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A. Proofs of Theoretical Conclusions

A.1 Proof for Lemma 1

Let M(y) denote the ECOC-RAPPOR mechanism for label
y: first map y to ¢, = Cou[y,:], then perturb each bit of
¢y via RAPPOR (Eq. 1) to get z. For any y; # y2 and
z € {0,1}M, we need to show P(M(y1) = z) < e -
P(M(y) = 2).

Let ¢; = Coply1,:] and ¢2 = Cop[y2,:]. Since RAP-
POR perturbation is bit-wise independent:

M
P(M(y;) = 2) = [ [ P(zmlcim)- )
m=1

where P(2,,|c; ) follows Eq. 1 with bit-wise budget e/M:

o€/ (2M)

_ _ o€/ (2M)
P(zm = 1cim) = ¢ 11 . .
Tfec/(20) if Cim = 0.

if ci,m = 1,

2

Let S ={m | cim # comtand T = {m | c1,,, =
cam}. Form € T, P(zm|cim) = P(zm|ca,m), so these
P(M (y1)=2)

P(M(y2)=2)"
Form € S, assume ¢; 5, = 1 and ¢35, = 0. Then:

terms cancel out in the ratio

P(Zm‘cl,m = 1) . ee/(QM) if z,,, = 1, 3)
P(zmleam =0) e </GM) jf 2 —=0.

The maximum ratio occurs when z,, = 1 forall m € S:

P(M(y1) = 2) /(2M) |S1/(2M)
VR T2 o T e — e (4)
B == = 1L
Since |S| < M (as S is a subset of M bits):

e€-|S|/(2]\/1) < ee-M/(?]W) — 66/2 <ef (5)

Thus, P(M(y1) = z) < e - P(M(y2) = z), completing
the proof.
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A.2 Proof of Proposition 1 and extension

A.2.1 Proof of Proposition 1

The one-hot+RAPPOR baseline requires K perturbation
events, while ECOC-RAPPOR uses M events. Since
M = O(log K), the number of perturbations is reduced by
K/M ~ O(K/log K). Each bit perturbation has variance
Perr(1 — Derr), 80 the total noise variance is:

One-hot: K * perr(1 — perr) (6)
ECOC-RAPPOR: M - pere(1 — Derr) @)

The variance reduction ratio is K/M ~ O(K/log K).

A.2.2 Error Correction Analysis (Supplementary)

For RAPPOR with ¢ € [0.5,5], per = zoig € [0.12,0.4].
The single-bit to multi-bit error ratio is:

Mperr(l 7perr)]\471
M y I—t°
Zt:Z (At{)pcttrr(l - perr)Ju ¢

Key insight: R > 5 only when M < 15;%. For typ-
ical ECOC parameters (M = O(log K) > 5), this con-
dition fails (e.g., My ~ 1.47 at ¢ = 0.5), meaning
multi-bit errors dominate. Despite this, error correction re-
mains beneficial because It corrects the most probable sin-
gle error pattern (single-bit flips). Error correction delivers
marginal gains compared to dimensionality reduction (e.g.,
30% error reduction vs. 100X variance reduction when
K = 1000).

R(M, pere) = 8)

A.3 Proof of Proposition 2 and Supplementary
Properties

A.3.1 Proof of Proposition 2
Proof of Proposition 2 (Revised)

The estimation error decomposes as:

I1E = £2 < £ — Ef]ll2 + [E[F] = £*]2.  9)



Bias term analysis: From the regularized solution, we

have:
E[f] = (ConCl, + Aree]) 'ConChE*.  (10)
Therefore,
E[f] — £* = —Areg(CopiCy + Areg ) H£*. (11)

Taking norms:
IEE] — £ll2 < Areg | (CoptCope + AreeD) ™I - €712 (12)

The matrix (Copng;,t + Aregl) ™" has norm bounded by

1/(c2;, + Areg ), Where opin is the smallest singular value
of Cop. Under the ECOC design with dp,in > 3, we have
Omin = Q(M). Thus:

_ 1
(ol 2e) =0 (7). 9

and:

* * )\re *
Bl < w0 (373 ) 1671 = O (353 1Tk )

(14)

Variance term analysis: The variance term ||f E[f]|2
arises from the noise w = b — E[b], where b = p(7r ql).
Since 7 is the average of N independent Bernoulli vectors:

M M
El|l# — E[#][3 = > Var(fm) < na (15)
=1

Using p ~ 757 for small e/M:
M 4M3
E 2
Iwlle < 332 ™ We

In regularized least squares, the estimator variance satis-
fies:

(16)

E[[f—E[£][13 < [(CopClptAree]) ™ Copel*>Elw]3. (17)
Assuming opin, = Q(M):
I(CopCopi + Areg]) ' Copell = O(1/M),  (18)

and thus:

1 M3 M
Bl - 5113 = 0 (72 3z ) =0 () - 09

Taking square roots:

M
If ~ B> = O< N62> (20)

Combining terms: Putting together the variance and
bias terms:

~ M e, *
||f—f*||2so<\/N )w( ). e

A.3.2 Supplementary Properties

Unique Solution The QP in Eq. 5 has a unique global

minimum because:

* Objective is strictly convex (Hessian 2(CoptC
Aregl) > 0)

* Feasible set (probability simplex) is convex

* Cpt has full column rank (by ECOC’s “unique codeword
per class” design)

opt

A.4 Proof of Proposition 3 and Privacy Analysis

A.4.1 Proof of Noise Suppression Properties

Step 1: Error dynamics
Define e(t) = f(t) — £*. From the EMA update and noise
model fuyehn(t) = £* + &(¢) (Proposition 1):

e(t) =ae(t—1)+ (1 — a)e(t), (22)

where E[e(t)] = 0 and E[||e()||3] < 0% = ©(M/(ne?)).

Step 2: Time-averaged error bound
Taking expectation of |le(t)||2 and using E[{e(t —

1),e(t))] =0:
Elle®)l3] = o’Ellle(t — D3] + (1 — &)’ E[le(t)[13]

Solving this recurrence with E[[|e(0)||3] < D? (D < v/2):

t—1

Ellle(t)|3] < o*D*+ (1 —a?)o? D o

k=0
1— 2t 1— 2
=a®D? + (1-a™)(d-0a%) , (24)
1+«

Time-averaging and taking lim sup,_, ., yields:

—Q 2
lim sup 7 ZE le(®)|3] < —=0% (25

1+

A.4.2 Privacy Safety Analysis

By post-processing invariance of LDP [1], since fyuch 1S @
deterministic function of privatized outputs {z(")} (satis-
fying e-label LDP), and f(¢) is a deterministic function of
foaich, both quantities retain e-label LDP with no additional
privacy loss.

Proof: For any y € AX~1 and neighboring datasets D ~
D'

PIM(D) € g~ (y)]
< ePM(D') € g™ (y)]
eP [fbatch ( ) y] ’ (26)

where M is the ECOC-RAPPOR mechanism and g is the
aggregation function. The same argument applies to f(¢) as
a function of fyacp.
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B. Experimental

B.1 Final Codeword Generation Algorithm and
Constraint Validation

This section details the definitive algorithm used to gener-
ate ECOC codewords in all our experiments and provides a
rigorous validation for its core design constraint. The goal
is to create the most computationally efficient code (i.e., the
shortest code length M) that meets our required level of
noise resilience.

The Search-Based Generation Algorithm. Our method
for selecting a codebook is a systematic search for the
smallest integer M that can support at least K classes while
satisfying our primary noise resilience constraint. The al-
gorithm proceeds as follows:

1. Initialize Search. The search for the code length
M commences at its theoretical minimum, Mg+ =
[logy K. 2. Iterative Search. For each integer M >
Mgiqrt, we perform an existence check to determine if a
valid codebook can be constructed. 3. Existence Check.
The check for a given (K, M) configuration against a target
dmin 18 performed using a two-tiered approach: (a) First, we
query for a standard construction (e.g., BCH codes via the
galois library). (b) If none is found, we employ a heuris-
tic search. 4. Termination. The algorithm terminates and
returns the first value of M for which a valid codebook is
found.

Application of the Algorithm. This algorithm, when run
with our chosen constraint of d,,;, > 3, yields the code
lengths used in our paper: M = 6 for CIFAR-10, M = 12
for CIFAR-100, and M = 15 for ImageNet-LT.

Validation of the d,.;, > 3 Constraint. The choice of
the dn,i, constraint is critical as it represents a trade-off
between noise resilience and code efficiency. A stricter
constraint may improve error correction but requires a
longer M, which increases computational cost and the to-
tal amount of LDP noise. To validate that d,,;, > 3 is a
well-justified choice, we conduct a sensitivity analysis on
CIFAR-100-LT (e = 2), treating the dy,;, constraint as a
hyperparameter. For each constraint, we run our generation
algorithm to find the corresponding shortest M and evaluate
the final model performance.

The results are presented in Table 1. Increasing the con-
straint from d,;,, = 3 to dyin = 4 necessitates a longer
code (M = 14) but yields a marginal performance im-
provement. However, further increasing the constraint to
dmin = 5 requires a substantially longer code (M = 18),
at which point performance begins to decline. This is likely
due to the diminishing returns of error correction being out-
weighed by the negative effect of perturbing a larger number

Table 1. Sensitivity analysis of the dmin constraint on CIFAR-100-
LT (e = 2). For each constraint, we report the shortest code length
M found and the resulting model performance.

dmin Constraint ‘ Resulting M Feasible? ‘ Macro-F1 = Acc (Few)

>3 12 v 42.1 36.5
>4 14 v 4.3 36.6
>5 18 v 41.2 355
>6 > 20 No - -

of bits. No feasible solution was found for d,;;, > 6 within
a reasonable search space.

This analysis reveals that the optimal performance lies in
the region of dy,i, = 3 or dyi, = 4. Given that dy,;, = 3
provides nearly identical performance to d,,;,, = 4 while us-
ing a significantly more compact and efficient code (M =
12 vs. M = 14), we conclude that it represents the most
effective trade-off. Therefore, we adopt the dp,;, > 3 con-
straint for all experiments, confident that it is a robust and
empirically-supported choice.

B.2 Sensitivity Analysis on EMA Coefficient «

Our imbalanced learning module utilizes an Exponential
Moving Average (EMA) to dynamically update class pro-
portion estimates during training. The coefficient « controls
the update speed, balancing stability (high «) and respon-
siveness to the model’s evolving predictions (low «).

To analyze the impact of this hyperparameter, we evalu-
ate the performance of ECOC-IL on CIFAR-100-LT (e = 2)
across a range of « values from 0.5 to 0.99. The results are
shown in Figure 1. The performance is suboptimal for lower
values of « (e.g., 0.5 to 0.8), as the proportion estimates be-
come too noisy and unstable, being overly influenced by
individual batches. As « increases, the performance rises
sharply and enters a stable, high-performance plateau in the
range of [0.9,0.99]. This indicates that our method is not
sensitive to the precise choice of o within this range. The
results validate our selection of o = 0.95 for all main exper-
iments, as it resides comfortably within this optimal region.

B.3 Rationale for a Unified Codeword Strategy under
Varying Privacy Levels

A Principled Approach for Fair Comparison. Our the-
oretical analysis in Section 4 suggests that for stricter pri-
vacy regimes (e.g., € < 0.5), a more robust code with a
higher minimum Hamming distance (e.g., dyi, > 5) could
be employed to counteract the stronger noise. This would,
in turn, necessitate a longer code length M than our stan-
dard dy,;n > 3 constraint requires.

However, to ensure a fair and rigorous comparison across
all privacy levels, we adopted a unified approach in our
experiments. By using the exact same codebook generated
by our standard algorithm (with the dy,;, > 3 constraint)
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Figure 1. Sensitivity of ECOC-IL to the EMA coefficient o on
CIFAR-100-LT (e = 2). The model achieves robust, high perfor-
mance for a € [0.9,0.99)].

for all values of €, we eliminate potential confounding vari-
ables, such as changes in the model’s output dimensional-
ity, that would arise from switching codebooks. This prin-
cipled choice ensures that observed performance changes
are attributable solely to the variation in the privacy bud-
get €. Nevertheless, it raises a critical question: does this
unified practice compromise performance at low € values
where theory suggests a more complex code?

Empirical Validation and Trade-off Analysis. To an-
swer this, we conduct a direct comparison on CIFAR-100-
LT at a strong privacy setting of € = 1.0 (the lowest in our
main experiments). We compare the performance of our
standard ECOC-IL (using the code with M = 12 derived
from the dp,;, > 3 constraint) against a “’theory-compliant”
variant (ECOC-IL-Robust) that uses a code with M = 18,
derived from the stricter d,,;, > 5 constraint.

The results, presented in Table 2, show that the variant
with the more robust code (M = 18) achieves nearly iden-
tical performance to our standard, more efficient version
(M = 12). This outcome reveals a crucial trade-off inherent
in the label LDP setting. While the d.,,;, > 5 code offers su-
perior error-correction capabilities, its required longer code
length forces a finer distribution of the total privacy budget
e. Consequently, the per-bit privacy budget (e/M) is sig-
nificantly smaller, leading to a higher level of noise being
introduced to each bit during the initial RAPPOR perturba-
tion step. In our tested regime, the theoretical advantage
of enhanced error correction is effectively nullified by the
practical disadvantage of this increased initial noise.

Conclusion. This analysis confirms that our decision to
use a single, unified code generation algorithm across all
€ values is an empirically well-justified and principled
choice. By effectively navigating the intrinsic trade-off be-

Table 2. Performance comparison on CIFAR-100-LT (p =
100, e = 1.0) between our standard ECOC-IL and a variant us-
ing a theoretically more robust code. The performance is nearly
identical, justifying our unified approach.

Method Variant ‘ dmin Constraint ~ Resulting M ‘ Macro-F1  Acc (Few)
ECOC-IL-Robust >5 18 359 322
ECOC-IL (Standard) >3 12 35.8 323

tween error-correction power and initial perturbation noise,
our approach provides a consistent, efficient, and high-
performing solution without the need for privacy-level-
dependent hyperparameter tuning of the code structure.

B.4 Full Experimental Results

This section provides the comprehensive results for all ex-
periments, supplementing the summarized analysis in the
main paper.

On the inclusion of the VA-IL baseline. To provide a
more fine-grained ablation of our contributions, we intro-
duce an additional strong baseline, VA-IL. This baseline
is constructed by applying our full imbalanced learning
(IL) module directly onto the original Vector Approxima-
tion (VA) framework. By comparing VA-IL to the standard
VA, we can isolate the ’pure” contribution of the IL mod-
ule. Subsequently, by comparing our final ECOC-IL model
to VA-IL, we can precisely quantify the additional benefits
brought by our ECOC encoding scheme.

Organization of Results. To provide maximum clarity,
the performance on long-tailed benchmarks is organized
across three dedicated tables. Table 3 details the results
for the severe imbalance setting (p = 100), while Table 4
presents the results for the moderate p = 50 setting. The
results for the large-scale ImageNet-LT are provided sepa-
rately in Table 5 to highlight scalability.

B.4.1 Full Results for Severe Imbalance Setting (p = 100)

This table presents the detailed experimental results for the
severe imbalance setting (p = 100) on both CIFAR-10-LT
and CIFAR-100-LT. The data covers all baseline methods
across all tested privacy budgets, providing a comprehen-
sive view of their performance.

The results in Table 3 demonstrate that our method,
ECOC-IL, consistently outperforms all baseline methods
across both datasets and all tested privacy budgets. The per-
formance advantage is particularly substantial under stricter
privacy constraints (e.g., ¢ = 1). For instance, on CIFAR-
100-LT, the Macro-F1 score of ECOC-IL is 9.8 points
higher than the VA baseline at ¢ = 1, while this gap is 7.2
points at e = 8. This trend highlights the superior noise re-
silience of our ECOC-based encoding in high-privacy (i.e.,



Table 3. Full experimental results on long-tailed datasets (CIFAR-
10-LT and CIFAR-100-LT) for the severe imbalance setting (p =
100). The data covers all methods across all tested privacy bud-
gets. All metrics are in percent (%).

Table 4. Full experimental results on long-tailed datasets (CIFAR-
10-LT and CIFAR-100-LT) for the moderate imbalance setting
(p = 50). All metrics are in percent (%).

Dataset Method | ¢ | Macro-F1  Overall Acc Many Medium Few

Dataset Method

€ ‘ Macro-F1 Overall Acc Many Medium Few

1] 251 34.0 298 281 115
RR 2| 315 402 551 338 152

4| 382 465 609 410 208

8| 430 511 652 465 251

1| 385 481 635 420 234

2| 451 538 632 485 286

LP2ST 41 51 592 728 551 349

= 8| s4s 629 759 598 395
S 1| 468 56.0 701 525 331
& 2| 536 61.5 750 581 393
= ALIBL 1 50 663 792 640 455
3 3| 628 70.1 820 683 499
1| 482 585 751 553 370

A 2| 554 64.1 792 613 432

4| 613 9.5 80 678 501

8| 650 7.3 855 719 548

1| 545 60.1 755 580 452

2| 608 659 796 642 505

VAIL -y 660 708 833 695 561

8| 6.1 740 858 T35 602

1| 588 632 765 620 504

2| 61 685 808 6.1 559

ECOCIL | 1 495 730 841 725 612

8| 738 76.1 866 760 649

| 80 202 295 181 64

. 2| s 243 351 218 82

4| 168 281 202 255 101

8| 172 31.0 £33 283 117

[ 158 295 ©1 270 123

2| 201 33.8 482 305 146

LP2ST 1 260 39.1 550 358 181

= 8| 288 05 591 390 204
g | 225 36.8 501 354 189
= 2| 286 415 550 400 213
g ALIBL 14 1 365 458 60.1 445 242
5 8| 375 492 640 481 270
1| 260 35 595 412 21

A 2| 3209 481 632 453 252

4| 385 523 618 499 291

8| 420 55.4 70 531 325

1| 318 442 599 441 283

2| 388 490 635 488 321

VALl 53.1 680 532 365

8| 475 56.7 712 564 397

1| 358 451 598 480 323

2| a1 495 628 511 365

ECOCIL | 1 45 538 675 550 4ol

8| 492 569 708 582 433

high-noise) regimes. This superiority is primarily driven by
our framework’s ability to protect minority class signals, as
evidenced by the consistently higher scores in the Few-shot
accuracy column. These findings validate the robustness
and effectiveness of our proposed framework in challeng-
ing, privacy-constrained, and severely imbalanced learning
scenarios.

L[ 351 440 568 385 213
RR 2| 402 495 613 441 258

4| 460 55.1 60 503 319

8| 505 592 698 554 368

1| 502 578 685 540 365

2| sss 622 730 595 416

LP2ST 1y 61 670 711 652 480

= 8| 649 705 802 693 528
< 1| 590 665 762 648 481
& 2| 43 709 801 693 534
= ALBE g 1 600 75.1 838 739 590
3 g 721 780 8.1 712 629
1| 65 689 798 615 513

A 2| 668 731 825 718 560

4 712 770 859 761 615

8| 74s 799 880 793 654

1| 652 705 801 698 562

2| 70 749 828 740 613

[ I Y 782 861 780 658

8| 771 81.0 882  8LI 690

1| 698 730 805 721 625

2| 749 775 821 762 651

ECOCIL | | 4¢3 81.0 872 801 693

8| 812 835 895 829 720

L 131 270 375 250 114

RR 2| 162 315 ©23 291 145

4| 200 36.1 412 38 183

3| 238 39.5 510 371 210

1| 220 36.5 492 340 175

2| 268 412 540 385 211

LP2ST 1 41 3 465 591 440 260

& 8| 359 50.1 629 479 2938
g L] 301 440 S5 428 251
= 2| 351 489 61 473 284
< ALIBL 1 400 535 658 520 329
g 8| 438 569 691 558 365
1| 335 50.1 638 480 292

WA 2| 385 546 675 518 340

4| w3 58.8 719 565 390

8| 469 620 750 600 4238

1| 378 520 641 505 351

2| as 56.0 678 549 400

VAIL gl 470 60.1 720 89 445

8| 501 63.0 751 620 477

1| 418 521 640 523 395

2| 470 56.1 6711 572 440

ECOCIL | /| 55 60.3 710 615 488

s | 550 635 742 649 525

B.4.2 Full Results for Moderate Imbalance Setting (p =
50)

This table presents the detailed experimental results for the
moderate imbalance setting (p = 50) on both CIFAR-10-
LT and CIFAR-100-LT. As expected, the performance of all
methods improves compared to the more severe p = 100
setting, as the learning task becomes inherently easier with
more samples available for minority classes.

Despite the simplified setting, the results in Table 4 con-
firm that ECOC-IL maintains a consistent and significant



Table 5. Full experimental results on the large-scale ImageNet-
LT dataset. The data covers all methods across all tested privacy
budgets. All metrics are in percent (%).

Dataset Method € ‘ Macro-F1 Overall Acc Many Medium Few
[ 39 141 20 115 22

RR 2| 58 165 254 131 30

4 79 19.1 200 158 42

8| 98 215 21 180 55

[ 85 210 325 171 53

2| 112 241 368 204 71

LP2ST |y 143 2738 40 241 95

= 8| 169 309 45 2713 118
% [ 128 262 380 239 88
A 2| 165 238 ©1 275 114
g R 339 468 318 145
5 8| 230 37.1 505 350 17
[ 135 318 481 285 101

A 2| 203 362 515 331 148

4l 261 405 558 380 189

8| 305 440 so1 421 224

[ 182 335 484 310 141

2| 251 37.8 518 363 182

VA-IL 4] 302 419 560 405 220

8| 340 45.1 593 442 255

1| 221 340 482 345 185

2| 287 38.1 SLL 392 241

ECOCIL | 1 335 2.0 550 438 280

3| 371 452 582 471 3LS

performance lead. On CIFAR-100-LT at ¢ = 2, for exam-
ple, ECOC-IL achieves a Macro-F1 score of 47.0%, which
is 8.5 points higher than the VA baseline. While the ab-
solute performance of all methods is higher, the sustained
advantage of our method demonstrates its robust superior-
ity, which is not limited to only the most extreme imbalance
scenarios. The consistent lead across all privacy budgets
and on both datasets reinforces the conclusions drawn in
the main paper.

B.4.3 Full Results for Large-Scale ImageNet-LT

This table provides the detailed experimental results on the
large-scale, long-tailed ImageNet-LT dataset. This bench-
mark serves as a crucial test for the scalability and effec-
tiveness of the compared methods in a real-world, high-
complexity scenario with 1000 classes.

The results in Table 5 confirm that the advantages
of ECOC-IL, demonstrated on the CIFAR-based datasets,
scale effectively to this much more challenging task.
ECOC-IL consistently achieves the highest performance
across all metrics and privacy budgets. The Macro-F1 score,
which is particularly indicative on such a highly imbalanced
dataset, shows a substantial lead. At the strictest privacy
setting of ¢ = 1, ECOC-IL outperforms the VA baseline
by 8.6 percentage points. This significant gap underscores
the critical importance of our method’s noise resilience and
imbalanced learning capabilities when both the number of
classes and the degree of imbalance are large. As with
other datasets, the primary driver of this improvement is

014 — =+ VA-IL (M=100)
—— ECOC-IL (Ours, M=12)

L2 Error of Proportion Estimate

o
Q
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Figure 2. L2 error of the dynamic proportion estimate f® over
training epochs on CIFAR-100-LT (e = 2). Despite starting with a
higher initial error, ECOC-IL’s dynamic update process converges
to a highly accurate estimate, matching or surpassing the VA-IL
baseline.

the significantly better performance on minority (Few-shot)
classes, validating ECOC-IL as a robust and scalable solu-
tion for practical, large-scale applications under label pri-
vacy constraints.

B.5 Analysis of Training Dynamics

A central claim of our paper is that the final classification
superiority of ECOC-IL is not due to a more accurate ini-
tial static proportion estimate, but rather stems from the
improved trainability and noise resilience conferred by the
structured ECOC representation. This section provides di-
rect empirical evidence for this claim by visualizing the
training dynamics. We analyze two key aspects: the conver-
gence of the dynamic proportion estimates and the learning
progress on challenging few-shot classes.

B.5.1 Convergence of Dynamic Proportion Estimates

Our imbalanced learning module relies on dynamic EMA
updates to refine the initial static proportion estimate, f(©).
To verify the effectiveness of this process, we track the L2
error (||f(*) — £*||2) between the estimated proportion vec-
tor at epoch ¢, f(*), and the ground-truth vector f*.

Figure 2 plots this error curve for ECOC-IL and the VA-
IL baseline on CIFAR-100-LT (p = 100,e = 2). As es-
tablished in the main paper, ECOC-IL’s initial static esti-
mate (¢ = 0) has a higher error than VA-IL’s due to infor-
mation compression. However, as training progresses, the
EMA update allows ECOC-IL to effectively leverage the
model’s increasingly accurate predictions. The error curve
for ECOC-IL descends rapidly and, crucially, converges to
a level comparable to, or even slightly better than, the VA-
IL baseline in the later stages of training. This demonstrates
that our dynamic update mechanism successfully compen-
sates for the initial estimation loss, providing the model
with a highly accurate proportion estimate during the criti-
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Figure 3. Average training loss on few-shot classes over epochs
on CIFAR-100-LT (e = 2). ECOC-IL’s loss curve is consistently
lower and more stable, demonstrating its superior ability to learn
from minority classes.

cal final training phases.

B.5.2 Learning Dynamics of Few-Shot Classes

To directly visualize the impact of our framework on the
most challenging classes, we plot the average training loss
on the set of few-shot classes over epochs. A lower, more
stable loss curve indicates more effective learning for these
minority classes.

Figure 3 compares the few-shot training loss for three
key methods on CIFAR-100-LT (p = 100,e = 2): the
standard VA, the VA-IL baseline, and our full ECOC-IL
model. The standard VA model struggles significantly, with
its loss curve remaining high and noisy, indicating difficulty
in learning from the scarce and noisy signals. The VA-
IL baseline shows a clear improvement, as the IL module
forces the model to pay more attention to these classes.

Most importantly, the ECOC-IL curve is substantially
lower and more stable than both baselines throughout the
entire training process. It descends faster and converges
to the lowest final loss value. This provides direct, com-
pelling evidence for our central claim: the structured, noise-
resilient ECOC representation provides a superior inductive
bias and a more stable learning signal, enabling the model to
learn minority classes far more effectively than is possible
with sparse, high-dimensional one-hot representations.

References

[1] Cynthia Dwork and Aaron Roth. The algorithmic foundations
of differential privacy. Foundations and trends® in theoretical
computer science, 9(3-4):211-487, 2014. 2



