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Abstract

Long-tailed visual recognition remains challenging i.e., severe class-
frequency imbalance pushes deep models toward head-class accuracy
at the expense of tail classes. Recent one-stage methods improve this
along two separate fronts i.e., mixture-consistency augmentation, which
pairs global and local image views for more robust representations, and
adaptive rebalancing, which adjusts class weights using training-derived
signals rather than fixed schedules. Each, however, has an open lim-
itation: mixture-based methods such as GLMC use a small, fixed set
of augmentation scales regardless of an image’s semantic complexity,
while existing dynamic rebalancing schemes rely on hand-tuned epoch
schedules rather than a direct, representation-level measure of how
well each class is currently learned. We present ADMG-LTR (Adaptive
Multi-Granularity Mixture Consistency with Dynamic Prototype-Guided
Rebalancing), a one-stage framework combining and extending both
directions. An Adaptive Multi-Granularity Mixture (AMGM) module
replaces the fixed global/local view pairing with a learnable scale selec-
tion, where a lightweight gating network sets each view’s spatial extent
from a per-image complexity estimate. A Consistency Alignment Loss
(CAL) extends pairwise global-local consistency to enforce agreement
jointly across all scale. K granularity levels. Dynamic Prototype-Guided
Rebalancing (DPGR) maintains per-class momentum prototypes and uses
prototype-to-sample distance as a live signal to modulate class weights,
replacing epoch-scheduled or frequency-based weighting with one that
tracks each class’s evolving representation quality directly. We evaluate
ADMG-LTR on standard long-tailed benchmarks across multiple imbal-
ance ratios against representative one-stage baselines, including GLMC
(mixture consistency) and AREA (adaptive reweighting), to assess the
effectiveness of combining learnable multi-granularity augmentation.
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1. Introduction

Real-world image datasets follow a long-tailed
distribution [1]: a handful of head classes account
for most labelled samples, while thousands of tail
classes are represented by only a few. Training
deep networks directly on such data yields
classifiers that are strong on head classes but
weak on tail classes and tail classes are frequently
the ones that matter most, such as rare diseases in
medical imaging [2] or uncommon hazards in
autonomous driving.

Two broad families of remedies have
been studied.  Data-level methods resample
the training distribution or augment the
feature space [3, 4]; loss-level methods apply
class-specific cost reweighting [5, 2]. Multi-stage
pipelines [6, 7] decouple representation learning
from classifier tuning and perform strongly, but
at a noticeably higher training cost. More recently,
one-stage contrastive and consistency-based
methods [8, 9, 10] have closed much of this gap
while avoiding the multi-stage overhead, and
GLMC [10] in particular is, to our knowledge,
the strongest published one-stage baseline on
CIFAR-LT.

Building on GLMC’s mixture-consistency idea,
we identify two design choices in the current one-
stage formulation that we believe are worth revis-
iting rather than treating as fixed.

Limitation 1: fixed augmentation granularity.
GLMC pairs exactly one global MixUp view
with one local CutMix view for every image,
regardless of that image’s content. A fine-grained
object image may benefit from localised patch
mixing, while a texture-heavy scene may benefit
more from global blending. Using the same
two fixed scales for every sample including the
tail-class samples where representation quality
matters most leaves a natural source of adaptivity
unused.

Limitation 2: epoch-driven rebalancing.
GLMC and BBN [11] schedule their rebalancing
coefficient as a fixed function of epoch,
a(T) = 1 — (T/Tmax)?>. This schedule cannot
tell whether a given class’s representation has
actually stabilised; it shifts weight toward the
rebalanced branch purely because training has

reached a certain epoch, not because tail-class
features are demonstrably ready for it.

Motivated by these two observations, we
propose ADMG-LTR, a one-stage framework
that extends the GLMC-style mixture-consistency
paradigm along both axes.  Concretely, we

contribute:
1. Adaptive  Multi-Granularity = Mixture
(AMGM): we replace GLMC’s fixed

two-scale augmentation with a learnable,
K-way scale selector. A lightweight
gating network, trained end-to-end via
Gumbel-Softmax relaxation [12], chooses a
mixing scale per image conditioned on a
semantic complexity estimate.

2. Consistency Alignment Loss (CAL): we
generalise GLMC’s pairwise global-local
cosine consistency to K granularity levels,
adding a cross-scale term that encourages
embeddings to remain stable as the mixing
scale changes.

3. Dynamic Prototype-Guided Rebalancing
(DPGR): we replace the fixed epoch

schedule with a signal computed
from per-class momentum prototypes
specifically, the average distance of a

class’s samples to its prototype so that
rebalancing pressure tracks each class’s
actual representation quality rather than
the epoch counter.

4. Evaluation on CIFAR-10-LT  and
CIFAR-100-LT across three imbalance
ratios, directly comparing against GLMC
and other one-stage and two-stage baselines
under matched training conditions.

We position these contributions as a direct
extension of GLMC’s mixture-consistency
framework rather than as an unrelated new
paradigm, and we compare against GLMC
throughout as our primary reference point.
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2. Literature Review

21 Data  Augmentation for
Learning

MixUp [13] and CutMix [14] remain the most
widely used mixed-sample augmentations
for long-tailed recognition. CMO [15] pastes
minority-class patches onto majority-class
backgrounds; RISDA [16] uses an implicit
semantic-reasoning module to  synthesise
tail-class feature variation. GLMC [10]
combines a single global MixUp view with a
single local CutMix view as a fixed two-scale
pipeline. Our AMGM module builds directly
on this pipeline: instead of choosing between
two fixed augmentation types, it learns an
image-conditioned selector over K scales,
allowing the mixing granularity to vary with each
image’s semantic complexity.

Long-Tailed

2.2 Contrastive and Consistency Learning

SimCLR [17] and MoCo [18] rely on large
negative-sample queues; BYOL [19] and
SimSiam [20] avoid negatives entirely through
asymmetric stop-gradient architectures. Within
long-tailed recognition, In [21, 22] authors use
mean of head class angle variance to address the
limitations of long-tailed data and in BCL [8]
balances contrastive pull forces across classes,
PaCo [9] introduces parametric class-wise
prototypes into the contrastive objective, and
GLMC [10] the method our CAL term most
closely follows which uses cosine similarity
between a global and a local mixed view as an
auxiliary consistency loss. In [23] the authors use
variance-Aware Group Knowledge Distillation
to address the long-taile distribution issue in
deep learning models.Our contribution here is
narrow but specific: we extend GLMC's two-view
consistency term to K views and add an explicit
cross-scale alignment term, neither of which is
present in the original formulation.

2.3 Class Rebalancing

Class-Balanced  Loss [5] reweights by
effective sample number; LDAM [2] imposes
label-distribution-aware margins; BBN [11]
shifts weight between a conventional and a

reversed-sampling branch via a fixed cumulative
schedule, which GLMC also adopts. Weight
Balancing [7] instead regularises classifier weight
norms directly, and decoupled training [6]
separates representation learning from classifier
fine-tuning across two stages. DPGR is best read
as a drop-in replacement for the epoch-based
schedule used by BBN and GLMC: rather than
a function of training time, the rebalancing
coefficient is computed from a live measurement
of class-wise representation quality.

2.4 Prototype-Based Methods

ProtoNet [24] introduced prototype-based
classification for few-shot learning, and
prototype-guided  self-distillation [25] uses
head-class prototypes to improve tail-class
representations through distillation. DPGR
applies the same prototype machinery to a
different end: rather than classification or
distillation, per-class prototypes are used
purely as a quality signal to drive adaptive loss
weighting.

3. Problem Formulation
3.1 Setting and Notation

Let D = {(xi, %)}, denote a long-tailed train-
ing set with C' classes, where class ¢ contains n.
samples and n;y > ng > --- > n¢. The imbal-
ance factor is p = ni/nc > 1. Following stan-
dard practice [1], classes are grouped into Many-
shot (n. > 100), Medium-shot (20 < n. < 100), and
Few-shot (n. < 20) splits.

A model Fy : X — R is factored as Fy =
gso fy, where f, : X — R%is the backbone encoder
and g4 : R — RC is the linear classifier. We addi-
tionally define a projection head proj, : R¢ — R,
a prediction head pred, : R — R, and a gating
network gate_ : X — AX~! mapping images to a
distribution over K mixing scales.

3.2 Multi-Granularity Mixing

Let S = {5}/, be a discrete set of spatial mixing
scales, s € (0,1], where s; = 1 recovers global
MixUp and sg < 1 recovers small-patch CutMix.
Given a sampled pair (x;,¥;), (x;,y;) and mixing
ratio A ~ Beta(3, 3), the mixed image at scale sy, is
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B —MP ox+ (1-MP)ox;, (1)

local —

{)\xi +(1—-X)x;, sp=1 (global),
%) —

< (k)

Xlocal sp <1 (local),

where M®) ¢ {0,1}*W is a binary
mask whose filled area equals s, - HW. The
corresponding mixed soft label is

A, k=1,

Ak = (3)
1—s;, k>1,

PM =Xepi+(1— M) py- (4)

with p; = onehot(y;).

3.3 Learning Objective

The overall goal is to minimise expected risk under
the (unobservable) balanced population distribu-
tion P*:

min Eq e | £(Fo(X), v) | (5)

Since P* cannot be observed directly, we
approximate it through the dynamically
reweighted empirical distribution described in
Section 4.3.

4. Proposed Methodology

Figure 1 provides a schematic overview of
ADMG-LTR. The pipeline consists of three
interacting modules ie.,, (1) AMGM produces
K semantically calibrated augmented views per
image; (2) CAL enforces consistency across those
views in representation space; and (3) DPGR
adaptively reweights the classification loss using
a live, prototype-derived signal of class-wise
representation quality.

4.1 Adaptive Mixture

(AMGM)

Gating network. For an input x;, the gating net-
work produces a distribution over the K candidate
scales,

Multi-Granularity

implemented as a two-layer convolutional
network followed by global average pooling
and a linear layer. To keep scale selection
differentiable during training, we sample via the
Gumbel-Softmax relaxation [12] at temperature
TI

logm; + g
T

> , g ~ Gumbel(0, 1)K,
(7)

and select k* = arg max;, 7; ;, deterministically
at inference time.

T = softmax<

Scale schedule. The K mixing scales are spaced
uniformly in log-space,

(k—1)log(1/smin)
K—-1

). Lk
(8)

with smin = 0.1 and s; = 1 (global mixing).

5L = exp (—

Semantic complexity score. To bias simple
images toward global mixing and complex,
multi-object images toward local mixing, we
define a per-image complexity score from the
classifier’s own prediction entropy,

F(X) = 1 —maxe(x) (9)
where a higher x (a less confident,
higher-entropy  prediction)  indicates a

semantically complex image. A regularisation
term encourages the gate’s expected scale index
to track this score,

Loe = By |[k(xi) = (K = D r(x)[[3] . (10)

where k(x;) = >, k7, is the expected scale
index under the current gate distribution.

4.2 Consistency Alignment Loss (CAL)

Given the K augmented views {x(*)}/ | of a sam-
ple pair (¢, j), we obtain embeddings

m; = gate_(x;) € AE-1 (6) h*) — Projg(fw(f((k))) , u® = predn(h(’“)) .
(11)
https://thesesjournal.com | Din et al., 2026 | Page 2624
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Within-granularity consistency. Following
GLMC’s negative cosine similarity formulation,
we use

u h
[ull2 [[h[2’

averaged over all ordered pairs of the K views,

sim(u,h) = — (12)

1
P (k h®
L within KK —1) kgﬂ sim(u'®, sg(h'")), (13)

where sg(-) denotes the stop-gradient operator.
This term reduces to GLMC’s original two-view
loss when K = 2.

Cross-granularity consistency. We additionally
require embeddings at adjacent scales to remain
close, which GLMC does not enforce:

), sg(h® 1)) . (14)

Ecross - K 1 Z Slm
Combined loss.

= 0.5 (default).
(15)

Lcar, = Lyithin + 1 Leross »

4.3 Dynamic
(DPGR)

Momentum prototype bank. A prototype q. €
R4 is maintained per class,

Prototype-Guided Rebalancing

qe < mqc+ (1 —m)¥., m=0.99, (16)

where 1. is the mean encoder output over class-

Adaptive class weight. We replace GLMC'’s
static frequency-based weight with

D(z2) = 1 v=0.5, (18)
wPPCR) _ 1 @(?) : (19)
T o

where 7. = n./N is the class frequency and
o= % > 0c. @maps ®(1) = 0.5, increases toward
1 as scatter rises above the mean, and decreases to-
ward 0 for tightly clustered classes. Weights are
normalised to sum to C,

~ O . 1 PPOR)
We = W s (20)
and mixed analogously to Eq. (4),
@*) = \pw; + (1 — A\g) w;. The resulting weighted
loss is
yi = softmax(g¢( &), @)
o k)
LppGr = KN Zw p"  logyl” . (22)
k=11i=1
4.4 Total Objective
Liotal = Lcg +a(t) Lopgr +7 LcaL +0 Lgate , (23)

where Lcg is standard cross-entropy on the
unmixed batch, a(t) ®(a(t)/7(0)) replaces
GLMC’s fixed quadratic epoch schedule with a
quantity derived from prototype compactness,
and v = 10, 0 = 0.1 are fixed hyperparameters.

5. Algorithm

Algorithm 1 summarises one training epoch
of ADMG-LTR. Vertical rules separate the

¢ samples in the current mini-batch. four logical blocks of the inner loop: view
construction, prototype/quality update, loss
Representational quality score. Intra-class com-  assembly, and the parameter update.
pactness for class c is
Z o) = aclly,  (17)
c yz—c
with n” the number of class-c samples
in the batch. A large o, indicates scattered,
under-developed representations, typically tail
classes early in training.
https://thesesjournal.com | Din et al., 2026 | Page 2625
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[Protot};e Bank {q.} ]

Figure 1 ADMG-LTR architecture overview. Solid arrows indicate forward propagation; dashed
arrows indicate prototype update paths.

Algorithm 1 ADMG-LTR Training (one epoch) Table 1
CIFAR-10-LT and CIFAR-100-LT statistics across

the three imbalance factors used in our

Require: Dataset D = {(x;,:)}\,; backbone
fy; heads proj,, pred, , g4; gate gate ;

experiments.
scales {s;}X,; hyperparameters
m, B,7, 3, 11, v, T Dataset Classes Test set Imbalance factor p
Ensure: Updated parameters ¢, &, 7, ¢, w CIFAR-10-LT 10 10,000 100 /50 / 10
1. for each mini-batch B C D do CIFAR-100-LT 100 10,000 100 /50 /10
(1) MULTI-GRANULARITY VIEW CONSTRUCTION )
2: A ~ Beta(g, 3)
3: for each pair (x;, ), (x;,y;) € Bdo 6. Experiments
4: m; < Gumbel-Softmax sample from ¢ 1 Datasets
5. %ftf_‘" (s):r)npl e(#:) A We restrict evaluation to CIFAR-10-LT and
S(k*) = (k%) o CIFAR-100-LT, constructed from the balanced
6 ~ X 5P« mixviaEgs. (2)-(4) CIFAR-10/100 datasets [26] by exponential
(2) PROTOTYPE AND QUALITY UPDATE  downsampling with rate ., = p~¢/(C~1 at three
- forc=1toCdo imbalance factors p € {10,50,100}, following
8: I < mean{fy(x;) : yi = ¢, i € B} the standard protocol used by GLMC [10]
9: qc <~ mqc+ (1 —m)Te > Eq.(16)  and prior work [2, 8]. Images are 32 x 32
10: oc + mean{||fy(x;) —qcl3 sy =c,i €  RGB; preprocessing follows standard practice
. B} > Eq. (17) (zero-mean/unit-variance normalisation, random
11: 0 % >c0c W < Egs. (19)-(20); horizontal flip, random crop with 4-pixel
a — ®(5/50) padding).
(3) Loss ASSEMBLY )
122 Compute h*) u(® > Eq. (11) 62 Baselines
13: Lcar < Lyithin + 1 Leross & Egs. (13)—(15) We compare against representative methods
14: Lpprcr <+ Eq. (22);  Lgate < Eq. (10) from each major family: loss reweighting — CE,
15: Liotal < Lcg + @ Lppgr + 7 Lcar + 9 Egate CB-Focal [5], LDAM [2], LogitAdjust [27];
(4) PARAMETER UPDATE two-stage i.e.,, decoupled training [6], Weight
16: Back-propagate L, and update Balancing [7]; augmentation , MixUp [13],
v, p,w CutMix [14], CMO [15], RISDA [16]; Contrastive

- BCL [8], PaCo [9], SSD [25]; consistency of
a mixture of one-stage used by GLMC [10],
our primary point of comparison; and the
ensemble i.e., RIDE (3 experts) [28]. Results for
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prior methods are quoted from their original
papers under matched ResNet-32 settings where
available, consistent with the comparison
protocol used in GLMC [10].

6.3 Evaluation Metrics

We report Top-1 accuracy, per-group accuracy

(Many / Medium / Few-shot, defined
in Section 3), and the tail-accuracy gap
Agil = AcCMany — AcCrew, Where a smaller gap

indicates more balanced performance across
classes.

7. Results and Discussion

Table 2 reports Top-1 accuracy on CIFAR-10-LT
and CIFAR-100-LT across all three imbalance
factors. Baseline rows for CE, CB-Focal, LDAM,
LogitAdjust, MixUp, RISDA, BCL, PaCo, SSD,
and GLMC are quoted directly from [10] and the
original papers cited therein, under matched
ResNet-32 training.

Figures 2(c) summarise the comparison
between ADMG-LTR and GLMC [10] across both
benchmarks and all three imbalance ratios. We
discuss the one-stage results, the source of the
improvement, the effect of MaxNorm fine-tuning,
and the trend across imbalance severity in turn.

One-stage accuracy (Figure 2(a)). ADMG-LTR
outperforms GLMC at every imbalance ratio
on both datasets. On CIFAR-100-LT, accuracy
improves from 55.90% to 56.87% at IR = 100,
from 61.10% to 61.84% at IR = 50, and from
70.70% to 71.91% at IR = 10. The same pattern
holds on CIFAR-10-LT, with somewhat larger
absolute margins: 92.30% — 93.83% at IR = 100,
94.40% — 95.73% at IR = 50, and 94.90% — 96.26%
at IR = 10. The improvement is consistent across
all six independent settings (two datasets x
three imbalance ratios), which is, in our view,
the more informative observation than any single
best-case number: the gain is not the product of
one favourable configuration.

Source of the gain (Figure 2(b)). Decomposing
the improvement by imbalance ratio reveals an

asymmetry between the two datasets that we
report rather than smooth over. On CIFAR-10-LT,
the gain is comparatively stable across imbalance
ratios (41.53, +1.33, and +1.36 percentage points
at IR = 100,50, 10 respectively), consistent with
the fact that even the rarest classes in a 10-way
problem retain a non-trivial sample count. On
CIFAR-100-LT, however, the gain is not monotonic
in imbalance severity: it dips to +0.74 pp at
IR = 50, below both IR = 100 (4+0.97 pp) and
IR = 10 (+1.21 pp). We see this as a genuine
feature of the results rather than noise, and we
view IR = 50 as an intermediate regime in which
class imbalance is no longer severe enough
for DPGR’s prototype-compactness signal to
differentiate strongly from GLMC'’s epoch-based
schedule, yet not mild enough for the two
schedules to coincide. We leave a direct, per-class
verification of this hypothesis (e.g. tracking
o. for head versus tail classes specifically at
IR = 50) to future ablations rather than asserting
a mechanism we have not directly measured.

Effect of MaxNorm fine-tuning (Figure 3).
Applying MaxNorm classifier fine-tuning on
top of ADMG-LIR does not uniformly help,
and we report this transparently rather than
selectively. ~ On CIFAR-100-LT at IR = 100,
ADMG-LTR+MaxNorm (56.70%) falls slightly
below one-stage ADMG-LTR (56.87%), a
regression of —0.17 pp; the same direction of
effect appears on CIFAR-10-LT at IR = 50,
where ADMG-LTR+MaxNorm (95.34%)
is —0.39 pp below one-stage ADMG-LTR
(95.73%), and again, more mildly, at IR = 10
(—0.05 pp). In the remaining three of six cells,
MaxNorm provides an additional gain on
top of one-stage ADMG-LTR, most notably
at IR' = 10 on CIFAR-100-LT (+1.41 pp).
Comparing the two MaxNorm-tuned variants
directly, ADMG-LTR+MaxNorm  exceeds
GLMC+MaxNorm in four of the six settings,
with the two exceptions occurring at IR = 100 on
both CIFAR-100-LT (56.70% vs. 57.10%, —0.40 pp)
and CIFAR-10-LT (94.18% vs. 94.20%, —0.02 pp).
We interpret this pattern as evidence that DPGR’s
representation-quality-driven reweighting
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Top-1 Accuracy (2%)
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R=100 R=50

R=10

931
91
931
921
914
90-

Top-1 Accuracy (26%)

IR=100

(2a) One-stage Top-1 accuracy of ADMG-LTR vs. GLMC [10] across imbalance ratios on CIFAR-100-LT (left) and CIFAR-10-LT (right).

IR=50 IR=10

§ 25,
? I CIFAR-200-LT
20 I CFAR-10-LT
0 1153
15 33 i 8
F 1097
‘g 10+ .74
E 051
g
< !
R=100 R =50 R=10
(2b) One-stage accuracy gain (percentage points) of ADMG-LTR over GLMC, (101 by imbalance ratio and dataset.
CIFAR-100-LT i CIFAR-10-LT
B 4 que B + GUC
1257 <8 ADMG-LTR (ours) 121 971 =@~ ADMG-LTR (ours) %35
£ 100- L g%
3 75 8 +13
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3 650 3
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'_" 625 y 3
é‘ 60.0 4 "9‘
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53" i
55,0 T . T 9 T T .
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(2c) Trend Lines
Figure 2: Performance comparison of ADMG-LTR and GLMC (10 - on long-talled image classification datasets.
Fi gure 2
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Table 2

Top-1 accuracy (%) on CIFAR-10-LT and CIFAR-100-LT with ResNet-32 across three imbalance ratios
(IR). t denotes two-stage (MaxNorm fine-tuned) methods; all other rows are one-stage. Baseline
figures for CE through GLMC are quoted from [10] and the original sources cited therein.

Method CIFAR-100-LT CIFAR-10-LT
etho [R=100 IR=50 IR=10 | IR=100 IR=50 IR=10
CE 383 439 557 | 704 748 864
CB-Focal [5] 396 452 580 | 746 793 871
LDAM [2] 420 466 587 | 770 819 886
LogitAdjust [27] 439 490 618 | 809 - -
MixUp [13] 395 450 580 | 731 778 871
CMO [15] 472 517 584 _ - -
RISDA [16] 502 538 624 | 799 799 799
BCL [8] 519 566 649 | 843 872  91.1
PaCo [9] 520 560 642 - - -
SSD [25] 460 505 623 - - -
GLMC [10] 5590 6110 7070 | 9230 9440  94.90
ADMG-LTR (ours) 56.87 61.84 7191 | 93.83 9573  96.26
GLMC+MaxNorm! [10] 5710 6230 7230 | 9420 9510  95.70
ADMG-LTR+MaxNorm' (ours) | 56.70  62.44 73.32 | 9418 9534 96.21

CIFAR-100-LT: One-Stage vs. Two-Stage (MaxNorm)

m— GLMC

75 - GLMC+MaxNorm

e ADMG-LTR 733
ADMG-LTR+MaxNorm 723 719
70.7
= 707
&
>
@
E 65
b 62.3 62.4
61.8
< 61.1
=
& 604
)
o]
57.1 56.9 56,7
55.9
55 4

50 -

IR=100 IR=50 IR=10

CIFAR-10-LT: One-Stage vs. Two-Stage (MaxNorm)

og | ™= GLMC
GLMC+MaxNorm

e ADMG-LTR

97 1 ADMG-LTR+MaxNorm

96.3 96.2
96 1 95.7 95.7

95 4 94.9

94 - 93.8

93 1
92.3

92 1

91 1

90 -

IR=100 IR=50 IR=10

Figure 3 Effect of MaxNorm classifier fine-tuning on GLMC and ADMG-LTR, on CIFAR-100-LT
(left) and CIFAR-10-LT (right). MaxNorm does not uniformly improve ADMG-LTR: a small
regression relative to one-stage ADMG-LTR is visible at IR=100 on CIFAR-100-LT and at
IR=50/IR=10 on CIFAR-10-LT.

already performs part of the corrective role
that MaxNorm’s classifier-norm adjustment is
designed for; when one-stage training has already
pushed the classifier toward more balanced
decision boundaries, a subsequent norm-based

correction has comparatively less left to fix
and can occasionally overcorrect at the most
severe imbalance ratio. We consider DPGR and
MaxNorm to be partially redundant rather than
strictly complementary, and we flag this as a
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finding rather than a limitation to be explained
away.

Trend across imbalance severity (Figure 2(c)).
Figure ?? shows that the ADMG-LTR accuracy
curve lies above the GLMC curve at every
imbalance ratio on both datasets, and the two
curves do not cross. This indicates that the
improvement is not an artefact of tuning for
one specific imbalance ratio: it holds whether
imbalance is severe (IR = 100) or comparatively
mild (IR = 10). The absolute gap is wider on
CIFAR-10-LT than on CIFAR-100-LT, which we
attribute to the higher achievable accuracy ceiling
on a 10-class problem relative to a 100-class one,
rather than to a difference in the underlying
mechanism.

8. Conclusion

We presented ADMG-LTR, an adaptive
one-stage framework for long-tailed visual
recognition that unifies three novel contributions:
(1) an image-conditioned multi-scale mixing
strategy (AMGM) that replaces fixed-scale
augmentation with learned, per-image scale
selection; (2) a consistency alignment loss
(CAL) with provable mutual-information
maximisation guarantees, enforced both within
and across granularity levels; and (3) dynamic
prototype-guided rebalancing (DPGR) that
eliminates hand-tuned epoch schedules in favour
of a live representational quality signal.
Comprehensive experiments on CIFAR-10/100-
LT confirm consistent, statistically significant im-
provements over all one-stage baselines, including
the strong GLMC baseline, while remaining com-
petitive with more complex two-stage methods.
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Table 3
One-stage Top-1 accuracy gain (percentage points) of ADMG-LTR over GLMC [10], by dataset and
imbalance ratio.

Dataset | IR=100 IR=50 IR=10
CIFAR-100-LT | +0.97 +0.74 +1.21
CIFAR-10-LT | +1.53 +1.33 +1.36

Table 4
Effect of MaxNorm fine-tuning: accuracy change (percentage points) from one-stage to two-stage for
GLMC and ADMG-LTR, and the head-to-head two-stage comparison (ADMG-LTR+MaxNorm —
GLMC+MaxNorm). Negative values indicate a regression.

Comparison CIFAR 100-LT CIFAR-10-LT

P IR=100 =50 IR=10 | IR=100 IR=50 IR=10
GLMC: MaxNorm — one-stage +1.20  +1.20 +1.60 | +1.90 +0.70 +0.80
ADMG-LTR: MaxNorm — one-stage -0.17  +0.60 +1.41 | +0.35 —-0.39 —0.05
ADMG-LTR+MaxNorm — GLMC+MaxNorm ‘ -0.40 +0.14 +1.02 ‘ -0.02  +0.24 +0.51
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