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6 Theoretical Analysis

This appendix provides formal proofs for the three key propositions stated in Section[3.3] establishing
the theoretical foundations that underpin TS-MOF’s robustness and effectiveness.

6.1 Mathematical Foundations and Problem Setup

The core challenge in long-tailed recognition lies in simultaneously optimizing multiple conflicting
objectives. In Stage 2 of TS-MOF, we address the multi-objective optimization problem:

minF(0p) = (E[L1(0n)],- . . E[Lx (0m)]) (10)
H
where 0 = {0n,,...,0m, } denotes the parameters of all classifier heads, and each Ly, represents a

specific LTR strategy (e.g., Cross-Entropy, LDAM, Balanced Softmax).

The R-PLA mechanism dynamically weights these objectives based on real-time performance pat-
terns:

L.(0n) = BreLx(0r), Bje =max (0, ¥5;.) (11)
where the similarity measure s; . captures the alignment between task j’s performance pattern and a
reference:
a(batch) ., (batch)

j,e ref,e
Sje = (12)

batch batch
max{[|a™ " |5][al ™ |12, e}

Our theoretical analysis addresses three fundamental questions: (1) Does RD-PCGrad guarantee
stable, conflict-free optimization? (2) Is R-PLA robust to noise and scaling variations? (3) Does
two-stage decoupling preserve feature quality while enabling effective classifier adaptation?

6.2 Proof of Proposition[I} Gradient Stability and Pareto Improvement

Motivation: The key challenge in multi-objective LTR is that gradients from different strategies often
conflict (e.g., improving tail performance may hurt head performance). RD-PCGrad must resolve
these conflicts while ensuring progress toward better overall performance.

Let gx = Vo, L} (0r) € RP denote the gradient of weighted task k, where D = |0 is the total
number of classifier parameters.

Lemma 1 (Conflict Resolution Property). For any two conflicting gradients g;, g; with g; g; <0,
the RD-PCGrad projection:

8/ 8;

/
¢ ! ||g]||% + €norm

8; (13)
eliminates the conflict, ensuring (g,) " g; > 0.

Proof. The key insight is that projection onto the orthogonal complement removes the conflicting
component. Computing the inner product after projection:

.
(g) g = <g - igj &) gj> g (14)
||gj||2 + €norm
"
g; 8
=g g — ‘ L |g;l3 (15)

‘g;”% + €norm

(g g))llg;ll3

-
=88 — (16)

7 g3 + €nom

T H&H%
= (g g) (1 — 52 17
7o) (1 g (i
€n0rm

=(g'g) (18)

7" Nlg;l5 + €nom
Since ging < 0 and €porm > 0, we have (g;)ng > 0, resolving the conflict. O

12



440 Lemma 2 (Descent Direction Preservation). The projection operation preserves the descent property
441 for the objective corresponding to the projected gradient.

a2 Proof. We must show that g} remains a descent direction for £;. The critical quantity is:

T
8i &j
(g:) g =8 (gi - g*) (19)
HgJH% =+ €norm J
T )2
g &j
= gl - BB (20)
15113 + €norm
(8 8;)°
= Ileill3 <1 - : @
e ||gz||%(||gj||% + €norm)
cos®(gi, 8)I8; 113
IIgi|§<1 (815, ”'2) (22)
ll&;13 + €norm
> |lgill3 (1~ cos*(gi,g5)) = llgill3 sin*(gi, g;) > 0 (23)
443 The last inequality holds because conflicting gradients are not parallel (sin(g;, g;) > 0), ensuring
444 descent is preserved. O

445 Main Proof of Proposition [T} After iterative conflict resolution, RD-PCGrad produces conflict-free
a6 gradients {g!, ..., g} } that are aggregated as:

N
> p—1(8r © hy)
Zszl hy, + eaiv

a7 where hy, € {0, 1} are gradient existence masks and ® denotes element-wise multiplication.

8final = (24)

aas  Since all pairwise conflicts have been resolved, we have (g!') " g; > 0 forall i # j. For any original

449 gradient g;, the descent property with respect to the final direction is:

N
T2 p—1(8r ©hy)

7 T inal — i 25
(8i) Sfinal = (i) SV Tt ean (25)
_ la(e) (g7 ©hy) o6
Zszl hk + €div
NT (! i
S (8) (87 Oh) @7

- Zivzl hy, + egiv

450 where the first inequality uses the non-negativity of cross-terms after conflict resolution, and the
451 second follows from Lemma@ This establishes that —ggn, provides a descent or non-ascent direction
452 for all objectives, constituting a Pareto-improving or non-worsening update direction. O

453 6.3 Proof of Proposition[2; Adaptive Weighting Robustness

454  Motivation: R-PLA must maintain stable task weighting despite variations in performance measure-
455 ment scales and noisy real-time estimates. The cosine similarity and cube root transformation are
456 specifically designed to achieve this robustness.

457 Part (i) - Scale Invariance: Consider performance vectors scaled by factor A > 0: a; . = Aa; . and
458 Apef,e = Aref,c. The cosine similarity becomes:

§.. = (Aaj,e)T(Aaref,e) 28)
e ”)‘aj,e ‘2||)‘aref,e||2
= )\Q(ajﬂi)—raref,e (29)
)‘||aj7€H2 : >‘||aref,e||2
2n T
_ A (aj,E) Aref e = 5. 30)

B /\2||aj,e||2Haref,eH2
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Consequently, 3; . = max(0, {/3,.) = max(0, &3;c) = 3., demonstrating perfect scale invari-
ance.

Part (ii) - Noise Robustness: Consider noisy performance vectors a; . + 1, where |[n,||2 < ¢ for
small 6 > 0. The perturbed similarity satisfies:

?oisy _ (aj7‘3 + nj)T(al’ef-,G + nref) 31)
e aye + mjllzlaete + Ml
. (aj,e)Taref,e + (aj,e)T"lref + nJTaref,e + n;nref

2j,e + njl2llawt.e + Mrell2

(32)

Using the fact that ||a + 7|2 = ||all2 + O(d) for small §, and applying first-order perturbation
analysis:

‘svoisy — sl < |(aj,€)T77ref+77jTaref7e +0(6?) o
e ST ez ae s + O)
2j.ell2llmrerll2 + I, 12 l|acer.c |2 + O(6%) s
; llaj.ell2l|awt.ell2 + O()
< 26(”aj,e||2 + ||aref,e||2) + 0(52) _ 0(6) a5)

Haj,e”QHaref,e”Q

The cube root transformation f(z) = max(0, /) has derivative f'(z) = $272/3 for z > 0. By the
mean value theorem:

1852 = Biel = 1£(se”) = f(s50)] (36)
< max (@) |sjY — sl (37)
[s5e +55.e] 7
1 . nois; —

< 3 min(sjy Y 5i.0) Y2 0(8) = 0(9) (38)
This establishes that R-PLA weights have bounded sensitivity to noise, with the cube root transforma-
tion providing smoother weight dynamics compared to linear or quadratic functions. O

6.4 Proof of Proposition 3} Representational Robustness

Motivation: Two-stage decoupling must ensure that sophisticated MOO operations in Stage 2 do not
degrade the high-quality features learned in Stage 1. This requires formal guarantees about gradient
isolation and feature preservation.

Feature Quality Preservation: With encoder parameters 07, frozen during Stage 2, the feature
extraction mapping E(-;6%) : X — RPF remains constant. For any feature quality measure
Q : RPF — R (e.g., discriminative power, cluster separability):

Q(E(z;0%)) = constant  Vz € X, V¢t € Stage 2 iterations (39)

Gradient Isolation Analysis: The Stage 2 loss functions decompose as compositions:
Lx(0n) = E(py)~pl(Hr(E(x;0%);0m, ), y) (40)

= B(onllHi(m0m) )| @1
z=FE(z;07,

where z € RPF represents the fixed feature vectors. The gradients with respect to classifier parameters
are:

Vs, Lr(0n) = B y)oD Vo, ((Hi(2;0m,),y) L:E(I-e* ) (42)
= Eon P Vo, ((Hi(2;011,), y(2)) (43)

where Preyures 18 the distribution of extracted features and y(z) is the label corresponding to feature z.
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Crucially, since 8%, does not appear in the optimization variables, we have:

0
%Vegh Ly (0m) P 0 (44)

This gradient isolation ensures that MOO operations (R-PLA weighting, RD-PCGrad projections)
cannot corrupt the feature representation.

Stability Under Complex MOQO: The multi-objective parameter updates in Stage 2 follow:

o = 0 —nVgf (45)
Ggﬂ) = Gg) = 6% (architectural constraint) (46)

where gt(i?a] e RI?x| is computed via the sophisticated RD-PCGrad procedure but contains no

components corresponding to encoder parameters.

The architectural decoupling provides an invariant: regardless of the complexity of MOO operations
(dynamic weighting, gradient conflicts, iterative projections), the feature space {E(z;0%) : © € X'}
remains unchanged throughout Stage 2. This guarantees representational robustness while enabling
effective classifier adaptation through MOO. O

6.5 Convergence and Complexity Analysis

Convergence Guarantee: Under standard assumptions (Lipschitz continuous gradients, bounded
feasible region), TS-MOF converges to a locally Pareto-optimal solution. The key insight is that
RD-PCGrad ensures:

N

Zﬁk,eVEkWH)Tgﬁnal < —c||gfinall3 47
k=1

for some constant ¢ > 0, providing monotonic improvement in the weighted multi-objective function.

Computational Efficiency: Stage 2 requires O(N2D) operations per iteration, where N is the
number of tasks and D = |fp| is the classifier parameter count. This compares favorably to end-
to-end MOO requiring O(N?(D + Dp)) with encoder dimension D > D, yielding substantial
computational savings through architectural decoupling.

7 Algorithm Description

This section provides detailed algorithmic descriptions of the TS-MOF framework, with particular em-
phasis on the multi-objective fine-tuning process and the two core innovations: Refined Performance
Level Agreement (R-PLA) and Robust Deterministic Projective Conflict Gradient (RD-PCGrad).

7.1 Overall TS-MOF Framework

Algorithm[T|presents the complete two-stage training procedure of TS-MOF, highlighting the strategic
decoupling between feature learning and classifier adaptation.

15
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Al

gorithm 1 TS-MOF: Two-Stage Multi-Objective Fine-tuning

Require: Long-tailed dataset Dyyin, Dyal, LTR tasks T = {T1, ..., T}, Pre-training epochs Fg1,

fine-tuning epochs Fgo

Ensure: Trained model with balanced performance across head, medium, and tail classes

1

2

3

4:
5:
6.
7

8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

: // Stage 1: Generic Feature Pre-training
: Initialize encoder E(-; 0 ) and classifier Hg1(+;0m, )
: fore =1to Eg; do
for each batch (x;,¥;) ~ Digain do
z; < FE(x;;0g) {Extract features}
Ui < Hg1(2;;014,) {Classification}
Lo < CrossEntropy(¢;, y;) {Standard loss}
Update 0, 0, via SGD with Log
end for
Evaluate on Dy, and save best 67,
end for
// Stage 2: Multi-Objective Classifier Fine-tuning
Freeze encoder parameters: g < 6% (fixed)
Initialize multi-head classifiers { Hy(;0p, )}, for tasks T
Initialize R-PLA weighting mechanism and RD-PCGrad optimizer
Call MULTIOBJECTIVEFINETUNING(E(+; 0F,), {Hk}szl, Diain, Eg2)
// Inference with EOSS
Train EOSS weights {wy, .} based on validation performance
return Model with frozen 6% and fine-tuned {0, }2_,

7.2 Multi-Objective Fine-tuning with R-PLA and RD-PCGrad

so7  Algorithm 2]details the core Stage 2 process, emphasizing how R-PLA and RD-PCGrad work together

508

to

achieve effective multi-objective optimization.
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Algorithm 2 Multi-Objective Fine-tuning with R-PLA and RD-PCGrad

Require: Frozen encoder E(-;67%;), classifier heads {Hk},iv:l, Training data Dy, fine-tuning
epochs Ego, Task loss functions {Ek}gzl, number of classes C
Ensure: Fine-tuned classifier parameters {675, }n_,
1: Initialize SGD optimizer for 0 = {0p,,...,0m, }
2: Initialize R-PLA weights {3} . }2_, to uniform values
3: Initialize RD-PCGrad conflict resolution mechanism
4: fore = 1to Ego do
5:  for each batch (X,Y") ~ Dyyin do
6: // Feature Extraction (Frozen)
7: Z + E(X;0%) {Extract fixed features}
8: // Multi-Head Forward Pass
9: logits_dict + {}, losses_dict < {}

10: for k =1to N do

11: logits_dict[k] < Hy(Z;0p,)

12: losses_dict[k] « Ly (logits_dict[k],Y")
13: end for

14: // R-PLA Dynamic Weighting

15: {Br.e}2_, + R-PLA-UPDATE(logits_dict, Y, C)
16: // Apply R-PLA Weights

17: for k =1to N do

18: L. < Bk, - losses_dict[k]

19: end for

20: // RD-PCGrad Conflict Resolution

21: Efinal < RD-PCGRAD({ﬁ;g}}lgfz17 HH)
22: // Parameter Update

23: O < 0 — 18final

24:  end for

25:  Apply cosine annealing to learning rate n
26: end for

27: return {607, }i,

s09  Algorithm 3] presents the detailed R-PLA mechanism that adaptively weights tasks based on their
s10 real-time performance patterns and similarity to a reference performance profile.
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Algorithm 3 Refined Performance Level Agreement (R-PLA) Weighting

Require: Logits dictionary logits_dict = {logits k}{cVZI’ True labels Y, number of classes C, Numer-
ical stability constants egy, = 1078
Ensure: Updated task weights {3 . }5_,
1: // Compute Per-Class Performance for Each Task
2: performance_vectors < [] {Initialize empty list}
3: for k =1to N do

4:  preds; < argmax(logits;,dim = 1) {Predictions for task k}
5 a,ilimh) + zeros(C') {Per-class accuracy vector}

6: forc=0toC —1do

7: class_mask < (Y == ¢) {Mask for class c}

8: total_count < class_mask.sum()

9: if total_count > O then
10: correct_count < (preds,[class_mask] == c¢).sum()
11: a,(cb‘ztc’h) [c] - correct_count/total_count
12: else
13: a,gb’thh) [¢] < 0 {No samples for this class}
14: end if
15:  end for

16: performance_vectors.append(a,gfa;mh) )

17: end for

18: // Set Reference Performance (Last Task)

19: aT(ebfa [:h) < performance_vectors[—1]

20: // Compute Cosine Similarity and Weights
21: forlletoNdob X sateh
22:  numerator < a,(c’:m ) afefa e ) {Dot product}

23:  denominator < ||a,($2mh) ll2 - ||ar(:faleCh) ll2

. numerator H 3 H :
241 Sk o (denominator,eqn) {Cosine similarity }

25:  // Cube Root Transformation with Non-negative Clipping
260 Bre < max(0, ¢/5k.) {Robust weighting}

27: end for

28: return {B; .},

511 Algorithm ] details the RD-PCGrad mechanism that resolves gradient conflicts through deterministic
512 projections while maintaining numerical stability and reproducibility.
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Algorithm 4 Robust Deterministic Projective Conflict Gradient (RD-PCGrad)

Require: Weighted losses {L£},}4_,, parameters 05

Require: Stability constants epom = 1078, €y = 1078

Ensure: Conflict-resolved final gradient g,

1: // Compute Individual Task Gradients

2: gradients < [], masks <« []

3: fork=1to N do

4:  gp < Vg, L) {Gradient for task &}

5:  hy < 1[gk # 0] {Gradient existence mask}

6:  gradients.append(gy ), masks.append(hy)

7: end for

8: // Deterministic Iterative Conflict Resolution

9: projected_grads < copy(gradients) {Deep copy for modification}

0: fori =1to N do

1: forj=14+1toN do
{Fixed pairwise order for determinism} conflict < (gg)Tg; < 0 {Check for conflict}
both_active <— (h; ® h;).any() {Both gradients contribute} if conflict and both_active

then
18 // Project gradient : away from gradient j
16: dot_product « (g})"g]
17: norm_squared < |&5|5 + €nom
18: projection <— ﬁ#m /
19: g, + g} — projection {Remove conflicting component}
20: end if
21:  end for
22: end for

23: // Numerically Stable Gradient Aggregation

24: weighted_grads « []

25: for k =1to N do

26:  weighted_grads.append(g) © hy) {Apply existence mask}

27: end for

28: numerator <— Zgil weighted_grads[k] {Sum of masked gradients}
29: denominator <— 25:1 hy + egiy {Normalization with stability }

30: Ginal < goemelol {Element-wise division}

31: return g

7.3 Key Algorithmic Innovations

Addressing the complexities of long-tailed recognition, TS-MOF incorporates several key algorithmic
innovations. The Strategic Decoupling (Algorithm [I)) tackles the challenge of simultaneously
learning features and balancing classifiers by freezing the Stage 1 encoder (67;) and applying complex
optimization only to the classifier heads. To navigate the conflicting goals of multiple LTR strategies,
R-PLA provides Adaptive Task Weighting (Algorithm [3)) that dynamically highlights strategies
contributing most to desired performance patterns, while RD-PCGrad ensures Deterministic Conflict
Resolution (Algorithm ), stabilizing the multi-objective training process against negative transfer.
This principled approach, coupled with Efficient Implementation (O(N?D + N(C?) per iteration in
Stage 2), allows TS-MOF to robustly leverage complementary strengths of diverse LTR strategies,
overcoming the limitations of single methods. Furthermore, our implementation simplifies the
interface for integrating different strategies, practically reducing the cost of improving long-tailed
learning performance using multi-objective optimization and enhancing stability.

8 Related Work: Multi-Objective Optimization in Machine Learning

Multi-Objective Optimization (MOO) is a field concerned with mathematical optimization problems
involving more than one objective function to be minimized or maximized simultaneously. In many
real-world scenarios and increasingly in Machine Learning (ML), multiple objectives often conflict,

19



530
531

532
533
534
535
536
537

538
539
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

569

570

571
572

574

575
576

577

578
579

meaning improving one objective may degrade another. The goal of MOO is typically to find Pareto
optimal solutions, where no objective can be improved without worsening at least one other.

In Machine Learning, MOO principles are naturally applied to problems involving competing goals.
A prominent area is Multi-Task Learning (MTL) [21} [29], where a single model is trained to perform
multiple tasks simultaneously. Optimizing a simple weighted sum of task losses can be suboptimal,
especially if tasks have conflicting gradients, leading to negative transfer [25]. This has spurred the
development of gradient-based MOO methods designed to find update directions that improve all
tasks or, at worst, do not worsen any, moving towards the Pareto front.

Notable gradient-based MOO methods include the Multiple-Gradient Descent Algorithm (MGDA)
[8]] and Projective Conflict Gradient (PCGrad) [25]. MGDA seeks to find a descent direction that
minimizes the maximum directional derivative among all objectives, aiming for a common descent
direction within the convex hull of the task gradients. PCGrad, on the other hand, directly addresses
conflicting gradients by projecting the gradient of one task onto the normal plane of another if their
dot product is negative. This iterative projection process aims to remove conflicting components,
resulting in a set of modified gradients whose sum (or average) constitutes a Pareto-improving or
non-worsening direction. These methods have demonstrated effectiveness in stabilizing training and
improving performance in MTL scenarios.

Our approach differs significantly from existing MOO applications in ML and prior MOO-
related work in LTR, driven by a specific, deeper motivation for tackling the LTR problem.
While standard MOO methods like PCGrad [25] and MGDA [8] are general-purpose tools for
finding Pareto solutions in arbitrary multi-objective problems (like standard MTL), our TS-MOF
framework explicitly employs MOO not as a generic optimizer for abstract tasks, but as a
principled mechanism for synergistically fusing diverse, specialized LTR strategies during a
targeted fine-tuning stage. The objectives in our Stage 2 MOO are not just arbitrary task losses; they
are losses derived from methods (like LDAM [3[], BS [19], KPS [13], BCL [28], etc.) specifically
designed to address different aspects of the LTR imbalance.

The deep motivation behind using MOO in TS-MOF is to move beyond the limitations of any single
LTR strategy and overcome the seesaw dilemma by finding an optimal combination that leverages
the complementary strengths of multiple strategies. R-PLA uses performance-based adaptive
weighting to dynamically prioritize strategies based on their real-time contribution to the desired
performance pattern, while RD-PCGrad provides a robust and deterministic way to reconcile the
potentially conflicting gradient signals arising from simultaneously optimizing towards these different
LTR-specific goals. We apply this advanced MOO specifically to the classifier heads after decoupling
feature learning, ensuring the optimization focuses effectively on classification balance without
corrupting the feature representation. Thus, our MOO is not just a mathematical technique applied;
it is the core engine enabling the principled, robust, and effective fusion of heterogeneous LTR
knowledge to achieve superior and balanced recognition performance.

9 More Empirical Results

This appendix provides additional empirical results and analyses to further demonstrate the effective-
ness and underlying mechanisms of the TS-MOF framework.

9.1 Results on CIFAR-100-LT with Various Strategy Combinations

We also evaluated the evolutionary results of various combinations of strategies in the second stage
of TS-MOF. TableE] shows the performance across different Imbalance Ratios (IR=10, 50, 100) on
the CIFAR-100-LT dataset when using TS-MOF with different sets of constituent LTR strategies. TS-
MOF achieved excellent results in the combination of the KPS + BCL + LOS strategy, as highlighted
in the table, demonstrating its ability to bring obvious general improvements across class groups and
imbalance settings.

9.2 T-SNE Analysis

Figure ] shows the t-SNE analysis of the feature representations from different models. We compare
the representations learned by models using BCL or KPS independently, their simple weighted fusion
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Table 3: Accuracy (%) on CIFAR-100-LT dataset with TS-MOF using various strategy combinations
in Stage 2 fine-tuning. Results are reported for Head, Medium, Tail classes, and overall (All) accuracy
across different Imbalance Ratios (IR).

IR=10 IR=50 IR=100
Method
Head Medium Tail All Head Medium Tail All  Head Medium Tail All

TS-MOF(CE+LDAM-DRW+LOS) 7490 59.71 - 70.19 7595 51.05 42.61 59.74 7823 5134 3520 5591
TS-MOF(CE+KPS+LOS) 7422  62.81 - 70.68 7622 51.63 42.06 59.99 7846 49.14 39.57 56.53
TS-MOF(CE+BCL+LOS) 75.04  58.26 - 69.84 76.07 5049 42.11 59.47 7894 49.84 34.87 55.57
TS-MOF(CE+CE-DRW+LOS) 7432 59.71 - 69.79 7588 50.54 4233 5945 7877 49.94 34.63 55.44
TS-MOF(CE+BS+LOS) 7449  59.55 - 69.86 7576 51.61 4217 59.81 78.80 51.83 35.10 56.25
TS-MOF(BS+KPS+LOS) 73.99 6142 - 70.09 75.61 53.17 42.00 60.36 77.49 51.54 38.27 56.64
TS-MOF(BS+BCL+LOS) 74.25  60.06 -  69.85 7639 5120 42.17 5990 78.89 5149 3470 56.04
TS-MOF(BS+CE-DRW+LOS) 7433 60.00 - 69.89 76.05 5137 4206 59.81 79.46 5143 34.63 56.20
TS-MOF(BS+LDAM-DRW+LOS) 74.19  59.58 - 69.66 7490 5195 4233 59.63 7820 51.23 35.17 55.85
TS-MOF(KPS+BCL+LOS) 7475  62.03 - 7081 7524 50.76 4756 60.22 79.00 49.29 3997 56.89
TS-MOF(KPS+CE-DRW+LOS) 7452 61.68 - 70.54 7541 51.12 4522 60.02 7837 50.26 38.17 56.47
TS-MOF(KPS+LDAM-DRW+LOS) 73.77  61.52 - 6997 73.02 5141 46.89 59.46 75.06 49.60 40.87 55.89
TS-MOF(SHIKE+BS+LOS) 74.55 59.71 - 6995 76.22 5139 4211 5990 79.03 51.77 3477 56.21
TS-MOF(SHIKE+BCL+LOS) 74.67 5945 - 6995 76.15 50.73 4228 59.63 79.17 49.66 34.73 55.51
TS-MOF(SHIKE+CE-DRW+LOS) 74.57 5945 —  69.88 7627 4995 4211 59.33 7891 49.37 3520 55.46
TS-MOF(SHIKE+LDAM-DRW+LOS) 74.99  59.35 - 70.14 76.15 51.15 4222 59.79 7840 50.74 34.73 55.62

(BCL+KPS), and our proposed fusion method TS-MOF. Compared with before fusion, the TS-MOF
method shows a significantly increased separability of clusters in almost all categories in the feature
space, indicating that our multi-objective fusion approach learns a more discriminative representation
despite freezing the backbone in Stage 2. This suggests the classifier heads adapt in a way that better
separates classes in the existing feature space.

KPS+BCL TS-MOF

Figure 4: T-SNE comparative analysis of feature representations. We compare models trained
on CIFAR-100-LT using BCL independently, KPS independently, a simple weighted fusion of
BCL+KPS, and our proposed TS-MOF fusion method. Each point represents a feature vector from
the test set, colored by its true class. Better separation indicates a more discriminative feature space
for classification.

9.3 Confusion Matrix Analysis

Figure [5] shows a comparison of the predictive performance between individual strategies, simple
fusion, and our TS-MOF method through confusion matrices. The confusion matrices are normalized
by row (true label count) to show per-class accuracy patterns. From the figure, it can be seen that
KPS pays more attention to some tail classes (higher diagonal values for later classes), while BCL
focuses more on the head classes (higher diagonal values for earlier classes). Simple fusion may not
effectively resolve conflicts and can potentially damage the performance of tail classes. Our method
TS-MOF effectively combines the advantages of individual strategies and exhibits good performance
across head, medium, and tail classes, as indicated by the higher and more uniform diagonal values
compared to baselines and simple fusion.
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Figure 5: Comparative analysis of confusion matrices on CIFAR-100-LT (IR=100). We compare the
predictive performance of models using BCL independently, KPS independently, a simple weighted
fusion of BCL+KPS, and our proposed TS-MOF fusion method. Rows represent true labels, columns
represent predicted labels. Diagonal elements indicate correct classifications (accuracy per class).

10 Limitations

Despite its advancements, TS-MOF has certain limitations. Its performance is inherently tied to
the quality of the Stage 1 pre-trained features, as the encoder is frozen during fine-tuning. The
framework also requires pre-selecting the specific set of LTR strategies to be included in the multi-
objective optimization, which might require empirical tuning for optimal performance on new datasets.
Furthermore, while designed for robustness, the framework still involves several hyperparameters
that may need careful configuration.

11 Broader Impacts

TS-MOF aims to improve balanced recognition in long-tailed datasets, which are common in real-
world applications. By enhancing tail class performance, our method can contribute to greater
fairness and equity in ML systems by providing better representation for under-represented categories,
potentially benefiting applications in healthcare, social sciences, and specialized domains. Making
better use of rare data can also increase the utility of ML in resource-constrained settings. However,
like any advanced recognition technology, there is a potential for misuse, such as in surveillance
applications, emphasizing the need for responsible development and deployment.
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