object-scene associations in generalized category discovery. In Proceedings of
the Computer Vision and Pattern Recognition Conference, pp. 15118–15128, 2025.

Nan Pu, Zhun Zhong, and Nicu Sebe. Dynamic conceptional contrastive learning for generalized
category discovery. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition, pp. 7579–7588, 2023.

Xiaohan Qin, Xiaoxing Wang, and Junchi Yan. Towards consistent multi-task learning: Unlocking
the potential of task-specific parameters. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pp. 10067–10076, 2025.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Sarah Rastegar, Hazel Doughty, and Cees Snoek. Learn to categorize or categorize to learn? self-
coding for generalized category discovery. Advances in Neural Information Processing Systems,
36:72794–72818, 2023.

Sarah Rastegar, Mohammadreza Salehi, Yuki M Asano, Hazel Doughty, and Cees GM Snoek. Se-
lex: Self-expertise in fine-grained generalized category discovery. In European Conference on
Computer Vision, pp. 440–458. Springer, 2024.

Ozan Sener and Vladlen Koltun. Multi-task learning as multi-objective optimization. Advances in
neural information processing systems, 31, 2018.

Wenkai Shi, Wenbin An, Feng Tian, Yan Chen, Yaqiang Wu, Qianying Wang, and Ping Chen. A
unified knowledge transfer network for generalized category discovery. In Proceedings of the
AAAI Conference on Artificial Intelligence, volume 38, pp. 18961–18969, 2024.

Kiat Chuan Tan, Yulong Liu, Barbara Ambrose, Melissa Tulig, and Serge Belongie. The herbarium
challenge 2019 dataset. arXiv preprint arXiv:1906.05372, 2019.

Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Open-set recognition: A good
closed-set classifier is all you need? 2021.

Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Generalized category discovery. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp. 7492–
7501, 2022.

Enguang Wang, Zhimao Peng, Zhengyuan Xie, Fei Yang, Xialei Liu, and Ming-Ming Cheng. Get:
Unlocking the multi-modal potential of clip for generalized category discovery. In Proceedings
of the Computer Vision and Pattern Recognition Conference, pp. 20296–20306, 2025a.

Hongjun Wang, Sagar Vaze, and Kai Han. Sptnet: An efficient alternative framework for generalized
category discovery with spatial prompt tuning. arXiv preprint arXiv:2403.13684, 2024a.

Menglin Wang, Zhun Zhong, and Xiaojin Gong. Prior-constrained association learning for fine-
grained generalized category discovery. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 39, pp. 21162–21170, 2025b.

Weishuai Wang, Ting Lei, Qingchao Chen, and Yang Liu. Semantic-guided novel category discov-
ery. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 38, pp. 5607–5614,
2024b.

Peter Welinder, Steve Branson, Takeshi Mita, Catherine Wah, Florian Schroff, Serge Belongie, and
Pietro Perona. Caltech-ucsd birds 200. 2010.

Xin Wen, Bingchen Zhao, and Xiaojuan Qi. Parametric classification for generalized category dis-
covery: A baseline study. In Proceedings of the IEEE/CVF international conference on computer
vision, pp. 16590–16600, 2023.

Yanan Wu, Zhixiang Chi, Yang Wang, and Songhe Feng. Metagcd: Learning to continually learn
in generalized category discovery. In Proceedings of the IEEE/CVF International Conference on
Computer Vision, pp. 1655–1665, 2023.

Tianhe Yu, Saurabh Kumar, Abhishek Gupta, Sergey Levine, Karol Hausman, and Chelsea Finn.
Gradient surgery for multi-task learning. Advances in neural information processing systems, 33:
5824–5836, 2020.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 ALGORITHM

The Sinkhorn algorithm presented here performs an entropy-regularized matrix normalization, often
used to compute a soft assignment matrix in optimal transport problems or self-supervised learning
frameworks. The algorithm begins by rescaling the input matrix out by a temperature factor (here,
0.05), which controls the sharpness of the softmax operation. The maximum value is subtracted from
the matrix to improve numerical stability before applying the element-wise exponential function.
This transforms the raw scores into a positive matrix Q of shape K × B, where K is the number of
prototypes and B is the batch size or number of data samples.

To ensure the matrix represents a valid doubly stochastic assignment (i.e., row sums and column
sums meet specific constraints), the algorithm performs three iterations of Sinkhorn normalization.
In each iteration, the rows of Q are first normalized so that each prototype (row) has a total mass
of 1/K, followed by normalization of the columns so that each sample (column) has a total mass of
1/B. A small constant ϵ is added to denominators to avoid division by zero. After normalization, the
matrix is scaled by B to ensure that the final output sums to 1 along the columns. The final matrix,
transposed back to shape B ×K, can be interpreted as a soft assignment of each data sample to the
K prototype clusters, where each row forms a probability distribution.

Algorithm 1 Sinkhorn Normalization
Require: Output matrix O ∈ RB×K , temperature τ = 0.05, small constant ε
Ensure: Normalized assignment matrix Q ∈ RB×K

1: Q← exp
(
(O/τ −max(O))T

)
// Shape: K ×B

2: Q← Q/(
∑

Q+ ε)
3: K ← number of rows in Q // Number of prototypes
4: B ← number of columns in Q // Number of samples
5: for i = 1 to T do
6: Q← Q/(

∑
rows Q+ ε)

7: Q← Q/K
8: Q← Q/(

∑
cols Q+ ε)

9: Q← Q/B
10: end for
11: Q← Q×B
12: return QT // Shape: B ×K

12
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A.2 ADDITIONAL EXPERIMENTS

Figure 3: Comparison of loss reduction with and without the warm-up strategy.

It is worth noting that PGI is only employed after the warm-up phase. During the warm-up phase,
standard gradient-based optimization is employed to jointly accelerate the model convergence. After
the warm-up phase, PGI is applied to gradient updates. This design prevents the model from taking
shortcuts by converging to local Pareto-optimal directions that cause training oscillations.

As illustrated in Figure 3, the curve with warm-up strategy shows a smooth and consistent decline
in loss, while the curve without warm-up fluctuates significantly and converges less effectively. This
indicates that the warm-up strategy stabilizes the early training phase by gradually increasing the
learning rate, thereby preventing abrupt updates that may hinder optimization. As a result, the model
benefits from improved convergence behavior and reaches a lower and more stable loss, highlighting
the effectiveness of warm-up in promoting robust training dynamics.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A.3 PROOF OF THEOREM

Definition 1 (Loss functions and gradients). Let Ls(θ) and Lu(θ) denote the classification objective
and representation objective respectively, where θ ∈ Rd is the vector of trainable parameters. Their
gradients are:

gs := ∇Ls(θ), gu := ∇Lu(θ). (A.1)
Definition 2 (Gradient norms and unit directions). The norms of the task gradients are:

a := ∥gs∥, b := ∥gu∥, (A.2)

and the corresponding normalized unit vectors are:

es :=
gs
a
, eu :=

gu
b
. (A.3)

Definition 3 (Cosine similarity). The cosine similarity between the gradients is:

c := ⟨es, eu⟩ =
⟨gs, gu⟩

ab
, c ∈ (−1, 1). (A.4)

We say that gradient interference occurs when c < 0.
Definition 4 (Pareto-guided update direction). For a preference parameter α ∈ [0, 1], the combined
gradient is the convex combination:

g(α) := (1− α) gu + α gs. (A.5)

The parameter update with step size η > 0 is:

p+ := p− η g(α). (A.6)

Definition 5 (Loss changes after an update). The first-order changes in the two losses after one
update step are:

∆Ls := Ls(p
+)− Ls(p), ∆Lu := Lu(p

+)− Lu(p). (A.7)

Theorem 3.1 (Feasibility of Simultaneous Descent under Negative Cosine). Let gs = ∇Ls and
gu = ∇Lu denote the gradients of classification objective and representation objective, with norms
a = ∥gs∥, b = ∥gu∥, and cosine similarity c = ⟨es, eu⟩ < 0. Consider the Pareto-guided update
g(α) = (1− α)gu + αgs. For any sufficiently small step size η > 0, there exists a non-empty open
interval of preference coefficients α such that both losses strictly decrease:

∆Ls < 0, ∆Lu < 0. (A.8)

Proof. For any differentiable L and any vector d, the first-order Taylor formula at θ gives:

L(θ + h) = L(θ) + ⟨∇L(θ), h⟩ + RL(h), with
RL(h)

∥h∥
−−−−→
h→0

0. (A.9)

Equivalently, there exists a constant KL ≥ 0 (depending on a neighborhood of θ) such that:

|RL(h)| ≤ KL ∥h∥2 for all sufficiently small h. (A.10)

We apply this with the specific increment h = −η g(α).
For Ls:

∆Ls = Ls

(
p− ηg(α)

)
− Ls(p) = ⟨∇Ls(p), −ηg(α)⟩︸ ︷︷ ︸

linear term

+ Rs(−ηg(α)), (A.11)

where Rs satisfies equation A.10. Since∇Ls(p) = gs, the linear term equals−η ⟨gs, g(α)⟩. Hence:

∆Ls = −η ⟨gs, g(α)⟩ + Rs(−ηg(α)). (A.12)

For Lu: analogously,
∆Lu = −η ⟨gu, g(α)⟩ + Ru(−ηg(α)), (A.13)
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with |Ru(−ηg(α))| ≤ Ku η
2∥g(α)∥2 for small η.

Next, we compute the inner products in equation A.12–equation A.13 by explicitly expanding g(α):

g(α) = (1− α)gu + αgs. (A.14)

Therefore,

⟨gs, g(α)⟩ = ⟨gs, (1− α)gu + αgs⟩ = (1− α) ⟨gs, gu⟩ + α ⟨gs, gs⟩, (A.15)

⟨gu, g(α)⟩ = ⟨gu, (1− α)gu + αgs⟩ = (1− α) ⟨gu, gu⟩ + α ⟨gu, gs⟩. (A.16)

By definition of 1, 2, 3,

⟨gs, gs⟩ = a2, ⟨gu, gu⟩ = b2, ⟨gs, gu⟩ = ⟨gu, gs⟩ = ab c. (A.17)

Substituting these into equation A.15–equation A.16, we obtain:

⟨gs, g(α)⟩ = (1− α) ab c + αa2, ⟨gu, g(α)⟩ = (1− α) b2 + αab c. (A.18)

Plugging these back into equation A.12–equation A.13 yields the explicit first-order forms with
remainders:

∆Ls = −η
(
αa2 + (1− α)ab c

)
+ Rs(−ηg(α)), (A.19)

∆Lu = −η
(
(1− α)b2 + αab c

)
+ Ru(−ηg(α)). (A.20)

Write c = −|c| since c < 0. Then the linear parts in equation A.19–equation A.20 become:

−η
(
αa2 + (1− α)ab c

)
= −η

(
αa2 − (1− α)ab |c|

)
, (A.21)

−η
(
(1− α)b2 + αab c

)
= −η

(
(1− α)b2 − αab |c|

)
. (A.22)

Because the overall minus sign in equation A.21–equation A.22 multiplies the bracketed expres-
sions, strict decrease at first order is guaranteed if and only if the bracketed expressions are strictly
positive.

For ∆Ls:

αa2 − (1− α)ab |c| > 0 ⇐⇒ αa2 > (1− α)ab |c| ⇐⇒ αa > (1− α)b |c|. (A.23)

Divide both sides by a+ b|c| > 0:

αa+ αb|c| > b|c| ⇐⇒ α(a+ b|c|) > b|c| ⇐⇒ α >
b|c|

a+ b|c|
. (A.24)

For ∆Lu:

(1− α)b2 − αab |c| > 0 ⇐⇒ (1− α)b > αa |c| ⇐⇒ b > α(b+ a|c|). (A.25)

Divide both sides by b+ a|c| > 0:

α <
b

b+ a|c|
. (A.26)

Compute the width:

b

b+ a|c|
− b|c|

a+ b|c|
=

b(a+ b|c|)− b|c|(b+ a|c|)
(b+ a|c|)(a+ b|c|)

=
ab (1− |c|2)

(b+ a|c|)(a+ b|c|)
. (A.27)

Since |c| < 1, the numerator ab(1− |c|2) > 0; the denominator is also positive. Hence the width is
positive and the interval is non-empty.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

From equation A.10 there exist constants Ks,Ku ≥ 0 such that, for all sufficiently small η,

Rs(−ηg(α))| ≤ Ksη
2∥g(α)∥2, |Ru(−ηg(α))| ≤ Kuη

2∥g(α)∥2. (A.28)

Moreover, by the triangle inequality,

∥g(α)∥ ≤ (1− α)∥gu∥+ α∥gs∥ ≤ a+ b. (A.29)

Fix α in the interval. Define the linear margins:

ms := αa2 − (1− α)ab |c| > 0, mu := (1− α)b2 − αab |c| > 0, (A.30)

which are strictly positive by Step 3. Then for η satisfying:

0 < η < min

{
ms

2Ks(a+ b)2
,

mu

2Ku(a+ b)2

}
, (A.31)

we have:
|Rs(−ηg(α))| ≤ 1

2ηms, |Ru(−ηg(α))| ≤ 1
2ηmu. (A.32)

Therefore, using equation A.19–equation A.20 and equation A.21–equation A.22,

∆Ls ≤ −ηms +
1
2ηms = − 1

2ηms < 0, ∆Lu ≤ −ηmu + 1
2ηmu = − 1

2ηmu < 0. (A.33)

This proves strict descent of both losses for all sufficiently small η.

Definition 6 (Metric as a function of the cosine). Let U : (−1, 1) → R be a twice continuously
differentiable (C2) downstream metric that depends on the cosine c only. Assume U has a unique
local maximizer at c = ĉ:

U ′(ĉ) = 0, U ′′(ĉ) < 0. (A.34)

Definition 7 (Equilibrium angle under Pareto-guided dynamics). Let f : (−1, 1) × [0, 1] → R be
the angle-dynamics drift induced by the Pareto-guided update (e.g., the ODE ċ = f(c, α) obtained
from the second-order analysis). For a fixed α ∈ [0, 1], an equilibrium angle c⋆α satisfies:

f(c⋆α, α) = 0. (A.35)

assumption 1 (Regularity of the equilibrium map). There exists a nonempty interval J ⊆ [0, 1] such
that:

(A1) For every α ∈ J , the angle dynamics admits a unique asymptotically stable equilibrium
c⋆α ∈ (−1, 1).

(A2) The mapping α 7→ c⋆α is continuous and strictly monotone on J .

assumption 2 (Local strict concavity neighborhood). Since U ′′(ĉ) < 0 and U ∈ C2, there exist
numbers δ > 0 and m > 0 such that on the closed interval:

Iδ := [ ĉ− δ, ĉ+ δ ] ⊂ (−1, 1) (A.36)

we have the uniform curvature bound:

U ′′(c) ≤ −m < 0, ∀ c ∈ Iδ. (A.37)

Moreover, there exists a nonempty sub-interval Jδ ⊆ J such that:

c⋆α ∈ Iδ, ∀α ∈ Jδ. (A.38)

Theorem 3.2 (From Optimal Angle to Metric Improvement). Let c = cos θ denote the cosine
similarity between the classification objective and representation objective gradients, and suppose
the metric of interest U(c) is smooth and admits a unique local maximizer at c = ĉ with U ′(ĉ) = 0,
U ′′(ĉ) < 0. Denote by c⋆α the stable equilibrium angle attained under the Pareto-guided dynamics
for a fixed α. If c⋆α0

̸= ĉ, then there exists another preference α1 such that:

| c⋆α1
− ĉ | < | c⋆α0

− ĉ | ⇒ U(c⋆α1
) > U(c⋆α0

). (A.39)
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Proof. By Assumption 2, there exist δ > 0 and m > 0 such that U ′′(c) ≤ −m < 0 for all
c ∈ Iδ = [ĉ − δ, ĉ + δ]. Hence U is strictly concave on Iδ and attains its unique maximum at the
interior point c = ĉ.

By Assumption 2, for all α ∈ Jδ ⊆ J we have c⋆α ∈ Iδ . In particular, c⋆α0
∈ Iδ (since α0 ∈ Jδ). We

will choose α1 ∈ Jδ later and verify that c⋆α1
∈ Iδ automatically holds.

Because c⋆α0
̸= ĉ and the mapping α 7→ c⋆α is continuous and strictly monotone on Jδ by Assump-

tion 1(A2), there exists, for any sufficiently small ε > 0, a point α1 ∈ Jδ such that c⋆α1
lies strictly

between c⋆α0
and ĉ. We make this explicit by a two-case construction:

Case 1: c⋆α0
> ĉ. If α 7→ c⋆α is strictly decreasing on Jδ , choose α1 > α0 sufficiently close to α0 so

that ĉ < c⋆α1
< c⋆α0

. If it is strictly increasing, choose α1 < α0 sufficiently close to α0 so that again
ĉ < c⋆α1

< c⋆α0
. In both subcases, by continuity and strict monotonicity, such an α1 exists inside Jδ ,

and hence c⋆α1
∈ Iδ by Assumption 2.

Case 2: c⋆α0
< ĉ. The construction is symmetric. If c⋆α is strictly decreasing on Jδ , choose α1 < α0

sufficiently close so that c⋆α0
< c⋆α1

< ĉ. If it is strictly increasing, choose α1 > α0 sufficiently
close so that c⋆α0

< c⋆α1
< ĉ. Again, such α1 ∈ Jδ exists and c⋆α1

∈ Iδ .

In either case we have established: ∣∣ c⋆α1
− ĉ

∣∣ <
∣∣ c⋆α0

− ĉ
∣∣, (A.40)

Fix any c ∈ Iδ . By Taylor’s theorem with Lagrange remainder, for some ξ lying between c and ĉ,

U(c) = U(ĉ) + U ′(ĉ) (c− ĉ) +
1

2
U ′′(ξ) (c− ĉ)2. (A.41)

Since U ′(ĉ) = 0 (by maximality at ĉ) and U ′′(ξ) ≤ −m for all ξ ∈ Iδ , it follows that:

U(ĉ)− U(c) = −1

2
U ′′(ξ) (c− ĉ)2 ≥ m

2
(c− ĉ)2, ∀ c ∈ Iδ. (A.42)

Because c⋆α0
, c⋆α1

∈ Iδ , we can apply equation A.42 twice, obtaining:

U(ĉ)− U(c⋆α0
) ≥ m

2

(
c⋆α0
− ĉ

)2
, U(ĉ)− U(c⋆α1

) ≥ m

2

(
c⋆α1
− ĉ

)2
. (A.43)

Subtracting the second inequality from the first and using:
(
c⋆α1
− ĉ

)2
<

(
c⋆α0
− ĉ

)2
(from Step 3)

yields:
U(ĉ)− U(c⋆α0

) > U(ĉ)− U(c⋆α1
), (A.44)

which is equivalent to: U(c⋆α1
) > U(c⋆α0

), i.e., equation A.39.

We have explicitly constructed α1 ∈ Jδ such that the associated equilibrium angle is closer to ĉ and
strictly improves the metric value. This completes the proof.
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