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A. Overview of Appendixes

In this supplementary material, we present implementation
details and more experiments. First, we provide additional
analysis in Section A.1. The details of the training objective
are provided in Section A.2. Then, we provide the retrieval
results in Section A.3 and the clarification on the reason
for choosing the primary image in Section A.4. Finally, we
provide a visualization in Section A.5.

A.1. More Ablation Study
The Impact of Training Iteration. As shown in Figure 1
and aligned with findings from OVEN, WikiCLIP achieves
strong open-domain recognition efficiency: its unseen en-
tity accuracy peaks at 4K iterations (with only 0.4M training
samples) before slightly declining as seen entity accuracy
continues to improve with extended training. This demon-
strates an effective balance – while prolonged training intro-
duces mild unseen entity performance degradation (<3%),
the framework maintains competitive results through early
stopping, validating its data efficiency and practical viabil-
ity for visual-entity retrieval tasks.

Text Encoder Ablation on OVEN and EVQA We pro-
vide the experiments about the choice of text encoder on
OVEN and EVQA datasets in Tab 1, which requires the
model to match the query from a 2M entity set instead of
100k for InfoSeek. We observe that switching to LLaMA3
leads to significant improvements, which indicates that pro-
viding rich semantic information helps entity discrimina-
tion.

LLM Capacity & Text Length Joint Analysis To fur-
ther investigate the interplay between LLM scale and input
text length, we jointly vary these two factors in Table 2.
The results are consistent with the findings in Sec ?? of the
main paper: simply scaling up the LLM or extending the

EVQA OVEN
Model Unseen Seen Overall Unseen Seen HM

EVA-CLIP 8B 12.9 12.7 14.1 17.3 15.6 15.6
LLaMa3.2 1B 27.7 39.9 30.7 27.0 36.8 31.1

Table 1. Comparison of text encoders on EVQA and OVEN.

Seen/Unseen/All 128 256 512
LLAMA3.2-1B 66.9/57.4/59.8 69.3/58.5/61.2 67.4/57.8/60.2
LLAMA3.2-3B 66.5 /59.8/61.5 69.6/60.3/62.7 66.6/58.9/60.8
LLAMA3.2-8B 69.0/60.2/62.4 68.7/60.4/62.4 68.8/58.8/61.3

Table 2. Joint analysis of text length and LLM scale on the IN-
FOSEEK.

Unseen Seen HM
EVA-CLIP-8B I2I 11.8 8.8 10.1

CLIP2CLIP with EVA-CLIP-8B 14.6 11.1 12.6
WikiCLIP-S 27.0 36.8 31.1

Table 3. Comparison of contrastive baselines with scaled visual
encoder on OVEN.

raw Wikipedia text does not lead to substantial gains, sug-
gesting that future efforts should focus on extracting more
informative content rather than increasing model capacity
or input length alone.

Impact of Visual Encoder Scaling To further investigate
the role of visual encoder scale, we reproduce the strongest
contrastive baseline, CLIP2CLIP, using EVA-CLIP-8B. As
shown in Table 3, scaling up the visual encoder alone does
not allow the contrastive baseline to match the performance
of WikiCLIP, suggesting that the knowledge-aware align-
ment mechanism provides benefits beyond encoder scaling.

VGKA Architecture Ablation We further ablate the
VGKA architecture in terms of the number of layers and
attention heads, as shown in Table 4. Performance remains
stable across all variants, suggesting that VGKA is robust as
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Figure 1. Performance with Varying Training Iterations and LLM Choices. We report the accuracy of the INFOSEEK validation set
of WikiCLIP using three different scales of LLMs, along with varying training iterations.

Layers / Heads Seen Unseen All
2 / 16 69.3 58.5 61.2
8 / 16 68.2 58.0 60.6

16 / 32 66.4 56.5 59.1

Table 4. VGKA architecture ablation on the INFOSEEK.

long as it is sufficiently expressive to support visual-guided
knowledge alignment.

A.2. Contrastive Training Objective
We provide the details of the training objective in this sec-
tion. Given a mini-batch B =

[
(hi,vi)

]N
i=1

, the positive
pair for the i-th query is (hi,vi), and the in-batch negatives
are denoted as B−

i = {vj | j ̸= i}. After applying our hard
negative synthesis strategy, the negative set is replaced with
a harder set B̃−

i , where each negative sample is substituted
by a synthetic hard negative ṽj whenever it exhibits higher
similarity to the query:

B̃−
i =

{
ṽj , if Sim(hi, ṽj) > Sim(hi,vj),

vj , otherwise,
∀j ̸= i.

We optimize an InfoNCE loss with cosine similarity and
temperature τ , defined for each query hi as:

L(i)
InfoNCE = − log

exp(si,i/τ)∑
v∈{vi}∪B̃−

i
exp(si,v/τ)

. (1)

where
si,v ≜ Sim(hi,v).

The final training loss is averaged across all samples in the
mini-batch:

LInfoNCE =
1

N

N∑
i=1

L(i)
InfoNCE.

A.3. Topk Retrieval Results
Table 5 presents the performance comparison of WikiCLIP
and baseline methods on open-domain visual entity recog-
nition (VER) tasks. WikiCLIP formulates VER as a re-
trieval task, providing top-k retrieval results to evaluate its
effectiveness. As shown in the table, WikiCLIP achieves
the highest HM@20 score of 67.8 on the OVEN bench-
mark, significantly outperforming CLIP I-I. On EVQA, our
method surpasses Google Lens at K = 20, demonstrating
that WikiCLIP can achieve surprisingly strong performance
even with limited training data. Finally, on the InfoSeek
benchmark, WikiCLIP achieves a recall@20 of 86.6, high-
lighting its effectiveness in real-world applications. These
results validate the robustness and practicality of our ap-
proach for large-scale VER tasks.

A.4. How to choose the most representative entity
image?

In the Vision-guided Knowledge Adaptor module, we use
the most representative entity image to provide guidance
to obtain the knowledge-aware entity representations. In
practice, we use the lead image on the Wikipedia page as
the most representative image. This selection is based on
Wikipedia’s content policies: lead images should be natural
and appropriate representations of the entity (in accordance
with Wikipedia:Manual of Style/Images).

A.5. Visualization
Retrieval Results Visualization To provide an intuitive
understanding of WikiCLIP’s effectiveness, we present
qualitative visualization samples in Figure 2. The figure
showcases the top-5 retrieval results for various queries, il-
lustrating how WikiCLIP performs in visually ambiguous
cases. As observed, the most challenging samples often
involve entities with highly similar visual features, mak-
ing fine-grained discrimination difficult. However, Wiki-
CLIP successfully retrieves the correct ground-truth entity
by leveraging textual descriptions, demonstrating its ability



Methods HM@K (OVEN) Recall@K (EVQA) Recall@K (InfoSeek)

K=1 K=5 K=10 K=20 K=1 K=5 K=10 K=20 K=1 K=5 K=10 K=20

CLIP I-I 10.1 27.1 36.0 44.1 13.3 31.3 41.0 48.8 45.6 67.1 73.0 77.9
CLIP I-T - - - - 3.3 7.7 12.1 16.5 32.0 54.0 61.6 68.2
Google Lens - - - - 47.4 62.5 64.7 65.2 - - - -
Echosight - - - - 36.5 47.9 48.8 48.8 53.2 74.0 77.4 77.9
WikiCLIP-S 31.1 53.7 61.3 67.8 30.7 53.6 62.5 69.1 61.2 76.8 81.8 86.4
WikiCLIP-L 31.6 53.3 60.5 67.4 31.9 53.3 61.2 69.0 62.7 77.7 82.2 86.6

Table 5. Performance comparison on open-domain VER benchmarks. HM@K for OVEN, Recall@K for EVQA and InfoSeek.

to incorporate semantic knowledge for precise entity recog-
nition. These visualizations highlight the strength of our
method in resolving challenging cases where purely visual
matching would struggle.

Vision-guided Knowledge Selection Visualization To
provide an intuitive understanding of the Vision-guided
Knowledge Selection module, we present qualitative visu-
alization samples in Figure 4. Specifically, we show the at-
tention map of each text token when guided by patch-level
vision signals. For the sake of clarity, we sum the attention
from each image patch and highlight the top 32 text seg-
ments with higher attention. We circle the text segments
that we believe are helpful for entity discrimination. As ob-
served, the Vision-guided Knowledge Selection is able to
detect the detailed discriminative features of entities.

Error Case Analysis To better understand the limitations
of WikiCLIP, we analyzed its prediction errors on OVEN
and identified three main types of failure cases, as illustrated
in Figure 3. The most prevalent error type is Wrong but
Relevant, where the predicted entity is semantically related
to the ground truth but still incorrect. While our method
leverages textual information to mitigate such errors, open-
domain visual entity recognition remains a highly challeng-
ing task. The second type of error arises when the ground
truth entity is not directly related to any entity present in the
image. We attribute this to annotation noise in OVEN’s en-
tity split and query split, which affects model performance.
The final category of errors pertains to prediction granu-
larity, where the predicted entity is at an incorrect level of
specificity. We believe this issue is also a result of annota-
tion inconsistencies in OVEN. Due to the inherent noise in
dataset annotations, there is no straightforward solution to
fully address this problem.

Visualization of Hard Negatives. To intuitively demon-
strate the effectiveness of our hard negative synthesis strat-
egy, we visualize the distribution of entity representations.
Specifically, we randomly sample a query image and re-
trieve the top-5 closest entity representations with and with-

out hard negative synthesis. As shown in Figure 5, we apply
t-SNE to project these representations into a 2D space. It
can be observed that the entity representations trained with
hard negative synthesis exhibit a more sparse and discrimi-
native structure across different classes.

To quantitatively validate this observation, we compute
the Silhouette Score, a widely-used metric that evaluates
how similar a sample is to its own cluster (cohesion) com-
pared to other clusters (separation). A higher Silhouette
Score indicates more compact intra-class representations
and better-separated inter-class representations. As shown
in Figure 5, hard negative synthesis consistently leads to
higher Silhouette Scores, confirming that it encourages
more structured and distinguishable entity representation
spaces.



Figure 2. The Visualization of Topk prediction of WikiCLIP.



Figure 3. The Visualization of Error Case of WikiCLIP.
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Figure 4. Vision-guided Knowledge Selection Visualization.
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Figure 5. Visualization of Hard Negatives.
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