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Supplementary Material

A. Overall Training Procedure

We summarize the complete optimization process of our
framework in Algorithm [. It outlines how the baseline
logit-adjusted loss and the two binary logit-adjusted terms
are jointly optimized within each minibatch.

Algorithm 1: CUE:Concept-Aware Multi-Label
Expansion

Input: Training set D = {(z;,y;)}, class prior 7,
CLIP model 67, LLM prior '™

Output: Optimized model parameters ©

for each minibatch (x;,y;) do

2 Compute logits by model: 0(x;) = f(x;;©)

3 | Compute L4 by Eq. (5).

-

4 | VLM prior: t2 = L{.c ) UTop-k(6=(x:))}
5 LLM pl‘iOl‘: ﬂlm = l{ce{y,-,}U/\/“m(yf)}
6 | Compute £ and LB by Eq. (6).

7 Joint optimization: Combine all terms:

L=/ + )\ZSAC]\S/B\A,[ + )\“m,CEbC[

8 Update © <~ © — Vel
9 end

B. Proof of Logit Adjustment Formulation

B.1. Proof of LA

Consider a long-tailed training distribution
Ptrain(w>y)a Rrain(y = C) = Te¢,

where . is the empirical class prior. Under the training
prior, Bayes’ rule gives

-Ptrain(yzc|x)O(P('r|y:C)7Tm

while under the desired balanced prior

1 1
Pua(y=c) == Pbal(y=c|a:)o<P(a?|y=c)5.

C )
Dividing the two posteriors yields

Prain =C|T
Poaly = ¢ | z) x %

Assume the model outputs logits ..(x) such that

exp(fe(7))
> exp(8;(x))

we obtain the balanced-posterior form

Pran(y =c|x) = = softmax.(6(x)),

exp(fe(x) — log mc)
>k exp(Ok(z) — log k)
= softmax(f.(z) — log 7).

Pu(y=c|z) =

Thus we define logit-adjusted logits
0.(x) = 0.(x) + Tlog 7.,

where 7 is a temperature coefficient: 7 < 0 is used during
training, while 7 > 0 is used as a post-hoc adjustment dur-
ing testing. Applying cross-entropy on 6'(x) yields the LA
loss in Eq. (5).

B.2. Proof of BLA
For the multi-label setting, each class c is associated with a
binary variable z. € {0, 1}, with
-Ptrain(zc = ]-) = Rmin(y = C) = Te¢,
and the balanced prior
1
el
Analogous to the multiclass case, Bayes’ rule gives the pos-
terior relation

Phal(zc = 1)

Pbal(zc =1 | x)
Assuming the model outputs logits 6.(x) such that
Pain(2e = 1| z) = 0(0c()),
we obtain the exact balanced posterior logit:
Poa(ze =1]x)
Pbal(zc = 0 | l‘)

1
= QL(I) + IOg CC:]_ - lOg
c

0°(z) := log

Te

1—m,

= 0.(z) + log Te

L 1
c—1 °®
In long-tailed learning settings, C' is typically fixed. Un-
der this regime, the balanced logit reduces to the following
long-tailed approximation:

1—m.

0% () ~ 0.(x) — log 7. + log(1 — 7.) + const,



where the constant term is class-independent and thus does
not affect class-wise relative preference. At this point, the
balanced logit for the binary case can already be used di-
rectly for training. However, noting that the term — log 7 is
the dominant class-dependent factor under long-tailed pri-
ors, and in order to maintain consistency with the multiclass
LA formulation (thus simplifying implementation), we adopt
the same prior-adjustment form as LA:

ép(x) =0.(x) + 7 log 7,

where 7, is a temperature coefficient (typically 7, < 0 dur-
ing training). Applying binary cross-entropy to 0.(x) with
multi-label targets ¢; . yields the BLA loss in Eq. (6).

C. Additional Results on Different Top-%£ Set-
tings

In addition to the main results reported in the paper, we fur-
ther evaluate the effect of different Top-% selections used
in constructing VLM-based instance cues. Experiments are
conducted on both ImageNet-LT and Places-LT, with k& €
{10,20,50}. The results in Table 10 show that CUE re-
mains consistently stable across different & values on both
benchmarks.

Table 10. Results under different Top-£ settings. We report All /
Many / Medium / Few performance.

Top-k | Al Many Med. Few
ImageNet-LT
Top-10 775  80.3 764 734
Top-20 715  80.2 76.3  73.6
Top-50 715 802 76.5 732
Places-LT
Top-10 51.7 506 522 524
Top-20 51.6 506 521 525
Top-50 51.6 509 522 514

D. Extension to Additional Benchmarks

To further assess the generality of CUE beyond the bench-
marks reported in the main paper, we extend our evaluation
to Places-LT and ImageNet-LT. We conduct experiments
using both PEFT-based adaptation methods and from-scratch
training baselines, As shown in the following sections.

D.1 Results on Places-LT

As shown in Table 11, CUE consistently brings improve-
ments across different adaptation paradigms, especially on
the Few-shot categories. For the from-scratch setting, fol-
lowing prior work[8, 22], we adopt a ResNet-152 back-
bone initialized from an ImageNet-pretrained checkpoint
and train the model for 30 epochs using a cosine learning
rate schedule from 0.1 to 0.

Table 11. Results on Places-LT using PEFT methods and from-
scratch baselines. We report All / Many / Med. / Few performance.

Method | Al Many Med. Few

PEFT
LoRA [16] 51.0 505 519 50.0
+ CUE 511 504 51.7 508
VPT-shallow [19] | 49.2  49.5 51.0 446
+ CUE 49.2 485 50.8  46.9
VPT-deep [19] 50.9 50.8 51.8 49.0
+ CUE 509 50.7 51.3 503
Adapter [15] 51.3 511 52.0 50.0
+ CUE 51.3 505 51.8 51.6

From Scratch
LA [30] 37.0 42.0 36.9 28.7
+ CUE 373 420 37.0 30.0
ResLT [8] 356  34.6 39.3  30.0
+ CUE 36.6 324 40.8 35.0

D.2 Results on ImageNet-LT

We further evaluate CUE on ImageNet-LT to examine its ef-
fectiveness across different settings. As shown in Table 12,
CUE consistently improves performance for both PEFT-based
methods and from-scratch baselines, with clear gains on
medium- and few-shot categories. For the from-scratch ex-
periments, we follow the standard ImageNet-LT protocol
and train a ResNet-50 backbone for 90 epochs using SGD.
The learning rate is initialized at 0.1 and annealed to O using
a cosine decay schedule.

Table 12. Results on ImageNet-LT using PEFT methods and from-
scratch baselines. We report All/ Many / Med. / Few performance.

Method | Al Many Med. Few

PEFT
LoRA [16] 758 787 752 700
+CUE 763 789 757 709
VPT-shallow [19] | 742 779 739 653
+CUE 747 717 744 671
VPT-deep [19] 76.1 786 754 712
+CUE 763 788 757 718
Adapter [15] 769 802 759 712
+CUE 772 800 762 727

From Scratch
LA [30] 49.1 59.8 46.6 289
+CUE 494 598 468 30.1
ResLT [8] 469 522 473 314
+CUE 476 522 481 33.7




E. Multi-Label Mappings
E.1. LLM-based Class-level Mappings

We provide examples of the expanded multi-label targets
generated by the LLM prior. All semantic neighbors are ob-
tained using the Qwen-plus model, queried with the prompt
described in Section F. The mappings below illustrate how
concept-level similarity leads to meaningful auxiliary labels
that enrich the supervision signal.

Table 13. Examples of LLM-based cues produced by Qwen-plus.

Class | Expanded Cues

apple [orange, pear, mushroom,
sweet_pepper]

[dolphin, shark, trout,
ray, seall]

[maple_tree, oak_tree,

pine_tree, palm_tree,

aquarium-fish

willow_tree

forest]
woman [man, girl, boy, baby]
worm [snail, snake, spider,

beetle, caterpillar ]

E.2. VLM-based Instance-level Mappings.

We also visualize the instance-level expansions generated
from the VLM prior. Each figure shows one input image
along with the top-5 VLM cues used as additional labels.

orange boy
pear girl
rose man
sweet pepper woman
bee baby apple
forest bottle
maple tree cup
pine tree girl
= willow tree mouse
oak tree apple woman bee
kangaroo mountain
s lion | | palm tree
raccoon ! pine tree
tiger sea
fox wolf willow tree | skyscraper

Figure 6. Example VLM-based cues for the query images.

F. Prompts Used for Querying the LLM

We use the following prompt template to obtain cues from
the LLM. The prompt is shown below. The red-highlighted

placeholders will be dynamically replaced with real values.

You are given a complete list of all.classes:

{all_classes}

Task: Find similar classes for {batch},
using items from the complete list
above.

Requirements:

- Return a valid JSON object only.

— Use the following format:
["similarl", "similar2"], "class2":
["similarl", "similar2"] }

— Only choose from the provided complete

list.

— Output JSON only, no additional
explanation.

G. Token Usage Statistics

We report the total token usage incurred during the gener-
ation of LLM-based cues. For each dataset, class names
are grouped into batches and queried using the prompt de-
scribed in Section F. Table 14 summarizes the approximate
number of tokens used for each dataset.

Table 14. Approximate token usage for LLM-based neighbor gen-
eration.

Dataset #Classes | Total Tokens
CIFAR100-LT 100 ~8.4K
Places-LT 365 ~85.6K
ImageNet-LT 1000 ~539.6K
iNaturalist 8142 ~57.3M

All token costs remain inexpensive under modern LLM
API pricing, and the process needs to be performed only
once per dataset.

{ "classl":



