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Abstract

Vision-Language Models (VLMs) perform
well on general multimodal tasks, yet applying
them to real-world advertisement (ad) evalua-
tion is challenging due to strong brand speci-
ficity and limited labeled data. We introduce
a new practical task, brand-specific ad rank-
ing, which aims to rank ads for a target brand
prior to deployment by modeling brand-specific
effectiveness. To this end, we propose ADVI-
SOR, which derives explicit brand-aware de-
cision criteria using VLMs, augments limited
brand context with ads from similar brands,
and applies reflection-based scoring for rank-
ing. Experiments on real-world advertising
data from 10 brands, collected from actual
ad campaigns, show that ADVISOR outper-
forms strong baselines by up to 7.2%. Fur-
ther analyses show the generated criteria cap-
ture meaningful brand specificity, and ADVI-
SOR also performs strongly in online A/B test-
ing. Our code is available at https://github.
com/K-Kyungho/ADvisor.

1 Introduction

While VLMs achieve strong performance on gen-
eral multimodal tasks (Radford et al., 2021; Liet al.,
2022; Liu et al., 2023; Anthropic, 2025; Google,
2023), applying them to real-world business deci-
sions is nontrivial, as such decisions are guided
by specific business-related objectives rather than
generic visual-textual understanding.

In this context, we introduce a new real-world
task, brand-specific ad ranking, where the goal
is to rank new ads for a target brand before de-
ployment, under two key challenges: (C1) Data
scarcity: creating ads requires substantial time,
budget, and professional effort, and performance la-
bels are only available after running campaigns, re-
sulting in limited brand-specific ads and even fewer

*Equal contribution. fCorresponding authors. A prelim-
inary version of this work was presented at the ICLR 2026
Workshop on Navigating and Addressing Data Problems for
Foundation Models, which is non-archival.

3{hs.lee, mhsong}@madup.com

labeled examples. (C2) Lack of decision criteria:
Ad effectiveness is highly brand-specific, shaped
by distinct brand identities, target audiences, and
marketing goals, requiring brand-specific decision
criteria beyond general visual—textual relevance,
yet such criteria are rarely explicitly defined.

To address these challenges, we propose ADVI-
SOR, which explicitly generates brand-aware eval-
uation criteria from brand information and a few
sample ads using VLMs, directly addressing (C2).
These criteria make explicit what constitutes a good
ad for the target brand and guide the scoring of new
ads. To mitigate (C1), ADVISOR augments the lim-
ited context for the target brand with sample ads
from similar brands during the criteria generation.
The resulting criteria are then used for reflection-
based scoring, and the resulting scores are used as
input features to produce the final ranking of ads.

We evaluate ADVISOR on real-world advertis-
ing data collected from 10 brands, where each ad is
associated with performance labels collected from
actual ad campaigns. Results show that ADVISOR
outperforms strong baselines by up to 7.2% in rank-
ing performance, and it also performs strongly in
online A/B testing, even compared to human ex-
perts. Both numerical comparisons and case studies
confirm that the generated criteria capture mean-
ingful brand-specific evaluation standards.

Our contributions are summarized as follows:

¢ New problem: We introduce brand-specific ad
ranking, a practical business task that requires
ranking ads for a target brand.

* Novel solution: We propose ADVISOR, which
leverages VLMs to generate brand-aware evalua-
tion criteria by augmenting the context with ads
from similar brands, and applies reflection-based
scoring for final ranking.

* Empirical validation: We validate the effective-
ness of ADVISOR through extensive experiments
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on real-world advertising data, including case
studies and online A/B testing.

2 Related Works

Click-through rate prediction. Click-through
rate (CTR) prediction aims to estimate the prob-
ability that a target user clicks on a given ad (or
item) (He et al., 2014; Cheng et al., 2016). Such
personalization depends on large-scale user—ad in-
teraction logs (Guo et al., 2017; Mao et al., 2023a;
Zhang et al., 2025; Li et al., 2025), which are
typically available only to platform owners (e.g.,
Google, Meta) that serve ads to users. In contrast,
our problem is motivated by advertisers who cre-
ate or select ads for target brands or products. For
advertisers, the available data is very limited, often
consisting of only a small number of past ads with
performance labels. This requires a fundamentally
different approach from CTR prediction.

Social media popularity prediction. Social me-
dia popularity prediction aims to forecast the future
popularity of posts, such as the number of views or
likes (Wu et al., 2017; Lin and Lee, 2024; Xu et al.,
2025; Zhuang et al., 2025). Most approaches are
supervised, relying on large-scale, general-domain
social media datasets. In contrast, our problem pre-
dicts business-critical performance metrics, such
as CTR, cost per click (CPC), and cost per mille
(CPM), which are typically not publicly accessible.
Combined with the brand-specific nature of our
task, this leads to severe data scarcity and makes su-
pervised learning ineffective. Moreover, encoders
trained for social media popularity prediction are
suboptimal for ad ranking, as shown in Section 5.2.

Advertisement understanding and evaluation.
Prior work frames ad understanding as a reason-
ing task, showing that VLMs struggle with high-
level persuasive intent (Malakouti et al., 2024),
and studies supervised ad performance prediction
with LLM-based post-hoc explanations (Yang et al.,
2025). In contrast, we study brand-specific real-
world ad ranking beyond brand-agnostic analysis,
where data scarcity is severe and supervised train-
ing becomes suboptimal, as shown in Section 5.2.

3 Task Formulation

Let B denote the set of brands. For each brand
b € B, we are given a description dj, of the brand,
and a labeled dataset H;, = {(v;, t;, yi)}fvz"l, con-
taining Nj, tuples, each corresponding to an ad of

the brand. Each tuple consists of multimodal com-
ponents: (i) v;, the visual content (e.g., images
or video frames), (ii) ¢;, the textual content (e.g.,
captions and headlines), and (iii) y;, the marketing
performance metric (i.e., performance label), such
as CTR, CPC, and CPM. Given a target brand b
and a set of new ads Hiest = {(v;, t;) jj‘/il with-
out performance labels, the goal of brand-specific
ad ranking is to rank these ads by their expected
marketing performance prior to deployment.

Practical relevance. This problem directly cap-
tures a core task faced by real-world advertising
agencies. Deciding which ads to deploy is a high-
stakes business decision: ad production and cam-
paign execution are costly, and replacing under-
performing ads after deployment adds further cost
and delay. Thus, reliable pre-deployment rank-
ing is critical. Since agencies typically manage
campaigns for multiple brands, labeled data across
brands are naturally available within the same
agency, motivating our cross-brand setting.

4 Method

In this section, we propose ADVISOR for brand-
specific ad ranking. ADVISOR consists of three
steps: (i) brand-specific criteria generation with
cross-brand context augmentation, (ii) self-critique
and refinement for scoring, and (iii) brand-specific
ranking. ADVISOR is outlined in Figure 1. Input
prompts are given in Appendix A.

4.1 Brand-specific Criteria Generation with
Cross-Brand Context Augmentation

Due to Challenge C2 in Section 1, naively applying
a VLM to directly rank ads is ineffective, even with
few-shot demonstrations (see Section 5.2). Without
explicit guidance on what defines an effective ad for
a particular brand, a VLM tends to rely on generic
visual or textual cues, such as overall aesthetics or
sentiment, failing to capture brand specificity.

The key idea of ADVISOR is to make such brand-
specific decision criteria explicit by constructing a
set of brand-aware evaluation criteria using VLMs.
To elicit these criteria, we first build a contrastive
few-shot context from the target brand’s past ads
by partitioning them into high-, medium-, and low-
performance groups based on their performance la-

bels.” This contrastive setup encourages the VLM

*When the number of ads is too large to be processed
jointly by a VLM, we sample a fixed number from each group.
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Figure 1: Overview of ADVISOR. It consists of three steps: (1) brand-specific criteria generation, (2) self-critique

and refinement, and (3) brand-specific advertisement ra

to identify visual or semantic attributes that distin-
guish successful ads from less effective ones.

However, due to Challenge C1 in Section 1, rely-
ing solely on the target brand often yields too few
ads with performance labels to induce stable and
diverse decision criteria. To mitigate this challenge,
ADVISOR incorporates labeled ads from brands
that are similar to the target brand, a process we
call cross-brand context augmentation. To identify
similar brands, we compute a brand embedding
zp | using brand descriptions (dp), and define the
set of similar brands as those with cosine similarity
greater than a threshold 7, as follows:

S(b) = {b’ € B\ {b} | cos(zs,zy) > T} (1)

Among the similar brands, we select up to n
of the most similar brands, denoted by S,, (), and
construct their sample ads in the same manner as
for the target brand. Importantly, these ads are not
directly provided as few-shot examples for the tar-
get brand. Instead, the VLM reasons over them to
extract high-level, performance-relevant insights,
which are subsequently used as auxiliary guidance
(see Appendix C.3 for examples of extracted in-
sights). Formally, the brand-specific criteria gener-
ation process is defined as

Cb = VLM(,]-geny dba 517’ {qs(gb*)}b*esn(b))’ (2)

where the output C;, = {ci,...,c,} denotes the
generated set of brand-specific evaluation criteria,
Tgen 1s a task description specifying the objectives
of the ad ranking task and criteria generation, &,
represents few-shot examples sampled from past
ads of the target brand, and ¢(&-) provides aux-
iliary context derived from each brand b* similar

"We use text-embedding-3-large as our embedding model.

nking.
to the target brand. Examples of the brand-specific
evaluation criteria can be found in Section 5.4.

4.2 Self-critique and Refinement for Scoring

Given the generated criteria Cp, the VLM scores
each ad based on its visual and textual content. As
single-pass evaluation may produce inconsistent
or weakly grounded judgments, especially when
multiple modalities are considered jointly (Zhong
et al., 2024; Sarkar et al., 2025), we formulate scor-
ing through self-critique and refinement (Li et al.,
2024; Zhang et al., 2024), where initial assessments
are revisited and refined. The scoring pipeline con-
sists of three sub-steps: (i) initial scoring, (ii) self-
critique, and (iii) final refinement.

Sub-step 1: Initial scoring. For each ad i, we
first prompt a VLM to evaluate the ad by assigning
an integer score from 1 to 5 with respect to each
generated criterion. This step produces an initial
score vector along with an explicit textual rationale:

3)

where eiz-nit € R¥ denotes the initial scores of ad-
vertisement 1, riinit denotes the corresponding ra-
tionale, and 7ini¢ denotes the role specification and
evaluation instructions provided to the VLM.

init
7

e, riM = VLM (Tinic, Co, vi, i),

Sub-step 2: Self-critique. Next, we introduce
a critic VLM that verifies the validity of the ini-
tial scoring by assessing whether each criterion-
specific score is properly grounded in the observed
visual and textual evidence. Specifically, the critic
checks for internal inconsistencies, missing visual
grounding, or over-interpretation. Formally, this
process is defined as

init
)

rzc'm — VLM (7Eri; ei.ni‘ Cp, Vs, ti)y 4)

, T
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where "t represents the critique of the initial

scores and rationales, and 7. denotes the critic
role specification provided to the VLM.

Sub-step 3: Final refinement. Lastly, the VLM
performs self-refinement by explicitly reflecting on
the critique feedback réfit and revising the initial
score accordingly as follows:

e, = VLM (7;11131, e%nit’ rzqrit’ Cb, Vi, ti) s (5)
where the output e; € RX represents the final re-
fined score vector for ad ¢ after refinement, which
serves as features for the downstream ranker. No-
tably, these features, together with the generated
evaluation criteria, are human-interpretable.

4.3 Brand-Specific Ranking

Given the score vector e;, ADVISOR performs
brand-specific ad ranking using a trainable ranker.
While using a VLM as the final ranker is a possi-
ble alternative, it yields lower overall performance
(see Section 5.3), indicating that although VLMs
can provide high-level, performance-related scores,
learning fine-grained ranking functions still bene-
fits from supervised learning. Considering label
scarcity, we use a lightweight model as a ranker.
Specifically, for each brand b, we train a 3-layer
MLP so that it maps the generated score vector of
each ad i to its final relevance score s; as follows:

si = MLPy(e;). ©6)

Training loss. For training, we adopt a pairwise
ranking loss. Let y; denote the target performance
label (e.g., CTR, CPC, and CPM) of each ad <.
For each ad pair (7, j) of the target brand such that
Yi > y;, the corresponding loss term is defined as:

Li; = log (1 + exp(—(s; — sj))). @)
The final loss sums £;; over all such ad pairs.

5 Experimental Results

In this section, we review our experiments to an-
swer the following questions:

RQ1. Performance comparison: Does ADVISOR
yield more accurate brand-specific advertisement
rankings than the baselines?

RQ2. Ablation study: How does each component
of ADVISOR contribute to performance?

RQa3. Case study: Does ADVISOR generate rea-
sonable and effective brand-specific criteria?

Table 1: Dataset statistics.

Category‘ Beauty ‘ Fashion ‘Platform
Band |[A B C D E F|[A B C| A
# train 8 51510 6 733 99 33| 34
# test 10 10 10 10 10 10|10 10 10| 10

Total \18 15 25 20 16 17\43 109 43\ 44

RQ4. Online A/B testing: How does ADVISOR
perform in practice compared to human experts?
RQS. Hyperparameter analysis: How do the
hyperparameters of ADVISOR affect performance?

5.1 Experimental Settings

We first describe the experimental settings.

Real-World advertising data. We evaluate AD-
VISOR on real-world ads from 10 brands across
beauty, fashion, and platform categories (avg. 35
ads per brand). Each ad is labeled with three perfor-
mance metrics—click-through rate (CTR), cost per
click (CPC), and cost per mille (CPM)—collected
from actual deployment of the ads on Instagram.
For each brand, the 10 most recent ads are held
out for testing and the rest for training, with their
counts reported in Table 1.

Performance labels. We use the following stan-
dard metrics as performance labels for ad ranking:

* Click-Through Rate (CTR): This user engage-
ment measure is defined as the ratio of clicks to
impressions (i.e., clicks/impressions). Higher
CTR indicates stronger user interest in the ads.

* Cost Per Click (CPC): This cost efficiency mea-
sure is defined as the average cost per click (i.e.,
spend/clicks). Lower CPC values indicate more
cost-efficient ads.

* Cost Per Mille (CPM): This exposure efficiency
measure is defined as the cost per 1,000 impres-
sions (i.e., 1,000x spend/impressions). Lower
CPM values indicate more efficient exposure.

In online A/B testing, we use an additional metric,
Return on Ad Spend (ROAS). This return-based
performance measure is defined as the ratio of ad-
vertising revenue to advertising cost (i.e., 100 x
revenue/cost). A higher ROAS indicates more effi-
cient revenue generation per unit of ad spend.

Baselines. We compare ADVISOR against twelve
baselines, categorized into two groups.
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Table 2: (RQ1) Performance on brand-specific advertisement ranking. All reported results are averaged over three

runs and scaled by 100 for readability. The best results are in bold, and the second-best results are underlined.

Measure Metric‘ MLP VIM (Zero-shot) -~ VLM (Few-shot) - \,ovy  pCsF MMF | ADVISOR
‘TVT+VTVT+VTVT+V \

CTR |42.78 52.56 41.98 31.89 36.09 41.76 36.90 35.15 39.36 39.17 2454 3998 | 5232
NDCG CPC [55.68 61.33 50.72 49.39 62.12 62.80 55.11 66.05 65.02 6428 4853 6320 | 68.55
@1  CPM [57.93 60.96 6622 63.88 62.83 63.00 68.11 69.00 65.62 72.83 7543 69.26| 70.79
Avg |52.13 5829 5297 4838 53.68 55.85 53.37 56.74 56.67 58.76 49.50 57.48 | 63.89
CTR |55.95 52.58 51.64 44.88 46.88 5030 45.51 48.14 4926 47.59 4343 4838| 56.00
NDCG CPC |60.94 63.03 57.80 56.30 66.93 65.19 59.20 6525 67.68 62.86 6450 66.85| 67.23
@3 CPM |66.16 66.58 69.19 70.68 65.85 64.62 71.08 73.55 69.96 72.85 7670 7023 | 7321
Avg |61.01 60.73 59.55 57.29 59.89 60.04 58.59 62.31 6230 61.10 61.54 61.82| 65.48
CTR |63.50 56.92 56.66 53.91 58.09 54.46 53.94 57.19 53.56 5437 52.14 57.86| 63.84
NDCG CPC |63.58 66.68 6431 63.16 68.70 67.67 64.68 67.70 67.40 69.76 67.12 70.03 | 70.23
@5 CPM |73.58 74.50 7329 71.93 69.98 67.88 72.16 73.57 73.02 7322 79.40 7491 | 7645
Avg |66.89 66.03 64.75 63.00 65.56 6333 63.60 66.16 64.66 6578 66.22 67.60| 70.17
Total  Avg [60.01 61.68 59.09 56.22 59.71 59.74 58.02 61.74 61.21 61.88 59.09 62.03| 66.51

* Basic multimodal baselines: We consider sim-
ple ranking models under three input configura-
tions: (i) text only (T), (ii) visual only (V), and
(iii) text+visual (T+V). MLP-based rankers use
modality-specific representations* as inputs to a
3-layer MLP. VLM-based rankers directly infer
rankings from raw textual and/or visual inputs.
For VLM-based rankers, we evaluate zero-shot
and few-shot variants that include randomly sam-
pled examples from the target brand.

* Social media popularity prediction baselines:
We include three representative methods pro-
posed for social media popularity prediction (see
Section 2): DEVL (Wu et al., 2022), ECSF (Mao
etal., 2023b), and MMF (Lin and Lee, 2024). We
obtain multimodal representations of ads using
their pretrained encoders, without updates, and
train a separate ranker that maps these represen-
tations to ranking scores. As the ranker, we use
either a 3-layer MLP or LightGBM (Ke et al.,
2017), choosing the option with better overall
performance for each method.

We use GPT-4.1-mini as the default backbone for
ADVISOR and VLM-based rankers. We test ADVI-
SOR with more backbone VLMs in Appendix D.2.

Evaluation metrics. For evaluation, we report
normalized discounted cumulative gain (NDCG)
at cutoff levels k& € {1,3,5} with respect to each
performance label (CTR, CPC, and CPM).

*We use CLIP VIT-B/32 model as pretrained encoder.

Refer to Appendix B for implementation details
and hyperparameter settings.

5.2 RQl. Performance comparison

We compare ADVISOR with baselines on the task
of brand-specific advertisement ranking. Table 2
reports the average performance across all brands,
and results for individual brand categories are pro-
vided in Appendix D.1.

ADVISOR achieves the best overall ranking per-
formance, with an average improvement of 7.2%
over the strongest baseline. In particular, its su-
periority over zero-shot and few-shot VLM-based
rankers indicates that the advanced use of VLMs
by ADVISOR is essential beyond basic usage.

Comparisons among baseline methods reveal
several interesting observations. First, comparisons
among VLM-based ranker variants demonstrate the
importance of visual features over textual ones in
this task, as well as the benefit of few-shot demon-
strations. Second, VLM-based rankers do not con-
sistently outperform MLP-based counterparts, indi-
cating that this task remains challenging for VLMs,
especially without advanced utilization.

Notably, all methods perform better on CPM
and CPC than on CTR, as CTR is more affected by
user-level variability and is harder to predict.

5.3 RQ2. Ablation study.

To evaluate the effectiveness of the individual com-
ponents, we examine five variants of ADVISOR:
(i) ADVISOR-AB: Criteria are generated with con-
text augmentation using a// brands.
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Table 3: (RQ2) Ablation study of ADVISOR. Results
are averaged across performance metrics and three runs,
and scaled by 100 for readability. The best results are
in bold, and the second-best results are underlined.

Method |NDCG@1 NDCG@3 NDCG@5 Avg

ADVISOR ‘ 63.89 65.48 70.17  66.51
-AB 54.10 60.32 65.13  59.85
-CB 56.25 62.02 67.82  62.03
-PR 57.78 64.20 68.49  63.49
-RE 44.22 51.37 58.58  51.39
-RA 51.29 58.56 63.35 57.73

(iii) ADVISOR-CB: Criteria are generated using
only the target brand’s description and ads, without
cross-brand context augmentation.

(ii) ADVISOR-PR: Criteria are generated via cross-
brand context augmentation; however, instead
of using private performance labels from similar
brands, augmentation relies solely on public data
(i.e., brand descriptions and ads).

(iv) ADVISOR-RE: Ads are scored via single-pass
VLM inference, without critique and refinement.
(v) ADVISOR-RA: A VLM performs ranking
based on the generated criterion-specific scores,
without a trainable ranker (i.e., an MLP).

As shown in Table 3, ADVISOR outperforms all
variants, showing the effectiveness of its individual
components. The largest drop occurs in ADVISOR-
RE, showing the critical role of self-critique and
refinement. ADVISOR-AB underperforms ADVI-
SOR-CB, suggesting that, without careful selection,
information from other brands can introduce noise.
ADVISOR-PR outperforms ADVISOR-CB, indi-
cating that even without private ad performance
labels, context augmentation using public informa-
tion from similar brands remains effective.

5.4 RQ3. Case study.

To examine whether the brand-specific evaluation
criteria generated by ADVISOR are truly brand-
specific and effective, we conduct two case studies.

Case study 1: Qualitative analysis of brand-
specific criteria. As shown in Figure 2, the gener-
ated criteria for fashion brand A, favored by trend-
conscious female consumers, emphasize human
presence and headline text hook, reflecting a strat-
egy focused on visual appeal and attention capture.
In contrast, for fashion brand B, a more widely
recognized everyday-wear brand, the criteria em-
phasize logo prominence and contextual relevance
(e.g., seasonal fit), prioritizing visible brand iden-
tity and relatable daily usage contexts. This demon-

Human Presence
High-performing advertisements
feature a visible person with
clear facial presence or eye
contact ... capturing attention.

Logo Prominence
Clear and dominant display of
the brand logo or signature
mark ... brand identity cues and
increases engagement.

@ Fashion Brand B

¢+ Fashion Brand A

Headline Text Hook
On-image headlines enable
immediate ... comprehension
and are positively associated
with higher engagement.

Contextual Relevance
Showing clear use cases or

seasonal cues, such as ... lifestyle
scenarios, helps viewers
understand applicability.

Figure 2: (RQ3) Brand-specific evaluation criteria for
fashion brand A and B, generated by ADVISOR.

Brand-mismatched
(category-mismatched)

Brand-mismatched

Brand-matched
u u (category-matched)

0.7
0.671 0.658
- 0.6 0.601
® 0.574
§ 0.531
0.5
2 0.456
0.4
Criteria Fashion A Fashion B Beauty C |Beauty C Beauty A Fashion B
Evaluate Fashion A Fashion A Fashion A|Beauty C Beauty C Beauty C

Figure 3: (RQ3) Effectiveness of brand-specific criteria,
compared with criteria generated for other brands within
the same category or from different categories. Results
are averaged across performance metrics and three runs.

strates that the generated criteria indeed capture
brand specificity rather than being generic. Addi-
tional cases are provided in Appendix C.1.

Case study 2: Quantitative analysis of brand-
specific criteria. We evaluate the effectiveness
of the generated brand-specific criteria by compar-
ing them with criteria generated for other brands
under three settings: (i) brand-matched, where
ads are evaluated using criteria generated for the
target brand, (ii) brand-mismatched but category-
matched, where criteria generated for a differ-
ent brand within the same brand category are ap-
plied, and (iii) brand-mismatched and category-
mismatched, where criteria generated for a brand
from a different brand category are used. The first
setting is the intended use of ADVISOR, while the
second and third serve as baselines.

Figure 3 shows performance results for fashion
brand A and beauty brand C. In both cases, brand-
matched criteria achieve the best performance;
same-category criteria degrade performance, and
mismatched-category criteria cause a larger drop.
This brand specificity and effectiveness of the gen-
erated criteria are consistently observed across
other evaluation metrics (see Appendix C.2).
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Table 4: (RQ4) Online A/B testing results for fashion
brand A. The best performance is in bold.

Method \ CTR{ CPCJ| ROAS?T
Human Marketers | 8.37% 428 1,070%
ADVISOR 10.14% 231 1,219%

Improvement (%) \21.15% 46.03% 13.93%
5.5 RQ4. Online A/B testing.

To examine effectiveness in practice, we present
online A/B testing results on Instagram. Unlike
prior results based on historical data, online A/B
testing more strictly controls external factors (e.g.,
platform-level delivery mechanisms) affecting ad
performance. Note that, due to cost and the need
for brand approval, we conduct the comparison in a
focused setting, evaluating the top-2 ads selected by
ADVISOR and professional human marketers (see
Appendix B for detailed settings).

As shown in Table 4, ADVISOR shows con-
sistent gains over human selection across CTR,
CPC, and ROAS, with an average improvement
of 27.04%. Note that we report ROAS instead of
CPM, as CPM is not provided in A/B testing. This
indicates benefits in real ad campaigns beyond of-
fline evaluation.

5.6 RQS5. Hyperparameter analyses.

We examine how key hyperparameter choices af-
fect the ranking performance of ADVISOR, focus-
ing on (i) the number of generated criteria k, and
(ii) the brand similarity threshold 7.

Effect of the number of generated criteria. To
investigate the effect of the number of generated cri-
teria k£ on ranking performance, we conduct experi-
ments with & € {2, 4, 6,8} while keeping all other
settings fixed. Figure 4a presents results across
different brand categories. We observe that per-
formance does not increase monotonically with &,
but instead peaks at moderate values of k (4 or 6),
supporting our default choice of using k£ = 4 in the
main experiments.

Effect of brand similarity threshold. The brand
similarity threshold 7 specifies the minimum co-
sine similarity required for another brand to be used
as cross-brand context for a target brand. Figure 4b
shows the ranking performance under different 7
values. Performances tend to peak at a moderate
threshold value (7 = 0.6) across all categories.
When 7 is too low (7 = 0.2), weakly related
brands are used for context augmentation, introduc-
ing noisy information that degrades performance.

‘.CTR.CPC B cem ‘

Fashion

Platform

0.8

o %
0.3 0.3

2 4 6 8 2 4 6 8 2 4 6 8

# of generated criteria (k) # of generated criteria (k) # of generated criteria (k)
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Figure 4: (RQ5) Effects of key hyperparameters of AD-
VISOR on ranking performance across brand categories.
Stars indicate the best performances.

NDCG@1

N

In contrast, overly high thresholds (7 = 0.8) re-
strict cross-brand augmentation, forcing the model
to rely solely on scarce target-brand data. These re-
sults demonstrate that selectively choosing brands
for context augmentation is important.

6 Conclusion and Future Directions

In this work, we explored how VLMs can be lever-
aged for business decision-making under severe
data scarcity and the absence of explicit decision
criteria. As a concrete instance, we introduced the
problem of brand-specific ad ranking and addressed
it with ADVISOR, which explicitly generates brand-
aware decision criteria through cross-brand context
augmentation and applies reflection-based scoring.
Experiments on real-world advertising data col-
lected from ad campaigns showed that ADVISOR
consistently outperforms strong baselines and re-
mains effective in online A/B testing. Furthermore,
case studies confirmed the brand-specificity and
effectiveness of the generated criteria.

A limitation of our approach is the need for at
least a small set of labeled ads per brand, restrict-
ing direct use for entirely new brands. Future work
includes relaxing this requirement, for example by
advancing cross-brand augmentation. Moreover,
shifting the focus from overall ad performance to
performance prediction over time would be valu-
able for time-critical ads and campaign planning.

7 Ethical Statement

Our work adheres strictly to the ethical guidelines
throughout the development and deployment. The
data used in this work were provided by collaborat-
ing brands with explicit approval for the intended
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research usage. To protect privacy and confidential-
ity, all sensitive information was anonymized prior
to use. No personal or sensitive user data were
collected, inferred, or used in our framework, and
all data were processed at the advertisement level.
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A Detailed Prompts

In Figures 5, 6, 7, 8, and 9, we provide detailed
prompts for each step of ADVISOR.

Cross-Brand Context Augmentation

You are an expert in Instagram ad perfor-
mance analysis. You will analyze real ad per-
formance data (caption + image) and infer
scoring criteria.

Observed Ads from Similar Brand:
ADS WITH CAPTION + IMAGE + METRIC

Target Metric:
[METRIC]

Instructions:

Based on these examples (both captions AND
images), please reason about:

1. What visual/textual characteristics correlate
with HIGH vs LOW performance?

2. What specific patterns do you see in the high-
performing ads?

Please provide reasoning outputs that could
help score similar ads.

Figure 5: VLM prompt template for cross-brand context
augmentation and insight extraction.

Criteria Generation

You are an expert in brand marketing and ad
performance optimization. Your task is to
generate and prioritize the most important fea-
tures for evaluating ads.

Few-shot Examples: [FEWSHOT EXAMPLES]
Insights from Similar brands: [INSIGHTS]

Instructions: Based on the ranking ex-
amples above, identify and prioritize the
[NUM_FEATURE] MOST IMPORTANT features
for evaluating ads for this brand. For each fea-
ture, provide:

1. Feature name/key

2. Why this feature is critical based on the pat-

terns you observe in the examples
3. How to score it on a 1-5 scale

Format each line as: [feature key | why impor-
tant | scoring scale]

Figure 6: VLM prompt template for brand-specific cri-
teria generation.

Reflection-based Scoring: Initial Scoring

You are an expert in Instagram ad performance
analysis. You will analyze real ad performance
data (caption + image) and infer scoring crite-
ria.

Fewshot Examples: [EXAMPLES  from
SIMILAR BRAND]

Based on these examples (both captions AND
images), please reason about:

1. What visual/textual characteristics correlate
with HIGH vs LOW [METRIC]?

2. What specific patterns do you see in the high-
performing ads?

Please provide 3-4 sentences of reasoning that

could help score similar ads.

Figure 7: VLM prompt template for cross-brand insight
generation.

Reflection-based Scoring: Self-critique

You are the second-stage critic. You receive
initial reasoning and 1-5 scores for each ad
across multiple features. Review the initial
scorer’s reasoning and detect inconsistencies,
scale collapse, bias, or missing penalties.
RULES:

- First, for each ad, provide your critique
reasoning (1-2 sentences explaining what the
initial scorer got right or wrong).

- Then suggest corrected scores (1-5 integers).
- Keep the SAME features and scale (1-5
integers).

- If initial scoring looks reasonable, keep the
same score but still explain why.

- If you adjust, stay within 1-5 and avoid
inflating everything.

Features: [FEATURES]
Initial Score: [INITIAL SCORE]
Initial Reasoning: [INITIAL REASONING]

Ads: [ADS]
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Format your response as:
Ad [ID] Score
Critique Reasoning

Figure 8: VLM prompt template for self-critique.

Reflection-based Scoring: Final Scoring

You are the third-stage arbiter. You see both
the initial scorer’s scores and critic’s reasoning.
Decide the FINAL scores (1-5 integers) for each
ad, feature-wise.

RULES:

- First, for each ad, provide your final reasoning
(1-2 sentences explaining your decision).

- Prefer critic adjustments when they fix scale
compression, bias, or obvious errors.

- If critic over-corrects or seems inconsistent
with evidence, keep the initial value.

- Preserve full-scale usage; avoid all ads ending
4-5.

Features: [FEATURES]
Initial Score: [INITIAL SCORE]
Critique Reasoning: [CRITIQUE REASONING]

Ads: [ADS]

Format your response as:
Ad [ID] Final Score
Final Reasoning

Figure 9: VLM prompt template for final scoring.

B Detailed Experimental Settings

Baseline details. For MLP-based rankers, we
use a 3-layer MLP model with dimensions 256 —
128 — 64 — 1 and ReLU activations, as the ranker.
For VLM-based rankers, we use GPT-4.1-mini as
the backbone VLM, and the VLM directly pro-
duces rankings without explicit scoring or reflec-
tion. We set the temperature to O for all VLM calls.

Implementation details. We use GPT-4.1-mini
as VLMs and text-embedding-3-large from Ope-
nAl as the embedding model for identifying similar
brands. For cross-brand context augmentation, we
select only the most similar brand (n = 1) for each
target brand, as incorporating additional brands
leads to performance degradation (see Section 5.3).
Unless otherwise specified, the number of gener-
ated evaluation criteria is fixed to k = 4, and the
brand similarity threshold is fixed to 7 = 0.6. Re-

fer to Section 5.6 for the effects of both parameters.

Online A/B test settings. We conducted an on-
line A/B test for fashion brand A over a 7-day
period (Nov 26 to Dec 2, 2025) on Instagram, a
popular online advertising platform. The target au-
dience was set to female users aged 25 and above,
excluding those who had purchased from the brand
in the previous seven days. ADVISOR and human
marketers selected two ads prior to deployment.

C Additional Case Studies

In this section, we present full case study results.

C.1 Qualitative analysis of brand-specific
criteria.

In this subsection, we extend the qualitative anal-
ysis in Case Study 1 (Section 5.4) by presenting
the results for all brands. Figures 10, 11, and 12
show the brand-specific evaluation criteria gener-
ated by ADVISOR for brands in beauty, fashion,
and platform categories, respectively. Each crite-
rion is accompanied by a short description to pro-
vide its semantic meaning and its association with
high-performing advertisements.

Generated Criteria for Beauty Brands

Beauty Brand A

Face Close-up. Tightly framed, vertical face
close-ups resembling creator-style tutorials
dominate the visual field and outperform dis-
tant or full-body shots.

Expressive Face Engagement. Candid ex-
pressions with direct eye contact convey au-
thenticity, whereas neutral or overly posed
faces are associated with lower performance.
On-screen Problem-Benefit Text. Problem-
to-solution framing facilitates rapid compre-
hension and is linked to higher engagement
rates.

Product In-use Visibility. Explicit visualiza-
tion of product application steps signals effec-
tiveness and instructional value.

Beauty Brand B

Human Subject Presence. High-performing
advertisements consistently include a visible
human subject (e.g., face or hands), provid-
ing social context and salient attention cues.
Product-only images tend to underperform.
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Expressive Engagement. Expressive facial
cues, direct eye contact, or observable actions
(e.g., product application) increase immediacy
and viewer engagement.

On-screen Hook Text. Clear, curiosity-driven
on-image text—such as questions or benefit-
oriented phrases—communicates value at a
glance and correlates with higher engagement.
UGC Lifestyle Vibe. UGC-style presenta-
tions (tutorials, POV shots, hands-on demon-
strations) appear more authentic and consis-
tently outperform polished studio imagery.

Beauty Brand C

Hair Visual Appeal. High-performing ad-
vertisements prominently show glossy, well-
styled hair with visible movement or shine, di-
rectly demonstrating functional benefits such
as smoothness, softness, and detangling effec-
tiveness.

Product and Brand Visibility. Clear visibility
of the product or brand logo—such as pack-
shots, hand-held products, or on-screen brand
text—enhances immediate brand recognition
and is strongly associated with higher engage-
ment.

Authentic Recommendation Tone. First-
person or recommendation-style narratives
(e.g., personal routines or daily use) convey au-
thenticity and trustworthiness, outperforming
purely informational or promotional language.
Sensory or Novelty Focus. Emphasizing sen-
sory cues or novelty elements—such as fra-
grance notes, texture descriptions, or limited-
edition attributes—captures user attention and
differentiates products in crowded feeds.

Beauty Brand D

Face Proximity and Framing. Tight, close-
up facial framing creates intimacy and direct
engagement, outperforming distant shots.
Product Application Visibility. Clear visual-
ization of product usage reduces uncertainty
and increases engagement.

On-screen Text Hook. Concise prob-
lem—promise or how-to text effectively com-
municates value at a glance.

Authentic UGC Feel. Candid UGC-style vi-
suals consistently outperform staged lifestyle
shots.

Beauty Brand E

Focal Point Strength. A single dominant fo-
cal element (e.g., face or product label) cap-
tures attention more effectively than cluttered
compositions.

Headline Readability and Hook. Short, bold,
readable headlines attract attention, whereas
dense or handwritten fonts reduce engagement.
Color Contrast and Lighting. Bright lighting
and strong contrast help subjects stand out in
feed thumbnails.

Clutter and Overlay Density. Clean layouts
outperform designs with excessive stickers or
overlays.

Beauty Brand F

Face or Scalp Prominence. Large close-ups
of faces or scalp areas draw immediate atten-
tion.

Eye Contact and Emotional Expression. Di-
rect eye contact and expressive emotions en-
hance relatability and engagement.

Curiosity Trigger. Teasing visual or textual
cues (e.g., before—after highlights) stimulate
curiosity.

Composition and Contrast. Clean, high-
contrast compositions with minimal clutter
consistently perform better.

Figure 10: Brand-specific evaluation criteria generated
by ADVISOR for beauty brands.

Generated Criteria for Fashion Brands

Fashion Brand A

Human Presence. High-performing adver-
tisements consistently feature a visible person
with clear facial presence or direct eye contact,
enhancing relatability and capturing viewer at-
tention.

Headline Text Hook. Prominent, benefit-
oriented on-image headlines—such as occa-
sion cues or readiness messages—immediately
communicate relevance and are associated
with higher engagement rates.

Product Visibility. Clothing items are clearly
framed, either as full outfits or highlighted key
pieces, allowing viewers to quickly recognize
the product without visual ambiguity.
Premium Production Quality. Polished com-
position, consistent lighting, and cohesive, on-
brand styling convey a premium impression
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and consistently outperform low-quality or am-
ateur visuals.

Fashion Brand B

Logo Prominence. Clear and dominant dis-
play of the brand logo or signature mark ef-
fectively signals brand identity and increases
recognition-driven engagement.

Model Presence and Engagement. Strong
model poses, expressive posture, or direct eye
contact enhance visual impact compared to
static or disengaged presentations.

Visual Polish and Styling. Editorial-level
lighting, composition, and cohesive styling sig-
nal desirability and product quality, correlating
with higher engagement rates.

Contextual Relevance. Explicit depiction of
use cases or situational cues—such as sea-
sonal context, school settings, or sports-related
scenarios—helps viewers immediately under-
stand product relevance.

Fashion Brand C

Event Promotion Clarity. Explicit highlight-
ing of sales events, discounts, or time-limited
offers creates urgency and is strongly associ-
ated with higher engagement rates.

Human Presence and Engagement. Visi-
ble people with expressive gestures, direct eye
contact, or pointing actions attract attention
more effectively than distant or absent human
subjects.

Text Overlay Legibility and Message. Large,
clearly legible overlay text that communicates
the offer or value proposition enables immedi-
ate comprehension in feed-based viewing.
UGC or Creator Tone. Creator-style
advertisements with informal filming and
personality-driven presentation align with
community-oriented audiences and consis-
tently outperform catalog-style creatives.

Figure 11: Brand-specific evaluation criteria generated
by ADVISOR for fashion brands.

Generated Criteria for Platform Brand

Platform Brand A

Promotional Offer Strength. Prominent in-
centives—such as coupons, reward points, or
discounts—clearly communicate value and are
strongly associated with higher engagement

rates.

Engagement Presence. High-performing ad-
vertisements include explicit calls-to-action
(e.g., comment prompts or simple participation
requests) that directly encourage user interac-
tion and engagement.

Relatability and Target Relevance. Depic-
tion of everyday, target-specific scenarios res-
onates with core users, increasing perceived
relevance and viewer attention.

Visual Hook Text Clarity. Concise, bold
on-screen headline text effectively communi-
cates the primary hook or question at a glance,
enabling immediate comprehension in feed-
based viewing.

Figure 12: Brand-specific evaluation criteria generated
by ADVISOR for platform brand.

C.2 Quantitative analysis of brand-specific
criteria

We extend the quantitative analysis in case study 2
(Section 5.4) by reporting additional results on eval-
uation metrics NDCG@3 and NDCG@5. We com-
pare three settings: (i) brand-matched, (ii) brand-
mismatched but category-matched, and (iii)
brand-mismatched and category-mismatched
criteria, following the same experimental setup in
the main paper. We consider the same evaluation
target brands, fashion brand A and beauty brand C.
Figure 13 reports the results for both evaluation
metrics across all target brands under the three cri-
teria settings. For both evaluation targets, using
brand-matched criteria yields the best performance.
When criteria from another brand within the same
category are applied, performance degrades but
remains higher than that obtained using criteria
from a different category. A severe performance
drop is observed in the category-mismatched set-
ting, indicating that criteria generated for different
categories are not suitable for evaluating the target
brands. These results are consistent with the results
for NDCG@1 in the main paper and demonstrate
that our approach generates brand-specific evalua-
tion criteria that are not merely plausible, but are
empirically effective.

C.3 High-level insights from similar brands
for cross-brand context augmentation

In this subsection, we present examples of high-
level insights produced by the VLM when reason-
ing over sample ads from selected similar brands
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(b) Effectiveness of brand-specific criteria in terms of
NDCG@s5.

Figure 13: Effectiveness of brand-specific criteria mea-
sured by NDCG@3 and NDCG@5. We compare them
with criteria generated for other brands within the same
category or from different categories.

(Section 4.1). Recall that ADVISOR uses these in-
sights as auxiliary guidance for evaluation criteria
generation, rather than directly providing the sam-
ple ads as few-shot demonstrations. Specifically,
these insights are used as “Insights from Similar
Brands” in the criteria generation prompt shown
in Figure 6. Figure 14 presents an example rea-
soning output for the target brand, beauty brand
A, where beauty brand B is selected as the similar
brand. Figure 15 presents an example reasoning
output for the target brand, beauty brand E, where
beauty brand F is selected as the similar brand.

Reasoning Output for Beauty Brand A

High-performing advertisements feature close-up, dy-
namic, and relatable visuals of women actively engaging
in skincare routines, often with visible facial expressions
or actions (e.g., applying patches or explaining skin con-
cerns). These ads typically include minimal or no text
overlay, allowing natural and candid moments to capture
viewer attention.

Medium-performing advertisements often include some
on-image text overlays combined with product showcases
or lifestyle context, but they lack the immediacy and emo-
tional engagement observed in high-performing ads. In
contrast, low-performing advertisements tend to rely on
posed, static imagery with limited engagement or story-
telling cues, frequently lacking clear skincare context or
explanatory text, which reduces viewer interest and click
motivation.

Based on these observations, advertisements that appear
authentic, action-oriented, and emotionally engaging
should be prioritized, particularly those with minimal or
no text overlay. Overly posed or static visuals without
clear skincare relevance or narrative cues should be
avoided. When text overlays are used, they should remain
concise and directly tied to a relatable skincare problem
or routine to sustain medium-to-high engagement.

Figure 14: Cross brand insights for beauty brand A.

Reasoning Output for Beauty Brand E

High-engagement advertisements prominently feature
close-up, expressive human faces with direct eye contact,
often conveying relatable or engaging emotions or ac-
tions. These ads typically rely on visual storytelling, with
minimal or no caption text outside the video, and incor-
porate on-screen text naturally within the video content.
Simple indoor backgrounds further help focus attention
on the person and their expression or action.

In contrast, low-engagement advertisements often con-
sist of product-only images or less engaging visuals
that lack a visible human face or emotional connec-
tion. These ads tend to be more static and less dynamic,
sometimes including text overlays that resemble calls-to-
action but fail to convey a strong personal or emotional
appeal.

Medium-engagement advertisements fall between these
extremes, occasionally featuring people but with less
engaging expressions or indirect eye contact, as well as
more generic scenes (e.g., outdoor settings). They also
tend to include heavier text overlays that may reduce
immediacy and visual impact.

Based on these observations, advertisements should be
scored higher when they feature close-up human faces
with expressive emotions or actions, minimal but well-
integrated text, and simple backgrounds that maintain
focus on the person. Static product-only shots or overly
text-heavy visuals without a strong emotional or personal
element should be deprioritized.

Figure 15: Cross brand insights for beauty brand E.

D Additional Experimental Results

D.1 Performance by category

We analyze brand-specific advertisement ranking
performance across different brand categories. The
results are reported in Tables 5—7. Notably, ADVI-
SOR consistently outperforms all baseline methods
in the beauty and platform categories. In these
categories, MLP-based rankers and social-media
popularity prediction baselines, which rely on pre-
trained multimodal representations, exhibit weak
performance overall. In contrast, for the fashion
category, these baselines achieve strong perfor-
mance and often even outperform ADVISOR. This
difference may arise from category-dependent ef-
fectiveness of pre-trained embeddings, particularly
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Table 5: Performance on brand-specific advertisement ranking for the beauty brands. All reported results are
averaged over three independent runs and scaled by 100 for readability. The best results are highlighted in bold, and
the second-best results are underlined.

Measure Metric‘ MLP VIM (Zero-shot) -~ VLM (Few-shot) - \,ovy  ECSF MMF | ADVISOR

T V T+V T V T+V T V  T+V |

CTR |32.73 51.89 45.88 31.32 38.93 46.21 43.41 35.46 4094 31.17 24.83 39.10 50.63
NDCG CPC |49.85 60.25 49.02 47.17 66.93 65.07 51.85 69.95 64.83 61.61 41.64 60.58 70.93
@1 CPM |59.25 63.57 63.31 59.13 65.83 64.56 71.62 66.95 62.57 68.93 78.49 6594 73.22

Avg |47.28 58.57 52.74 45.87 57.23 58.61 55.63 57.45 56.11 5390 48.32 55.21 64.92

CTR |47.87 47.42 46.24 4998 51.00 58.96 51.78 52.51 56.25 43.76 4132 47.74 55.90
NDCG CPC |5546 66.47 53.49 70.24 67.42 57.32 68.09 68.89 60.17 58.10 61.11 64.65 68.17
@3 CPM |64.48 64.22 66.16 64.73 65.22 69.38 73.48 64.17 63.54 70.35 7238 68.33 71.32

Avg |5593 59.37 57.59 56.54 61.99 63.87 59.49 64.69 63.10 57.40 58.27 60.24 65.13

CTR |56.86 51.56 52.69 59.85 61.14 61.99 61.12 61.22 60.22 48.76 51.12 55.11 63.28
NDCG CPC |60.24 66.41 64.41 61.71 69.15 68.27 63.94 68.55 68.06 68.49 6435 68.10 70.21
@5 CPM |69.55 71.76 70.05 69.52 69.80 68.44 71.57 72.64 68.21 73.44 76.53 7248 75.22

Avg ‘62.22 63.24 62.38 63.69 66.70 66.23 65.55 67.47 6550 63.56 64.00 65.23‘ 69.57

Total Avg ‘55.14 60.40 57.57 55.37 61.97 62.90 60.22 63.20 61.57 58.29 56.86 60.22‘ 66.54

due to better alignment between pre-training data
and the visual and textual properties of fashion ads.

D.2 Comparison across VLM backbones

We compare the ranking performances of AD-
VISOR using seven backbone VLMs, including
four open-source models (Qwen-8B, Qwen-30B,
Gemma-12B, Gemma-27B) and three proprietary
models (Gemini-2.5-flash, GPT-4.1-mini, Claude-
Sonnet-4). As shown in Table 8, performance
generally improves as model size increases. Pro-
prietary models tend to achieve strong overall
performance within our framework, with GPT
and Claude demonstrating consistently compet-
itive results across different settings, and large
open-source models (> 27B) also outperform the
strongest baselines.

D.3 Cross-brand ranking performance

We further evaluate a cross-brand ranking setting
within each multi-brand category: beauty and fash-
ion. Unlike our main setting, where ADVISOR gen-
erates brand-specific criteria, it constructs category-
specific criteria. As shown in Table 9, ADVISOR
consistently outperforms the strongest baselines for
both categories, demonstrating the robustness of
our approach beyond brand-specific settings.
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Table 6: Performance on brand-specific advertisement ranking for the fashion brands. All reported results are
averaged over three independent runs and scaled by 100 for readability. The best results are highlighted in bold, and
the second-best results are underlined.

Measure Metric‘ MLP VIM (Zero-shot) -~ VLM (Few-shot) - \,ovy  pCsF MMF | ADVISOR
‘TVT+VTVT+VTVT+V \

CTR |74.38 43.87 38.93 28.84 41.58 30.99 33.44 44.24 3994 6391 27.02 43.79 50.84
NDCG CPC |84.76 82.79 61.23 57.62 62.26 63.83 76.95 67.40 68.19 89.90 63.25 71.38 63.26
@1 CPM | 7233 67.23 78.63 62.81 60.97 57.54 85.19 74.59 67.51 94.23 78.42 83.22 71.47

Avg |77.16 64.63 63.77 59.59 49.76 54.94 50.79 65.19 62.07 82.68 56.23 66.13 61.86

CTR |80.88 64.09 62.72 42.99 39.39 45.07 40.44 4190 46.69 62.43 50.01 52.92 53.49
NDCG CPC |7829 64.34 63.94 68.42 64.17 67.77 6550 69.19 69.44 79.25 7899 74.85 66.39
@3 CPM |80.45 77.34 78.42 8192 68.60 61.78 71.56 81.63 78.96 86.33 87.37 78.48 81.50

Avg |79.87 68.59 68.36 64.44 57.39 5821 59.17 64.24 65.03 76.00 72.12 68.75 67.12

CTR |86.57 66.05 66.27 51.98 53.70 51.38 44.26 51.58 51.82 72.19 59.66 66.21 64.29
NDCG CPC |73.27 72.05 72.22 71.78 69.48 72.21 69.81 74.54 72.33 7835 78.08 77.06 72.73
@5 CPM [89.98 82.73 83.28 78.82 71.16 64.24 71.81 81.52 78.59 8243 89.83 83.67 81.19

Avg ‘83.27 73.61 73.92 67.53 64.78 62.61 61.96 69.21 67.58 77.66 75.86 75.65‘ 72.74

Total Avg ‘80.10 68.94 68.68 63.85 57.31 5859 57.31 66.21 64.89 78.78 68.07 70.18‘ 67.24

Table 7: Performance on brand-specific advertisement ranking for the platform brands. All reported results are
averaged over three independent runs and scaled by 100 for readability. The best results are highlighted in bold, and
the second-best results are underlined.

Measure Metric‘ MLP VIM (Zero-shot) =~ VLM (Few-shot) - \,ovy  gCSF MMF | ADVISOR
‘TVT+VTVT+VTVT+V \

CTR | 8.30 82.64 830 14.13 40.82 15.60 15.60 38.46 1525 13.01 1536 33.76 66.95
NDCG CPC | 347 347 347 27.17 46.75 50.86 4855 997 5896 347 4571 5437 70.19
@1 CPM | 6.83 26.49 54.33 48.09 44.88 59.69 78.69 32.72 57.05 32.02 48.09 47.32 54.19

Avg | 620 37.53 22.03 29.79 44.15 42.05 47.62 27.05 43.75 16.17 36.39 45.15 63.78

CTR |29.59 49.02 50.83 19.93 44.58 14.05 23.08 40.64 15.09 2598 36.36 38.58 64.18
NDCG CPC |41.77 38.44 27.37 36.85 5539 44.04 51.59 36.43 55.14 4225 4133 56.04 64.12
@3 CPM [33.37 48.40 56.32 64.13 64.38 69.47 79.82 49.72 77773 4740 70.59 56.88 59.64

Avg 3491 4529 44.84 4031 54.79 4252 51.50 42.26 49.32 38.54 49.43 50.50 62.65

CTR |34.17 61.74 51.60 24.06 53.02 18.51 39.92 49.84 18.82 34.59 35.73 49.32 65.81
NDCG CPC |54.61 52.18 40.00 4598 63.67 50.43 53.77 42.06 48.68 51.59 50.89 60.49 62.80
@5 CPM |48.57 66.21 62.79 65.72 67.56 75.44 76.76 55.36 85.16 44.28 6532 63.23 69.64

Avg ‘45.78 60.04 51.46 45.26 61.42 48.13 56.81 49.09 50.89 43.49 50.65 57.68‘ 66.08

Total Avg ‘28.96 47.62 39.45 38.45 53.45 4423 5198 39.47 4799 3273 4549 51.11‘ 64.17

434



Table 8: Performance of ADVISOR with varying VLM backbones on brand-specific advertisement ranking. All
results are scaled by 100 for readability. The best results are in bold, and the second-best results are underlined.

Measure Metric ‘

ADVISOR

‘Qwen-SB Gemma-12B  Gemma-27B Qwen-30B Gemini-2.5 GPT-4.1 Claude-4

CTR 36.68 49.65 47.68 42.70 45.50 52.32 44.18

NDCG CPC 53.93 49.94 71.09 70.30 68.89 68.55 65.92
@1 CPM 59.76 59.83 66.34 71.75 60.34 70.79 70.72
Avg 50.12 53.14 61.70 61.58 58.24 63.89 60.27

CTR 48.71 60.77 52.86 50.83 48.44 56.00 55.78

NDCG CPC 53.93 59.59 70.10 68.48 70.24 67.23 72.66
@3 CPM 59.76 68.59 65.77 70.75 68.58 73.21 72.33
Avg 50.12 62.98 62.91 63.36 62.42 65.48 66.92

CTR 56.47 65.88 59.52 57.04 54.47 63.84 62.33

NDCG CPC 66.05 63.38 71.35 70.87 73.06 70.23 72.54
@5 CPM 72.18 73.26 68.94 73.61 72.89 76.45 75.41
Avg ‘ 64.90 67.51 66.60 67.17 66.81 70.17 70.09

Total Avg ‘ 58.00 61.21 63.74 64.04 62.49 66.51 65.76

Table 9: Performance on cross-brand advertisement ranking. All results are scaled by 100. The best results are in
bold, and the second-best results are underlined.

(a) Beauty (b) Fashion

Measure Metric | DEVL ECSF MMF | ADVISOR  Measure Metric | DEVL ECSF MMF | ADVISOR
CTR | 2693 2646 39.10 | 41.18 CTR | 4191 3496 51.62 | 30.13
NDCG  CPC | 5244 5662 6058 | 9247 NDCG  CPC | 4413 7871 6465 | 7023
@1 CPM | 4486 5935 6594 | 83.94 @1 CPM | 9423 8319 6810 | 9823
Avg | 4141 4748 5521 | 7254 Avg | 60.09 6562 6146 | 66.20
CTR | 40.10 4228 4774 | 36.60 CTR | 50.83 3778 67.56 | 27.37
NDCG  CPC | 6345 6080 64.65 | 88.95 NDCG  CPC | 6202 8261 7125 | 80.11
@3 CPM | 6219 6561 6833 | 87.50 @3 CPM | 89.74 8450 66.79 | 9830
Avg | 5525 5623 6024 | 7102 Avg | 6753 6830 6854 | 6859
CTR | 5151 5662 5511 | 3552 CTR | 64.56 47.67 70.16 | 35.12
NDCG  CPC | 6645 62.56 68.10 | 89.24 NDCG  CPC | 6847 7985 7562 | 79.89
@5 CPM | 6683 7095 7248 | 8296 @5 CPM | 87.71 81.82 7161 | 9846
Avg | 61.60 6337 6523 | 69.24 Avg | 7358 6978 6790 | 7LI16
Total ~ Avg | 5275 5569 6022 | 70.93 Total ~ Avg | 6707 6790 6748 | 68.65
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