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Method Setting Prior source Dynamic prior Train+Test Theory

Menon et al. [32] LT counts → post-hoc only →

Huang et al. [19] balanced online CIL counts (window) limited train only →

AdaPrior LTCIL predictions ↭ ↭ ↭

Table 7. Conceptual comparison with prior-correction methods.

7. Conceptual comparison with prior correc-

tion methods.

Table 7 contrasts AdaPrior with representative prior-
correction approaches. Static logit-adjustment methods for
long-tailed recognition [32] use dataset-level class counts
and apply a fixed post-hoc correction. More recent on-
line variants [19] allow limited adaptation through sliding-
window label frequencies, but remain count-based and are
typically applied only during training. In contrast, AdaPrior
is designed for LTCIL, where the effective class prior is in-
duced by the evolving model itself and may drift over time
due to replay imbalance and representation updates.

Rather than relying on dataset counts, AdaPrior esti-
mates the prior directly from model predictions and tracks
it online via an EMA. This enables continuous adaptation
to non-stationary posterior drift, and the correction can be
applied during both training and inference. Unlike prior
count-based formulations, AdaPrior also admits a theo-
retical interpretation. Overall, the key distinction is that
AdaPrior targets model-induced prior drift, a failure mode
not addressed by static or frequency-based correction meth-
ods.

8. Theoretical Analysis

In this section we present rigorous justification of the pro-
posed AdaPrior approach. We first provide full proofs for
Theorem 1 (post-hoc correction) and Theorem 2 (loss-based
correction) introduced in Sec. 3.3. We then establish con-
vergence properties of the EMA-based prior estimator and
derive an excess risk bound for AdaPrior.

8.1. Proof of Theorem 1 (Post-hoc AdaPrior)

[Post-hoc AdaPrior] Let Pm(y|x) denote the posterior prob-
abilities of a trained model after task ω , and P

ω
m(y) its

model-induced prior. Then the bias-corrected posterior with
correction coefficient ε→ [0, 1] is

P
(ε)
t (y|x) = Pm(y|x)·

(
Pt(y)

P ω
m(y)

)ε

·
P (x)

Pt(x)
.

Equivalently, in logit space,

z
ω (x, y) = z̄

ω (x, y) + ε(logPt(y)↑ logP ω
m(y)).

Under class-balanced evaluation (Pt(y) uniform), this re-
duces to z

(ε)
t (x, y) = z(x, y)↑ ε logP ω

m(y).

Proof. From Bayes’ theorem under the training distribution
P (x, y) we have

Pm(y|x) =
Pm(x|y)Pm(y)

P (x)
. (10)

Under the target distribution Pt(x, y),

Pt(y|x) =
Pt(x|y)Pt(y)

Pt(x)
. (11)

Assuming the model captures class conditionals well
(Pm(x|y)↓Pt(x|y)), dividing (11) by (10) yields

Pt(y|x) = Pm(y|x)
Pt(y)

Pm(y)

P (x)

Pt(x)
. (12)

Tempered correction. Because Pm(y) is estimated from
finite, evolving data, we temper the prior ratio by ε→ [0, 1]
to control correction strength:

P
(ε)
t (y|x) ↔ Pm(y|x)

(
Pt(y)

Pm(y)

)ε
P (x)

Pt(x)
.

Normalization over y gives Eq. 5. In logit space, this corre-
sponds to the additive form in Eq. 6.

Marginal correction. Integrating both sides of (12) over
Pt(x) gives
∫

Pt(y|x)Pt(x) dx =
Pt(y)

Pm(y)

∫
Pm(y|x)P (x) dx. (13)

By definition of the model prior (Eq. 4),∫
Pm(y|x)P (x) dx ↓ Pm(y), so the marginal of the

corrected model matches Pt(y). When the correction
is tempered by ε, the marginal smoothly interpolates
between Pm(y) (for ε=0) and Pt(y) (for ε=1), providing
controlled adaptation.

Fixed-point property. At equilibrium, when Pm(y) =
Pt(y), the correction term equals 1 for any ε, implying
P

(ε)
t (y|x) = Pm(y|x). Thus, the unbiased alignment

Pm(y) = Pt(y) remains the fixed point of the transforma-
tion.



Balanced-test simplification. In typical evaluation se-
tups with uniform class priors, Pt(y) cancels out, yielding

P
(ε)
t (y|x) ↔ Pm(y|x)Pm(y)→ε

,

equivalent to the practical update z
(ε)
t (x, y) = z(x, y) ↑

ε logP ω
m(y) used in our experiments.

Interpretation. The coefficient ε controls the rate, not
the target, of alignment. Larger ε enforces stronger Bayes
correction, while smaller ε moderates updates when P

ω
m(y)

is noisy or drifting. This tempering stabilizes adaptation
across sequential tasks without altering the unbiased fixed
point where Pm(y) = Pt(y).

We summarize the steps involved in post-hoc AdaPrior
as shown in Algorithm 1.

8.2. Proof of Theorem 2 (AdaPrior Loss)

[AdaPrior Loss] If LAP is optimized with accurate Pm(y),
then the resulting posterior is aligned with Pt(y|x) up to a
scale factor and has marginal bias Pt(y).

Proof. From Theorem 1 we know

Pt(y|x) = Pm(y|x) ·
Pt(y)

Pm(y)
·
P (x)

Pt(x)
.

Let Pm̄(y|x) denote the unadjusted model outputs before
correction. By definition of logit adjustment,

Pm(y|x) = Pm̄(y|x) ·
Pm(y)

Pt(y)
.

Substituting back:

Pt(y|x) = Pm̄(y|x) ·
P (x)

Pt(x)
.

Thus, Pm̄(y|x) differs from Pt(y|x) only by a normalizing
scale factor P (x)

Pt(x)
, independent of y. Therefore, its marginal

bias is
∫

Pm̄(y|x)Pt(x)dx =
Pt(y)

Pm(y)

∫
Pm(y|x)P (x)dx = Pt(y).

Optimizing LPA enforces this alignment, completing the
proof.

Algorithm 2 summarizes the steps involved in AdaPrior
Loss approach.

8.3. Excess Risk Bound

Finally, we analyze the generalization impact of correcting
priors.

Theorem 4 (Excess Risk Bound). Let P̂m(y) be the esti-
mated prior and Pm(y) the true model prior. Let R(f)
denote the expected risk under balanced test distribution.
Then the excess risk of AdaPrior satisfies

R(f̂)↑R(f↑) ↗ C · ↘P̂m ↑ Pm↘1,

for some constant C depending on the loss Lipschitz con-
stant.

Proof. Let f
↑ denote the Bayes-optimal classifier under

perfect prior correction. When using P̂m(y) instead of
Pm(y), the logit adjustment deviates by

!(y) = log
Pt(y)

P̂m(y)
↑ log

Pt(y)

Pm(y)
.

By Lipschitz continuity of the loss in logits, the difference
in risk is bounded by C↘!↘1. Using a Taylor expansion
around Pm(y) shows ↘!↘1 = O(↘P̂m ↑ Pm↘1), yielding
the stated bound.

9. EMA Convergence Analysis

This section complements Theorem 3 from the main pa-
per by providing a full derivation with the same notation
as Eq. (9).

Setup. Recall the EMA update from Eq. (9):

P
i+1
m (y) = (1↑ϑ)P i

m(y) + ϑ
1

|Bi|

∑

x↓Bi

Pm(y | x), ϑ → (0, 1).

(14)
Let Fi be the filtration up to iteration i and define the con-
ditional batch mean

M
i(y) ↫ E

[
1

|Bi|

∑

x↓Bi

Pm(y | x)

∣∣∣∣∣ Fi→1

]
. (15)

We make the standard assumptions used in stochastic ap-
proximation: (i) bounded variance Var

[
1

|Bi|
∑

x↓Bi Pm(y |

x)
]
↗ ϖ

2, and (ii) either stationarity M
i
≃M or bounded

drift ↘M i+1
↑M

i
↘ ↗ d̄.

Theorem 5 (Restatement of Theorem 3). Under (14)–(15)
with the assumptions above:
(a) Stationary case. If M i

≃M (no drift), then P
i
m ⇐M

almost surely.
(b) Drifting case. If ↘M i+1

↑M
i
↘ ↗ d̄ for all i, then

lim sup
i↔↗

E
[ ∥∥P i

m ↑M
i
∥∥] = O(ϑ) + O

(
d̄

ϑ

)
. (16)



Proof sketch (complete details). Let ei = P
i
m ↑ M

i and
write the batch-average as M i+Ni, where E[Ni | Fi→1] =
0 and E↘Ni↘

2
↗ Cϖ

2. From (14):

ei+1 = (1↑ϑ) ei+ϑNi↑(1↑ϑ)!i, !i := M
i+1

↑M
i
.

Define Vi = ↘ei↘
2. Using E[⇒ei, Ni⇑ | Fi→1] = 0 and

↘a + b + c↘
2
↗ (1 + ϱ)↘a↘2 + (1 + 1

ϑ )↘b↘
2 + C↘c↘

2, one
obtains

E[Vi+1 | Fi→1] ↗ (1↑ cϑ)Vi + C1ϑ
2 + C2

↘!i↘
2

ϑ
.

When !i = 0, Robbins–Siegmund yields Vi ⇐ 0 almost
surely. For bounded drift, taking expectations and unrolling
the recursion with constant ϑ gives EVi+1 ↗ (1↑cϑ)EVi+
C1ϑ

2 + C2d̄
2
/ϑ, implying the steady-state bound in (16).

Variable step sizes. For diminishing steps ςi→(0, 1) with∑
i ςi = ⇓ and

∑
i ς

2
i < ⇓, the same proof applies with ϑ

replaced by ςi, yielding convergence in the stationary case
and a tracking bound with ςi in place of ϑ.

Practical guidance for ϑ. Eq. (16) shows the clas-
sic trade-off: larger ϑ adapts faster but increases noise
(O(ϑ)); smaller ϑ reduces noise but tracks drift more slowly
(O(d̄/ϑ)). In practice we fix ϑ→ [0.03, 0.07] across datasets
(chosen on CIFAR100-LT once), consistent with our stabil-
ity/accuracy trends.

Initialization. The result is agnostic to P
0
m(y); initializ-

ing with class frequencies P (y) or uniform is valid and only
affects the short transient.

10. EMA Tracking Sanity Check

We validate Theorem 3 and Theorem 5 in a controlled toy
setup: a categorical prior over K = 3 classes undergoes
piecewise drifts of small magnitude every 200 iterations. At
each iteration, we sample a batch of labels from the current
prior and convert them to soft posteriors to emulate Pm(y |

x); we then update the EMA according to Eq. (14). We
report (i) true vs. EMA trajectories, (ii) L1 tracking error
over time for different ϑ, and (iii) steady-state error vs. drift
magnitude, which empirically follows the predicted O(ϑ)+
O(d̄/ϑ) trend.

Protocol. T = 2000 iterations, K = 3, batch size 256,
label smoothing toward the true prior (soft=0.2). We use
ϑ → {0.02, 0.05, 0.10} and drift magnitude max step →

{0.00, 0.01, 0.02, 0.04, 0.06}.
Transient spikes and adaptation. The small spikes visi-
ble in Fig. 6 coincide with moments when the underlying

Figure 6. True vs. EMA trajectories (K=3, ω = 0.05). The
EMA closely tracks the drifting prior; brief spikes appear when
the true prior changes, reflecting the transient adaptation predicted
by Theorem 5.

true prior drifts to a new value in the toy stream. Because
the EMA update in Eq. (14) averages over past estimates,
it cannot instantaneously follow these abrupt changes. The
temporary deviation and its exponential recovery are the ex-
pected transient response of the recursion analyzed in Theo-
rem 5: after a drift step of size !i, the error decays roughly
as (1 ↑ ϑ)k↘!i↘ for k subsequent iterations. These short-
lived spikes therefore confirm the finite adaptation speed
and bounded tracking error O(d̄/ϑ) predicted by the the-
ory.

Figure 7. L1 tracking error vs. time for different ω. Larger ω
adapts faster but with higher steady-state variance; smaller ω is
smoother but slower, matching the bound.

Takeaway. The toy results mirror the theory: EMA tracks
the underlying model-induced prior with a noise–adaptation
trade-off governed by ϑ. This supports the practical choice
of a small, fixed ϑ across datasets.

11. Generalization scope.

Although the primary experiments employ the LUCIR
backbone for fair comparison with prior LTCIL work [21,
29], the design of AdaPrior is inherently modular. Since it
requires only the model’s predicted posteriors to estimate
priors, no architectural coupling is assumed. This allows



Figure 8. Steady-state error vs. drift magnitude (fixed ω =
0.05). Error increases approximately linearly with drift, consis-
tent with O(d̄/ω).

Methods CIFAR100-LT ImageNet-subset-LT
5 Tasks 10 Tasks 5 Tasks 10 Tasks

LUCIR+CE 37.07 37.45 47.90 48.98
+AdaPrior* 42.08 41.91 54.98 56.27

PODNET 37.84 37.91 55.11 54.18
+AdaPrior* 38.93 38.35 58.95 54.79

Table 8. AdaPrior over LUCIR and PODNET on Shuffled LT set-
ting. AdaPrior* denotes the simple post-hoc only variant.

seamless integration with other continual-learning frame-
works (e.g., PODNET, DER, or transformer-based incre-
mental models) without re-training structural components.
Table 8 confirms similar gains when plugged into PODNET,
reinforcing architecture-agnostic applicability.

12. iNaturalist18-subset dataset

In this paper we propose using a realistic high imbalance
dataset to evaluate the performance of LTCIL frameworks.
We create this dataset by sampling a subset of 100 classes
from the iNaturalist18 [41] dataset widely used in the long-
tailed learning literature. Unlike other datasets iNatural-
ist18 naturally posses a high imbalance factor of the or-
der of 435 and consists of 89% of classes with number of
samples less than 100. We create the iNaturalist18-subset
dataset by maintaining this high imbalance factor. But, in-
spired from the findings in [15] that the forgetting is posi-
tively correlated with the number of samples per class, we
conclude that directly maintaining the same proportion of
tail classes in the subset will reduce the impact the imbal-
ance have on the extent of forgetting. Therefore we make
the subset sufficiently challenging for LTCIL tasks by ade-
quately sampling classes from the head and tail categories.
The proposed iNaturalist18-subset dataset consists of 100
classes with an imbalance factor of ↓ 435 and the propor-
tion of many (> 800), medium(< 800 and > 100) and few
(< 100) classes as 15%, 35% and 50% respectively.

13. Additional Experiments

Different imbalance factors on ImageNet-subset-LT: We
also substantiate the effect of different imbalance factors on
ImageNet-subset-LT dataset in Table. 9. We show results
for imbalance factors 200 and 10. One may note that sim-
ple baseline LUCIR+CE has poor performance and is in-
ferior to many baselines in the table. However, when us-
ing proposed AdaPrior Loss, the performance improves by
a significant margin and outperforms all the baselines. In
particular, for a high imbalance factor of 200, the perfor-
mance boost is 7.5% and 5.67% for 5 and 10 tasks settings,
respectively. Further, when using Full AdaPrior, there is ad-
ditional performance boost in all cases.
Full AdaPrior on large scale data: In order to depict the
versatality of our method and how well it can also help per-
form well on large scale dataset, we show our result on
the 1000 class ImageNet-LT dataset under the LFH setting.
Figure 9 shows the performance of Full AdaPrior compared
to a few prominent methods on the large scale ImageNet-LT
dataset with 1000 classes closely mimicking the continual
learning on a large scale imbalanced data. It can be clearly
seen that our approach easily outperforms other traditional
methods.
Food-101-LT We show comparative analysis in Table. 10
on Food-101-LT [7] dataset. We evaluate the performance
using different numbers of tasks for both LFS and LFH
settings. One may note that proposed approach outper-
forms existing approaches and establishes new SOTA on
this dataset. For the experiments on the Food-101-LT
dataset we follow the same protocol as in [15].
Conventional CIL We now show results on conventional
CIL setting for CIFAR100 and ImageNet-subset datasets
where the datasets are well balanced. It should be noted

Method IF=200 IF=10

5 Tasks 10 Tasks 5 Tasks 10 Tasks

iCaRL [34] 43.35 45.56 63.15 63.35
BiC [48] 38.68 36.47 60.40 48.05
IL2M [4] 42.01 41.67 54.43 52.46
SSIL [2] 43.33 40.18 60.45 56.39
EEIL-2stage [9] 45.30 44.00 57.28 55.04
LUCIR+GValign [21] 49.84 49.44 65.68 64.37
LUCIR+CE* 44.69 45.27 58.38 57.04

Bayesian Alignment

AdaPrior Loss 52.19 50.94 65.30 65.51
Full AdaPrior 53.87 52.26 66.57 66.78

Table 9. Results on ImageNet-subset-LT dataset for different im-
balance factors across multiple task settings. * denotes the repro-
duced results for LUCIR using linear classifier.



Method LFS LFH

10 Tasks 20 Tasks 5 Tasks 10 Tasks

iCaRL [34] 18.13 12.5 21.83 21.31
IL2M [4] 16.11 16.27 23.93 22.48
BiC [48] 16.94 16.81 22.8 20.75
SSIL [2] 16.86 15.65 21.65 19.03
EEIL-2stage [9] 19.75 20.02 22.65 22.83
GradReweighting [15] 29.05 26.42 36.84 36.19
LUCIR2stage [18] 27.65 24.68 36.05 35.06
LUCIR+CE* 33.14 37.01 48.56 43.21

Bayesian Alignment

AdaPrior Loss 40.24 40.3 49.63 50.77
Full AdaPrior 44.33 42.61 50.24 52.76

Table 10. Results on the Food-101-LT [7] dataset in the shuffled
LTCIL setting. We show the results on both LFS and LFH sce-
narios across different number of tasks. Baseline results used are
from [15] while * denotes the reproduced results for LUCIR using
linear classifier.

Method CIFAR100 ImageNet-subset

iCaRL [34] 47.69 60.85
EEIL [9] 51.65 53.05
IL2M [4] 51.49 51.47
BiC [48] 33.56 58.57
WA [55] 35.62 56.95
SSIL [2] 43.52 59.30
LUCIR [18] 59.25 62.56
PODNet [12] 60.50 61.41
FOSTER [42] 59.54 63.82
Gradreweighting [15] 59.31 67.32
LUCIR+LWS* [29] 60.57 66.47
LUCIR+GVAlign* [21] 61.23 66.60

Bayesian Alignment

AdaPrior Loss 61.57 67.39
Full AdaPrior 63.00 69.90

Table 11. Result of our approach on conventional CIL setting
using LFH setting for 10 tasks settings. * denotes the results
from [21] while the remaining baselines are from [15].

here that, in case of conventional CIL there still exists an
imbalance between new task samples and old task sam-
ples. In Table. 11 we show results of AdaPrior approach
with other baselines. Proposed AdaPrior loss already out-
performs all the baselines and the final Full AdaPrior out-
performs the closest baseline by 1.77% and 2.58% for CI-
FAR100 and ImageNet-subset datasets,respectively.

Figure 9. Results on large scale ImageNet-LT dataset with 1000
classes LFH setting.

Algorithm 1 AdaPrior Post-hoc Algorithm
Input:

Model ”ω after task ω

Validation data D
ω
val =

(
x
ω
i , y

ω
i

)nω

i=1
Model prior on Training data D

ω

Pm(y) = 1
|Dω |

∑
x↓Dω ”ω (x).

Output:

Post-hoc aligned model ”a
ω

Start:

Compute Pt(y)

Pt(y) =
1
nω

∑nω

i 1hot(yi)

Align the logits

for (ε = 0,ε < 1.0,ε+ = 0.01) do

y
pred
i = ArgMax

(
”ω (xi).


Pt(y)
Pm(y)

ε


A = Get Average Acc
(
y
ω
i , y

pred
i

)nω

i=1

if A is the best
ε
↑ = ε

end for

”a
ω =


Pt(y)
Pm(y)

ε→

.”ω

Return ”a
ω

End

14. Discussion

It should be noted that, under ideal conditions, AdaPrior
loss should be enough to remove the effect of data imbal-



Algorithm 2 AdaPrior Loss Algorithm
Input:

Model ”ω→1 at task ω ↑ 1
Validation data D

nω
val =

(
x
ω
i , y

ω
i

)ω
i=1

Output:

Model ”ω trained using AdaPrior Loss on ω tasks

Start:

Initialize Model, ”ω = ”ω→1

Initialize P
0
m(y) = P (y)

Train using AdaPrior Loss

for (i = 1, i < niter, i+ = 1) do

Compute P
i
m(y)

P
i
m(y) = (1↑ϑ)P i→1

m (y)+ϑ
1

|Bi|
∑

x↓Bi Pm(y|x)

z̄(x, y) = ”ω (x)

Compute Loss

LAdaPrior = ↑ log

(
e
z̄(x,y)+log

Pm(y)
Pt(y)

∑
k e

z̄(xk,k)+log
Pm(k)
Pt(k)



Compute gradients ⇔(LAdaPrior)
Update parameters ”ω ↖↑ ⇔(LAdaPrior)

end for

Return ”ω

End

ance and Full AdaPrior should not result in any significant
improvements. However, due to practical considerations,
AdaPrior loss, although achieving superior performance, is
not able to fully remove the model bias and when post-hoc
AdaPrior is applied, the residual bias is removed result-
ing in improvements. As mentioned in the paper this us-
age of post-hoc AdaPrior applied on a model trained using
AdaPrior loss is called the Full AdaPrior.

We summarize steps involved in AdaPrior Loss and post-
hoc AdaPrior in the form of an algorithm as shown in Algo-
rithms 1 and 2.
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