; Lenses: Toward Polysemous Vision—-Language Understanding

Supplementary Material

This supplementary document provides additional anal-
yses and implementation details that complement the main
paper on € Lenses. We begin by motivating our five-lens
taxonomy (Sec. 1) and describing the full training setup, op-
timization hyperparameters, and evaluation metrics (Sec. 7).
Sec. 9 presents a human validation study of captions and lens
labels. We then report zero-shot retrieval results (Sec. 2),
backbone-scaling experiments (Sec. 6), and ablations on
lens-masked similarity, visual prompt density, and caption-
generator dependence (Secs. 3—5). Sec. 11 isolates the role
of architecture versus data diversity. Finally, we detail the
prompt design and validation pipeline (Sec. 12), analyze how
caption lenses route to image lenses and slots (Sec. 8), and
provide qualitative retrieval examples.

1. Our choice of five lenses

The lenses we use were chosen for clear reasons. Earlier
works [1, 3, 13, 16] are aware that visuals can hold more than
one type of meaning, but they usually study these meanings
from one angle at a time, such as focusing only on literal
(1) content, or only on ﬁ?? figurative, @ abstract, F back-
ground aspects, or C@\ emotional. We began by adding the
literal (L) and abstract (@) lenses to separate concrete
details from broader ideas. The Artemis work [1] showed
that emotional meaning needs its own space, so we added the
emotional ({@\) lens. Research on figurative and symbolic
meaning, including studies on visual associations [3] and
recent work on figurative understanding [13], as well as the
use of external knowledge for decoding visual symbolism
[16], showed the need for a figurative (") lens. We then
added the background (F ) lens to capture context, setting,
and style. With these five lenses we introduce the idea of
polysemous understanding, but this does not mean the con-
cept is limited to only five lenses. They are strong examples
based on detailed prior work that show how many layers an
image can carry. Our work brings these viewpoints together
and applies them to multimodal retrieval so the system can
use all these layers of meaning instead of just one.

2. Zero-shot retrieval benchmarks

To check that learning lens-aware, polysemous representa-
tions does not break conventional literal retrieval, we eval-
uate : Lenses in a zero-shot setting on COCO [8] and
Flickr30K [1 1], whose captions are mostly literal (Tables 1
and 2). On both benchmarks, the full multi-lens model ;

Lenses All lags behind the strongest literal specialists such
as VLM2Vec [7] and the BGE-VL-MLLM backbone [18],
especially for T—1I, which is unsurprising given that our

model focuses on diverse retrieval and allocates capacity to
non-literal lenses and is not tuned for these datasets. At the
same time, © Lenses All remains clearly competitive with
CLIP-style and MagicLens baselines, showing that explicitly
modeling figurative, emotional, abstract, and background
content does not catastrophically harm performance in the
standard literal retrieval. More importantly, when we restrict
retrieval to the Literal lens, performance on I—T nearly
matches or even surpasses the underlying backbone (e.g.
75.5 vs. 75.4 R@1 on COCO and 84.7 vs. 80.1 R@1 on
Flickr30K), while maintaining strong recall at higher ranks.
Together, these results tell a consistent story: @ Lenses is
not designed to chase state-of-the-art numbers on classic
literal benchmarks, but it preserves strong literal retrieval
when asked to focus on that lens, while gaining the abil-
ity to operate in richer, non-literal interpretive settings that
conventional models cannot target.

Model \ I-T T—1
|R@1 R@5 R@10|R@1 R@5 R@10
Zero-shot
OpenAI CLIP-B/16 | 33.1 584 69.0 |524 768 847
Open CLIP-B/16 423 667 771|594 81.8 88.6
EVA-02-CLIP-B/16 |422 66.9 763 |58.7 80.7 882
OpenAI CLIP-L/14 |36.5 61.0 71.1 | 563 793 86.7
Open CLIP-L/14 46.1 707 794 | 62.1 834 903
EVA-02-CLIP-L/14 |47.5 712 79.7 | 63.7 843 90.4
MagicLens-B 489 739 825|648 855 912
MagicLens-L 53.1 774 849 |67.7 87.6 927
VLM2Vec [7] 757 - - 731 - -
BGE-VL-MLLM [18]| 75.4 94.90 98.30 [69.91 91.80 96.12
© Lenses - All 67.6 903 94.6 |53.76 82.62 91.46
€ Lenses - 755 93.6 97.4 |60.1 863 93.3

Table 1. Zero-shot cross-modal retrieval results on COCO [8] (5K
test set). We report Recall@K (R@K, %) for image to text I—T)
and text to image (T—1I) retrieval. CLIP [12] baselines are taken
from prior work, and MagicLens results are from our reproduced
CoCa checkpoints, keeping only the best variant per model family.
VLM2Vec [7], BGE-VL-MLLM [ 18], and our ; Lenses variants
are evaluated in the same zero-shot setting. Best result in each
column is in bold; second best is underlined.

3. Are our gains from more embeddings or bet-
ter structure?

To isolate the source of our performance gains, we must de-
termine if they stem merely from increased representational
capacity (i.e. using multiple embeddings per image) or from
the specific structural constraints of our lens-aware masking.



\ I->T T—1

Model

|R@1 R@5 R@10|R@1 R@5 R@10

Zero-shot

OpenAl CLIP-B/16 62.1 856 91.8 | 819 96.2 98.8
Open CLIP-B/16 69.8 904 94.6 |86.3 979 994
EVA-02-CLIP-B/16 | 71.2 91.0 94.7 | 85.7 96.7 98.9
OpenAl CLIP-L/14 652 873 92.0 |85.2 973 99.0
Open CLIP-L/14 75.0 92.5 95.6 | 88.7 984 99.2
EVA-02-CLIP-L/14 | 77.3 93.6 96.8 | 89.7 98.6 99.2
MagicLens-B 76.2 937 96.5 | 87.9 97.7 99.5
MagicLens-L 79.7 950 97.4 |89.6 98.7 994
VLM2Vec [7] 80.3 95.0 974 |94.6 99.5 99.8
BGE-VL-MLLM [18]| 80.1 95.9 98.6 | 782 93.3 96.6
; Lenses - All 77.8 942 96.3 [63.42 86.0 92.1
© Lenses - [ 84.7 96.0 98.0 | 69.3 89.8 94.4

Table 2. Zero-shot cross-modal retrieval results on Flickr30K. We
report Recall@K (R@K, %) for image to text (I—T) and text to
image (T—]) retrieval. As a general multimodal representation
model, VLM2Vec achieves strong T—1 and I—T scores compared
to existing CLIP-like models. Baseline numbers, including CLIP,
MagicLens [17], and VLM2Vec, are sourced from [7]. Best result
in each column is in bold, second best is underlined.

In Table 3, we perform an ablation where the underlying
image and text embeddings are kept fixed, and only the simi-
larity aggregation mechanism is varied. We compare three
paradigms: global baselines, which mean doing a standard
retrieval using a single pooled embedding per modality (with
and without image-side prompts), unstructured set simi-
larity, a "No-mask” variant that computes smooth Chamfer
similarity across all available slots, ignoring lens labels, and
structured lens-masking similarity, our proposed method,
which restricts matching to lens-consistent slots, with and
without a global fallback.

Capacity vs. Structure. First, we observe that all multi-slot
variants significantly outperform the Global-only baselines
(e.g., jumping from 55.5 to 58.4 R@1 in T—1I). This con-
firms that compressing complex multimodal semantics into
a single vector creates a bottleneck, and that set-based repre-
sentations are inherently superior.

Crucially, however, structure matters. The Lens-masked
variant outperforms the No-mask variant (87.8 vs 87.1 [-T
R@1), indicating that enforcing semantic consistency be-
tween slots helps filter out noisy, irrelevant matches. The
strongest performance is achieved by the full model (Lens-
masked + Global), which combines the precision of lens-
specific matching with the robustness of a global safety net.
Fallback Analysis. Finally, we analyze the behavior of the
fallback router in Table 4. The fallback mechanism is trig-
gered when no compatible lens slots overlap between query
and target. We find this occurs most frequently for the
Literal lens (13.4%), likely because literal queries can be
broad and may not always align with a specific slot configu-

‘ Image — Text ‘ Text — Image
|R@1 R@5 |R@1 R@5

Similarity Variant

Global Baseline
Global only (w/o prompts) 81.4 96.2 53.2 78.2
Global only (w/ prompts) 84.1  96.5 ‘ 55,5 805
Structured Similarity
No-mask smooth Chamfer 87.1 97.8 58.4  80.7
Lens-masked smooth Chamfer 87.8  98.0 59.1 81.2

Full Model (Lens-masked + Global) | 88.3 98.2 | 594 81.9

Table 3. Disentangling Capacity vs. Structure. We ablate the
similarity module while keeping embeddings fixed. No-mask com-
putes similarity across all slots (high capacity, low structure). Lens-
masked restricts matching to same-lens slots (high structure). The
results show that lens alignment adds value beyond simply increas-
ing the number of embeddings.

ration. Conversely, non-literal lenses rely on fallback rarely
(3.1% for L@? Emotional), suggesting that our specialized
slots successfully capture the majority of the signal for ab-
stract and affective concepts. This confirms that the fallback
path acts strictly as a safety net for edge cases, rather than a
primary driver of performance.

Lens Category Fallback Rate (%)
Literal 13.4
% Figurative 10.3
@ Abstract 7.1
Iy Background 4.8
{@\ Emotional 3.1

Table 4. Global Fallback Usage. Percentage of queries in the €
Lenses test set where the model routes to the global embedding
because no lens-consistent slots were found. Low usage on non-
literal lenses indicates high coverage by our specialized slots.

4. How dense do visual prompts need to be?

In this experiment, we decouple the contribution of the
learned lens embeddings from the explicit visual prompts.
Specifically, we investigate whether the model successfully
learns a “lens direction” purely through the tokenizer or
if it requires the semantic grounding provided by image-
conditioned prompts. Table 5 presents the performance as
we vary z, the number of visual prompts injected per lens.
1. Token-only (¢ = 0): Relying solely on learned lens
tokens yields respectable performance on the L] Literal
lens, suggesting the base model already possesses strong
literal grounding. However, performance on non-literal
lenses suffers significantly (e.g., Figurative I-T R@1
drops to 39.8). This indicates that while learned tokens
can signal intent, they lack the semantic resolution to
bridge the gap to complex abstract concepts on their own.



Config (2) ‘ Literal ‘ & Figurative ‘ @ Abstract ‘ r Background ‘ @ Emotional ‘ All-Lenses
1-T T—I 1-T T—I 1-T T—1 1-T T—1 1-T T—I 1-T T—1
R@] R@5 R@] R@5|R@] R@5 R@] R@5|R@] R@5 R@] R@5|R@1 R@5 R@] R@5|R@1 R@5 R@] R@5|R@] R@5 R@1 R@5
z=0 (Token-Only) | 67.4 86.7 76.2 90.2 |39.8 63.6 51.2 74.8 |28.0 494 389 64.6|245 46.1 39.6 645|283 502 418 668|773 943 50.0 725
z=1 (Top-1 Prompt) | 82.0 93.8 81.1 924|545 747 60.8 820|378 59.8 46.8 715|318 53.1 456 69.6|373 59.8 49.6 72.6 | 882 97.7 57.3 78.1
z>1 (All-Prompts) | 80.3 93.6 81.9 93.6 | 56.0 77.6 62.7 85.2|41.3 643 51.7 76.6 | 34.0 56.5 48.7 747|404 63.0 51.8 76.8 | 89.1 98.2 58.9 80.7

Table 5. Impact of Visual Prompt Density. We evaluate retrieval performance on the € Lenses test set as we vary z, the number of visual
prompts provided per lens. While the model can perform basic literal retrieval with learned tokens alone (2=0), explicit visual prompts
(2>1) are critical for unlocking performance on abstract and figurative lenses. Bold: Best; Underline: Second Best.

2. Single Prompt (z = 1): Injecting just a single visual

prompt per lens catalyzes a dramatic performance leap.

Figurative retrieval jumps by nearly 15 absolute percent-

age points (39.8 — 54.5), and the overall All-Lenses

retrieval improves from 77.3 to 88.2. This confirms that
visual prompts serve as essential semantic anchors that
guide the model’s attention to specific visual attributes.

. Full Density (z > 1): Utilizing all available prompts
yields further gains. While we observe diminishing re-
turns compared to the initial jump from z = 0to z = 1,
the improvement remains robust for the most subjective
lenses (e.g. {@? Emotional and @ Abstract). This sug-
gests that for highly polysemous concepts, a single de-
scription is insufficient; a ”cloud” of diverse prompts is
necessary to fully span the semantic manifold of the lens.

5. Are our gains just an artifact of InternVL
captions?

Table 6 directly targets the concern that our improvements
might simply reflect circularity in the data pipeline, since
both the training captions and the image-side prompts are
generated by InternVL3.5. To stress-test this, we freeze the
© Lenses retriever model trained on InternVL3.5-38B cap-
tions and prompts, keep the InternVL3.5-38B image-side
prompts fixed at test time, and vary only the captioning
MLLM used to form the text queries and candidates, using
captions from Qwen3VL-30B-A3B [15], Grok 4.1 Fast [14],
or InternVL3.5-38B [2]. Across all three caption genera-
tors, © Lenses consistently outperforms the corresponding
fine-tuned BGE-VL-MLLM baseline in the All setting and
remains competitive or better on the more challenging non-
literal lenses (Figurative, Abstract, Emotional), even though
it has only ever seen InternVL3.5-38B captions during train-
ing. Moreover, All R@1/R@5 with Qwen3VL-30B-A3B
and Grok 4.1 Fast captions is comparable to, and in sev-
eral cases slightly higher than, the InternVL caption condi-
tion, indicating that our model does not rely on InternVL-
specific phrasing. This robustness to swapping the caption
generator, together with the consistent margins over the fine-
tuned BGE-VL-MLLM baseline, suggests that € Lenses
has learned a genuinely useful lens-aware representation that
transfers across independently generated captions rather than

overfitting to stylistic quirks of a single MLLM, substantially
mitigating circularity concerns.

6. Impact of Backbone Scaling

A natural concern is that our ability to retrieve non-literal
semantics might simply reflect the strength of the captioning
backbone used to generate prompts, rather than the struc-
ture of the retriever itself. Perhaps any sufficiently large
InternVL-style model, plugged in as a prompt generator at
test time, would make a fixed retriever look good on ;
Lenses. To disentangle captioning capacity from retrieval
supervision, we run a backbone-scaling study where the 0
Lenses retrieval architecture is completely frozen and only
the multimodal backbone that produces prompts and lens
labels is changed.

In Table 7, we take the ; Lenses retriever trained once
on the © Lenses dataset (whose captions and image-side
prompts were generated with InternVL3.5-38B ) and re-
evaluate it while varying the model that supplies the lens-
conditioned prompts and lens labels at inference time. For
each backbone we issue exactly the same instruction tem-
plate; we then feed the resulting prompt and category lens
label into the frozen retriever. The prompt text is appended
to the image, and the predicted lens determines which slots
are allowed to match under our lens-masked similarity. Thus
every row in the table uses exactly the same retrieval head,
parameters, and training data; the only difference is which
captioning backbone (BGE-VL-MLLM or InternVL3.5 with
4B, 8B, 14B, or 38B parameters) is used to generate prompts
at test time.

Scaling this captioning backbone gives only limited bene-
fits. Moving from 4B to 14B leads to modest improvements
and, in several cases, worse T—1I performance than the orig-
inal configuration: for Figurative, Abstract, Background,
and Emotional lenses, T—I R@1 with 4B/8B prompts of-
ten trails the BGE-VL-MLLM row. The smaller InternVL
variants are particularly brittle on non-literal lenses in the
T—1 direction, where 4B/8B/14B prompts often trail the
BGE-VL-MLLM row despite the retriever being identical
across all configurations.

Clear gains appear only when using the 38B caption-
ing backbone. Prompts from InternVL3.5-38B substantially



Literal < Figurative ‘ @© Abstract Iy Background ‘ @ Emotional All
[-T T—I =T T—I [-T T—I I-T T—I [-T T—I I-T T—I
R@]l R@5 R@] R@5|R@1 R@5 R@] R@5|R@] R@5 R@] R@5|R@1 R@5 R@] R@5|R@] R@5 R@] R@5|R@1 R@5 R@1 R@5
Qwen3VL-30B-A3B (Captions)

BGE-VL-MLLM | 75.45 91.93 94.84 99.43|53.47 76.14 58.48 81.31|31.02 52.39 45.01 70.98|37.70 60.74 57.57 80.70|36.82 58.60 52.29 76.96 |84.83 97.16 61.12 81.71
© Lenses 83.68 94.72 94.08 99.50|58.34 78.44 61.83 83.23 |35.42 55.95 48.77 73.72|40.13 61.93 57.63 80.61 |38.76 60.59 54.19 77.73|89.29 98.06 63.07 82.96
Grok 4.1 Fast (Captions)

BGE-VL-MLLM | 69.36 87.80 86.25 96.56|60.88 82.52 57.34 79.48|27.11 48.80 43.74 70.91|26.20 46.60 48.76 73.49|31.13 52.71 46.13 71.34|83.02 96.58 56.59 78.58
© Lenses 80.80 93.29 88.42 97.16|66.86 86.33 60.88 82.29 |31.17 52.68 48.40 74.21|28.45 49.49 49.83 75.13|33.76 55.16 48.68 73.68 |88.89 98.05 59.68 80.96
InternVL3.5-38B (Captions)

BGE-VL-MLLM |67.34 87.73 77.51 91.42|47.52 71.46 55.52 80.59|33.52 57.35 43.14 69.56|28.61 50.93 44.98 70.25|33.80 58.16 46.60 72.42|80.89 96.16 53.88 77.84
€ Lenses 80.32 93.60 81.90 93.60|56.02 77.64 62.69 85.15|41.25 64.34 51.66 76.59 |33.97 56.54 48.65 74.67 |40.35 62.95 51.81 76.84|89.09 98.18 58.87 80.74

Table 6. Effect of captioning backbone on retrieval performance on the © Lenses test set. For each caption generator (Qwen3VL-30B-A3B,
Grok 4.1 Fast, InternVL3.5-38B), we report image-to-text (I—T) and text-to-image (T—1) R@1 and R@5 across the five lenses and in the
All setting, comparing a BGE-VL-MLLM baseline fine-tuned on the £ Lenses training split to our full model ( © Lenses). Within each

caption generator block, the higher score between BGE-VL-MLLM and € Lenses is shown in bold.

improve retrieval on @ Abstract and {@\ Emotional cap-
tions (e.g., Abstract T+I R@1 rises from around 30-33%
with 4B/8B/14B to 51.7%), and they boost Figurative T—1
performance as well. However, even with 38B prompts,
a pronounced gap remains between literal and non-literal
retrieval: Literal T—+1 R@1 reaches 81.9%, whereas Figura-
tive, Abstract, Background, and Emotional lenses remain in
the 48—63% range. Because the retriever, loss, and masking
are fixed across all rows, this experiment shows that simply
scaling the captioning backbone used to generate prompts
does not by itself solve polysemous retrieval on € Lenses
; strong non-literal performance still requires explicit lens-
aware supervision in the retriever rather than relying solely
on a more powerful prompt generator.

7. Implementation Details

Architecture and Parameterization. We build ; Lenses
upon BAAI /BGE-VL-MLLM-S1 [18], a LLaVA-Next style
architecture capable of interleaved vision—language process-
ing. Specifically, we utilize a frozen Mistral 7B language
backbone and a frozen CLIP-based vision tower. To adapt
the model, we introduce Low-Rank Adaptation (LoRA) [6]
to the language backbone (rank r = 16, o = 32, dropout
0.1) and keep the image projector fully trainable. While the
base model supports variable resolutions, we standardize
inputs to 512 x 512 to maintain consistent token sequence
lengths [18].

Training Protocol. We train & Lenses for approximately
10,000 steps using the AdamW optimizer. Each GPU pro-
cesses a mini-batch of 20 examples, and we use 8 GPUs
in parallel, giving 160 samples per forward pass. We then
accumulate gradients over 4 such micro-steps before each
optimizer update, resulting in an effective batch size of 640
samples per optimization step (20 x 8 x 4). We employ a
cosine annealing schedule, decaying the learning rate from
5 x 107° to 1 x 10~° with a weight decay of 0.01. To stabi-
lize training, we clip the global gradient norm at 1.0. Input

processing handles vision tokens and image-side prompts
with a maximum sequence length of 3,500 tokens, while
caption-only inputs are truncated to 256 tokens. Regarding
loss configuration, the multi-positive supervised-contrastive
retrieval loss operates with a temperature 7 = 0.07. For our
lens-aware components, we use a temperature of @ = 16.0
and a denominator of 2.0 for the smooth Chamfer similar-
ity module. Based on the ablation study in Table 8, we set
the loss weights for lens-conditioned alignment (Agjo) and
intra-image prompt diversity (Agiy) to 0.05 and 0.01, respec-
tively. Experiments were conducted on a single node with
8 NVIDIA H200 GPUs (141 GB HBM), utilizing mixed
precision and gradient checkpointing to optimize memory
efficiency.

Inference and efficiency. At inference time, users provide
only a query; no external lens label is required. The query
is encoded into lens-conditioned slots, and retrieval is per-
formed over cached image embeddings using lens-masked
similarity with a global fallback when needed. This keeps
retrieval in the bi-encoder setting: each image is encoded
once into a small set of embeddings in a single pass, and
scoring remains a dot-product-style aggregation over cached
embeddings. In practice, this introduces about a 5x embed-
ding storage overhead relative to a single global embedding
while preserving efficient retrieval.

Token Initialization. To explicitly model diverse in-
terpretations, we augment the tokenizer with a generic
marker, <PROMPT>, and five specific lens tokens (e.g.
<EMOTIONAL>, <ABSTRACT>). To facilitate rapid con-
vergence, we initialize these new tokens by copying the
learned embedding of the end-of-sequence token (</s>)
and adding small isotropic Gaussian noise (¢ = 0.1, scaled
by feature dimension) to break symmetry. To ensure consis-
tency between input and output representations, we mirror
these initialized vectors to the output embedding matrix,
training them jointly with the model.

Baselines. For a fair comparison, we implement a Fine-



Backbone [ Literal ‘ % Figurative ‘ @© Abstract ‘ [ Background ‘ @? Emotional
I-T T—1 I-T T—1 I-T T—I I-T T—I I-T T—I
R@]1 R@5 R@1 R@5|R@]1 R@5 R@] R@5|R@1 R@5 R@] R@5|R@]1 R@5 R@! R@5|R@1 R@5 R@1 R@5
BGE-VL-MLLM | 67.3 87.7 77.5 914|475 715 555 80.6|335 574 43.1 69.6|28.6 509 450 703|338 582 46.6 724
InternVL3.5-4B | 80.6 93.7 69.6 86.2|50.2 71.7 473 71.0|32.0 533 30.6 545|300 527 27.6 50.3|344 588 30.0 532
InternVL3.5-8B | 81.1 93.8 69.3 86.1 | 489 70.5 463 70.0 |31.2 519 285 527|272 489 251 474|368 609 337 58.1
InternVL3.5-14B | 82.0 942 74.0 89.3|56.8 77.7 55.6 77.0|34.1 56.8 333 587|296 520 254 48.6|346 584 314 545
InternVL3.5-38B | 80.3 93.6 81.9 93.6 | 56.0 77.6 62.7 85.2 | 413 643 51.7 76.6 | 34.0 56.5 48.7 74.7 | 404 63.0 51.8 76.8

Table 7. Effect of Backbone Scaling. We compare lens-specific retrieval performance when a single frozen © Lenses retriever is paired at
test time with different captioning backbones used to generate lens-conditioned prompts and labels. Scaling the captioning backbone to 38B
provides absolute gains, but smaller backbones (4B—14B) often underperform the BGE baseline in Text—Image retrieval, indicating that
parameter count alone does not solve polysemous mapping. The retriever is fine-tuned once on the © Lenses dataset and kept fixed; only
the prompt generator backbone varies across rows. Bold: Best; Underline: Second best.

Aslot 0.1 005 0.01
RSUM 4634 472.3 4689

Adiv 0.1 0.05  0.01
RSUM 4532 4615 465.6

Table 8. Hyperparameter sensitivity. We report Recall Sum
(RSUM) on the validation set. To select the slot weight (Agior) and
diversity weight (\giv), we train a scaled-down version of our model
on 20% of the training data and sweep each coefficient separately.
When tuning Aqoc We use the contrastive retrieval loss plus the slot
loss with Agiy=0; when tuning Agiy we use the contrastive loss plus
the diversity loss with Ago:=0.

tuned BGE-VL-MLLM baseline. This model shares the
identical architecture, data pipeline, and optimization hyper-
parameters as ; Lenses. However, it is trained solely with
a global contrastive loss over image and text embeddings,
omitting the lens-specific prompt sets and the Chamfer simi-
larity module.

Evaluation metrics. We evaluate along two axes: instance-

level retrieval accuracy and lens-specific semantic diversity.

Retrieval accuracy.

¢ Standard Recall@K (R@K). The conventional cross-
modal retrieval metric. For image-to-text (I—T), a query
is counted as correct if any caption associated with the
ground-truth image appears in the top-K retrieved cap-
tions. For text-to-image (T—1), it is correct if the ground-
truth image appears in the top-K retrieved images, regard-
less of which lens the caption belongs to.

¢ Per-category Recall@K (Lens R®@K). A per-
lens breakdown of retrieval performance with
the full gallery kept intact. For each lens ¢ €
{Literal, Figurative, Abstract, Background, Emotional},
we restrict the set of queries to those annotated with lens
¢, but we do not modify the retrieval pool: all images
(or captions) in the split remain as candidates, with
their original positives and negatives. We then compute
standard R@K on this restricted query set. This measures
how well the model serves queries from each lens without
artificially simplifying the candidate set.

Lens diversity. To measure how well the model recovers
the full spectrum of interpretations for each image, we treat
all annotated captions across lenses as positives and report:
LensCoverage@10 (LC@10). For each image, we com-
pute the fraction of its annotated lens categories that appear
at least once among the top-10 retrieved positive captions,
then average this fraction over images.

* AllLenses@10 (All@10). The percentage of images for
which every annotated lens category is represented by at
least one positive caption within the top-10 retrieved items.
Lens DCG@10. A discounted cumulative gain defined
over lens categories rather than individual captions. Each
lens contributes at most once, via the highest-ranked cap-
tion belonging to that lens; additional captions from the
same lens do not increase the score, explicitly rewarding
diversity over redundancy.

Caption DCG@10. Standard DCG computed over all
positive captions, providing a holistic view of ranking
quality without lens-specific diversity penalties.

8. Do caption lenses route to consistent image
lenses and slots?

Figure | probes how our lens-aware similarity actually or-
ganizes the image-side slots. For every caption in the 0

Lenses validation set, we record which image slot achieves
the highest score and summarize the winners by caption
lens. The left confusion matrix shows that captions strongly
prefer the matching image lens (Literal, Emotional, and
Background all peak on their own lens), while the remaining
mass is concentrated on semantically adjacent lenses such as
Figurative-Abstract, rather than being spread uniformly. The
right panel looks inside the slots themselves: each caption
lens routes to a small, characteristic subset of slots, with
different lenses specializing in different indices and only par-
tial overlap between them. Together, these patterns suggest
that the model has learned a soft but structured partition of
the image representation space, where different lenses claim
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Figure 1. Lens-aware routing on the @ Lenses validation set. Left:
captions usually select image slots from the matching lens, with
mass concentrated on the diagonal and nearby related lenses. Right:
each caption lens favors a small subset of image slots, indicating
that slots specialize by lens instead of collapsing to a single global
embedding. Values indicate the percentage of captions in each cell.

different slots rather than collapsing all semantics into one
global embedding.

9. Human validation of captions and lens labels

To evaluate the quality of the automatic annotations in 0
Lenses we conduct a human study on a subset of the test split.
We draw 367 image caption pairs in a balanced way across
the five lenses, with 72 Literal, 84 Figurative, 68 Emotional,
78 Abstract, and 65 Background examples. Each item is
evaluated by three annotators selected from a group of five
trained individuals, which gives 1101 total judgments. For
every item, the annotators see the image, the caption, and
the dataset lens label. They answer four questions. The first
measures caption quality on a four-point scale from Bad
to Excellent. The second asks whether they agree with the
assigned category. The third asks them to choose the best-
fitting lens from the five options or mark the item as none
or unsure. The fourth asks whether they used any outside
information. Before starting the task, all annotators read a
one-page guide with definitions and examples for each lens
and complete a short practice stage.

Figure 2 shows the distribution of caption quality scores.
After removing one unclear answer, we keep 1100 valid
ratings across 366 items. In total 88.0 percent of all ratings
fall in the Good or Excellent range. For 90.2 percent of
items, at least two annotators give a Good or Excellent score.
For 74.6 percent of items, all three annotators assign a Good
or Excellent score. These results show that most captions in
the study reach a strong level of quality.

Figure 3 shows per-lens statistics from the human evalua-
tion study. Caption quality is consistently high, with 88.0%
of items rated Good or Excellent by at least two annotators.
The L@? emotional lens achieves the highest rating (95.6%)
while @ abstract shows the lowest (85.9%). Inter-annotator
agreement is strong across all lenses. In 87.5% of items, at
least two annotators agree the caption fits the dataset lens,
with L] literal captions showing highest agreement (94.4%)
and @ abstract the lowest (76.9%). When selecting the best-

Distribution of Caption Quality Ratings

88.0% rated Good or Excellent
(n=968 of 1,100 judgments)
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Figure 2. Caption quality ratings over 1,100 valid judgments in the
human study.

Caption Quality and Inter-Annotator Agreement
Across Lens Categories
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Figure 3. Caption quality and inter-annotator agreement across lens
categories. Green indicates higher agreement/quality; Red indicates
lower values. Abstract lens shows consistently lower performance.

fitting lens, 96.7% of items have majority agreement and
89.4% match the original dataset category. Among items
with unanimous annotator agreement, 99.2% validate the
dataset lens assignment. The literal lens demonstrates
strongest overall performance while @ abstract shows lower
scores.

We measure inter-annotator agreement using Fleiss’
for items with three annotations (Figure 4). For the four-
level caption quality scale, the agreement value is 52.2%
with k = 0.15, which reflects variation in how annotators
judge the difference between Good and Excellent. Group-
ing the scale into positive and negative ratings increases the
agreement value to 83.6% with k = 0.23. Lens selection
shows stronger consistency. The five-way choice with an
extra None option reaches 75.7% agreement with x = 0.70,
which indicates substantial agreement on the lens that best
fits each caption. The Yes or No category question reaches
78.4% agreement with x = 0.22, influenced by the large
number of Yes responses. Only 4.0% of judgments involve
outside information, which suggests that decisions rely on
the image, the caption, and the lens definitions. These re-



Inter-Annotator Agreement Across Evaluation Questions
(3 annotators per item, N=366-367 items)
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Figure 4. Inter-annotator agreement across three evaluation ques-
tions (3 annotators per item). Agreement shows percentage of raters
choosing the same response within each item. Fleiss’ k measures
agreement strength: x < 0.20 (slight), 0.21-0.40 (fair), 0.41-0.60
(moderate), 0.61-0.80 (substantial), 0.81-1.00 (almost perfect).
Best lens selection shows substantial agreement (x = 0.70), while
quality ratings show high percentage agreement but lower « due to
the 4-level scale and skew toward positive ratings.

sults show that the automatic annotations in ; Lenses are
reliable, with strong caption quality ratings, a clear match be-
tween majority lens choice and dataset labels, and substantial
agreement on lens selection.

Relation to human preference. While a direct human pref-
erence study comparing top- K retrieved results across mod-
els would provide the most direct measure of retrieval quality
in the non-literal setting, we provide several complementary
forms of evidence that approximate human preference. Our
human validation study (Sec. 9) confirms that 88.0% of
captions are rated Good or Excellent, with substantial inter-
annotator agreement on lens assignment (x = 0.70), estab-
lishing that the underlying annotations align with human
judgment. Lens-aware metrics such as LC@10 and All@10
measure whether retrieved results cover multiple valid inter-
pretations of an image, while Lens DCG@ 10 and Caption
DCG @10 assess the ranking quality of those interpretations.
Transfer results on ArtEmis further evaluate performance
on human-written emotional captions, providing a comple-
mentary test of alignment with human multi-perspective
semantics. Together, these results provide converging evi-
dence that © Lenses retrieves results that better reflect the
diversity of interpretations people assign to the same image.
A controlled human preference study over retrieved results
remains a valuable direction for future work.

10. Qualitative examples from € Lenses

Figs. 5 and 6 show random examples from the © Lenses
dataset, where each image is paired with five captions anno-
tated under our Literal, Figurative, Abstract, Emotional, and
Background lenses. Fig. 7 shows random examples of image-
side prompts, which are used as lens-specific query anchors.
Together, these samples illustrate the range of visual do-
mains covered by the dataset, from natural landscapes and
abstract art to everyday scenes and human activities, as well

as the diversity of non-literal semantics expressed through
both captions and image-side prompts. They also provide a
qualitative sense of how the same image can support multi-
ple, lens-specific readings that go beyond literal description,
further motivating the need for lens-aware retrieval models.

11. Role of Architecture vs. Data Diversity

A natural question is whether the gains of © Lenses stem
primarily from the diverse multi-lens training data or from
the lens-aware architecture itself. To disentangle these fac-
tors, we fine-tune CLIP and BGE-VL-MLLM on the same
€ Lenses training split and compare against our full model
in Tab. 9.

5T | Tl
R@1 R@5 R@1 R@5
Zero-shot
CLIP 8.88 20.97 3.85 16.16
Fine-tuned on € Lenses dataset
CLIP 47.90 77.61 28.07 49.17

BGE-VL-MLLM |80.89 96.16 53.88 77.84
© Lenses- All |89.09 98.18 58.87 80.74

Table 9. Architecture ablation on the : Lenses test set. All fine-
tuned models are trained on the same © Lenses training split;
differences therefore reflect architectural capacity for polysemous
alignment.

While ; Lenses shares the same backbone as BGE-VL-
MLLM, it replaces the single pooled embedding with lens-
conditioned slots and lens-masked matching, complemented
by slot-alignment and diversity losses that prevent embed-
ding collapse. Fine-tuning CLIP on the & Lenses data
yields only 47.90% / 28.07% R@1 (I—T / T—I), confirm-
ing that a single global embedding is insufficient for cap-
turing multi-lens semantics. £ Lenses outperforms CLIP
by +41.19 points on I-T R@1. Even compared to the
stronger BGE-VL-MLLM baseline trained on identical data,
C Lenses improves by +8.2 on =T and +5.0 on T—I
R@1, demonstrating that the lens-aware architecture—not
merely data diversity, drives the performance gains. Fur-
thermore, the main paper (Tab. 3) shows that lens-masked
matching improves over lens-agnostic matching with embed-
dings held fixed, isolating the structural contribution of the
lens-conditioning mechanism.

12. Prompt design for data generation and vali-
dation

We have used a set of text prompts instructions to drive the
entire Lenses data pipeline: image selection, image-side
prompt generation, category-conditioned captioning, and
multi-stage quality control. All prompts share the same
five lens definitions, so that supervision is consistent across
images, captions, and image-side prompts.



I_..J Literal ——3 Two robed figures in dark cloaks stand near a rocky precipice, h

observing pale spectral shapes on a far-off ridge.

A, . .
9% Fi 2 The uneven stone underfoot appears precarious, reflecting the
q?P FIgUI’GTIVG vulnerability of determination in the face of the unknown.

@ Abstract The vast gulf embodies a profound separation between existence

and the echoes of the past, or vitality and nothingness.

@ Emotional— The barren vista heightens the solitude of the cloaked observers

confronting the eerie spectacle.

Steep rock formations rise vertically against the broad expanse of
e cloudy sky, building a feeling of precarious balance.
] Background-3 inc'cioudy sky, building a feeling of precarious bl

J

(" . Two abstract horses, white and brown, rise up dynamically in a
L.!] L”erql — p ay y

vivid, patterned space, with riders grasping angular objects.

A, . . . . . .
7% Fi g Opposing forces meet: the white horse swirls in disorder with
qu" FIgUI'G‘l‘IVG curving lines, the brown one stands firm with defined edges.

A fusion of regularity and wildness, precise angles clashing with
@ Abstract » flowing contours under a warm sky.

0 . Bright energy bursts in a vortex of movement, capturing a blend of
@ Emotional— conflict cmc?plqy in suspended action.

A fantastical setting of yellow curves and mosaic panels encloses
L Iy BGCkgI’OUﬂd-) the event, like an illusory stage of nonsense.

J
e . ~
I_..J Literal 3 A lone oak tree perches on a grassy hill beneath a dark, cloudy sky,)

with a dilapidated wooden fence in the foreground.

8% Figurq’rive The isolated tree endures the ominous clouds, representing stead-
q?P fastness amid approaching turmail.

The twisted branches of the tree embody endurance and the pas-
@ Abstract—> sage of time in harsh conditions.

% . 3 The desolate landscape evokes a sense of isolation and foreboding
@ Emotional with the solitary tree standing vigil.

The broken wooden fence stretches across the dry grass, highlight-
ing the emptiness of the open field. )

\

L..J Literal 3 In a yellow elevator, a fully armored knight holds a briefcase next A

to a woman in a blue business suit carrying her own case.

A, . . . . .
9% Er 2 The knight's medieval plating hinders rather than helps in today's
q?P Flgurq’rlve corporate battles.

@ Abstract =3 Epochs collide: chivalric defense encounters sleek professionalism.

) . A tense mix of ancient valor and modern efficiency creates an
@ Emotional— awkward harmony.

“You look sufficiently armored
for this afterncon’s mooting.”

shutterstr.ck
|\

The enclosed yellow walls of the elevator highlight the bizarre
BQCkgI’OUﬂd-) temporal mismatch.

\ /

L..J Literal 3 Weathered stone and brick surround a fractured window opening )

to clear sky.

A, . . . .
N Er . The doamaged frame warns of encroaching deterioration in the
ﬁ?P" FIgUI'CIfIVe aging masonry.

@ Abstract 3 Empty frame opens to vastness, magnifying solitude in resonant

emptines.
08 8 Bright azure expanse gazes through the breach, witnessing the
®) Emotional—s Pl szire =rce
Upper masonry layers narrate erosion and past craftsmanship in
li_" Background-y _PPe e )

e ; ; 5 N
. N A woman places her hand against a rain-covered window, her face
L..J Literal partially visible through the streaks.

A,
7 Er . Her hand on the glass creates a boundary between her world and
{P FIgUI’GTIVe the rainy exterior, symbolizing separation.

@ Abstract 3 Rain distorts the woman's reflection, blending her image with the

watery exterior.

% . 3 The woman's intense expression conveys longing as rain mimics
@ Emotional tears on the window.

Geometric pots with plants sit in the foreground, framing the art-
L BCICkgI"OUI‘Id—) work on the wall. )
. J

Figure 5. Random caption samples from £ Lenses.



-

0 —_— Flames burn vigorously inside a metal bowl, with grass visible in )
LI.J Literal the chkgroung.

A,
@" Flgurqhve The flames move fluidly like molten metal, twisting in the heat.

@ Absirqcf—) The fire signifies change, where ending leads to new beginnings.

@ Emotional— The fire's bright light spreads a feeling of comfort and ancient

power.

L location.

F chkgrOUﬂd—) Green grass encircles the fire, indicating a natural outdoor
J

s

L..J Literal 3 A woman sits cross-legged in meditation on a rocky cliff edge, with)

a vast blue sky above and clouds far below.

2 ; " ST
% E; 2 The cliff top acts as a springboard for her meditative rise,
ﬁ?P" Flgurahve symbolizing rebirth amid nature's heights.

Isolated on the peak, she represents the equilibrium found in
@ Abstract P solitude against nature's unpredictable forces.

% . Her calm meditation amid the expansive sky conveys a profound
@ Emotional— sense of peace and liberation from earthly gounds.

| /

Layers of clouds stretch endlessly below, blending seamlessly into
I"—_I chkground—) the gradient blue sky overhead.

( )

L.lJ Literal N A shiny red heart levitates over its dark shadow, encircled by

elaborate pink flourishes.

%% E: g The vivid heart signals passion's lead, rising prominently from the
ﬁ?P" FIgUFQfIVG swirling backdrop.

The heart teeters on affection's edge, exposed yet resilient in its
@ Abstract ¥ shadowed form.

% . 3 The heart radiates fierce intensity, embodying passion that endures
@ Emotional beyond shadows.

\ heart's emotional depth

I~ BQCkgI’OUI’ld—) Elaborate pink curls weave a backdrop of desire, mirroring the

Vs

. In a stone niche, a carved statue gazes down upon a kneelin
1] Literal =——> 9 P 9

figure in the rocky foreground.

A . . . . .
9% Fi R The immobile carving stands as protector while the kneeling form
q?Po FIgUI’CIfIVG embodies humble seeking.

The valley's curving line through the terrain symbolizes progression
@ Abstract ¥ toward shrouded summits.

@ Emotional— The vast, colored expanse stirs feelings of awe and introspective

peace.

Rose and violet hued mountains ascend beneath a sky roiling with
\ Iy BGCkgI"OUﬂd—) pink and blue clouds. )
-

L..J Literal 2 An oranﬁe jack-o'-lantern features a carved bat outline that glows\

from within, positioned against a smooth color-blended backdrop.

A
E(q?P\° F|g urative A vessel of fall evenings, shadows flickering in its radiant core.

A gateway linking realms, light and shadow merging in autumn
@ AbeI’GC‘l‘—) ce?emony%, ° ¢ 9ne

@ Emotional—s; 'gl'l'cw)leJrcdc.ozy light of playfulness and enigma shines from the emptied

e Backg round-> The backdrop's milky fog fades into yellow, echoing the pumpkin’s
/

\_ inner blaze
(

L.-J Literal =——> Diverse protesters fill opposing escalators in a mall atrium, holding\

signs against racism and for revolution.

~ - - - -
o B . The counter-moving escalators symbolize clashing societal forces,
@o Flgurq’rlve with voices rising amid the divide

This gathering signals a profound societal upheaval, halting routing
@ Abstract— for demands of justice

% . Faces show determination and solidarity, fueling a vibrant energy
@ Emotional— of collective resolve.

\

The modern glass-enclosed space with bright lights hosts this raw
Ty BCICkgI"OUI‘Id-) display of public dissent.

/

Figure 6. Random caption samples from £ Lenses.



L..J Literal ——> A lone figure stands in a snow-covered valley, their flashlight cast- )

ing a beam between towering rock walls under a starry sky.

:(%}o Figurq’rive A fragile beam of light pierces the darkness, symbolizing hope in
an overwhelming expanse of frozen wilderness.

@ Abstract 3 The jagged edges of the cliffs mirror the chaotic beauty of a

universe in motion, where light and shadow collide.

% 2 3 A vast, unbroken starfield stretches endlessly, whispering the
@ Emotional insignificance of human presence in the grand scale of time.

. The valley floor, blanketed in untouched snow, reflects the aurora’s
L F BGCkgI’OUﬂd > glow like a frozen lake of liquid light. )

(" . A detailed black-and-gray fattoo of a woman's face with tears stream- )
L..J Llferal s ing down her cheeks, wearing an ornate crown, and a rose positioned
below her chin.

A TR —
%% Ei o A crown adorned with intricate patterns, symbolizing a blend of re-
qTPO Flgurahve gality and sorrow, encircling a H;ce marked by grief.

Sunburst rays emanating from behind a crowned figure, creating a
@ Abstract ¥ halo effect that contrasts with the melancholic tears on her face.

@ E . I A close-up of a tattooed arm, where the texture of the skin and the
¥ motional— crisp lines of the artwork blend into a somber, introspective mood.

A white paper towel background emphasizing the stark, grayscale

Background-»

q ¥ tattoo, highlighting the isolation of the depicted sorrow. )
(" . A muscular superhero stands confidently on a hilltop, hands on )
L..J Literal = hips, wearing a red costume with a yellow lightning bolt emblem

and a flowing black cape.

A, . . .
4% E: . The lightning bolt emblem on the superhero’s chest symbolizes
q?P Flgura’rlve raw energy and uncontainable power.

% . 3 The warm, glowing sunset colors evoke a sense of friumph and
@ Emotional hope after a long struggle.

A radiant sunburst of red and orange rays fills the sky behind a
" silhouetted city skyline, creating a dramatic backdrop.

. /
-

I_..J Literal 3 Golden accents pierce through the darkness like forgotten sunlighf?

illuminating fragments of a ceremonial garment.

N B . A crown of contradictions - jagged edges softened by flowing lines,
qTPO FIgUFGfIVE representing the duality of power and fragility.

Vertical drips and horizontal slashes create a textured tapestry,
@ Abstract ¥ where every stroke feels like a heartbeat frozen in time.

@ Emotional—3 The heavy gaze of a masked figure, surrounded by swirling abstrac-

tion, evokes a sense of guarded mystery and ancestral authority.

Two silhouetted birds perched on a stark white ledge, contrasting
sharply with the surrounding storm of color and motion.

. /
([0 Literal ——» Toe mepetes s he stue baserancher e in i
§ Figurative—s e Infepedion o e ol conempleve T ond s rmamic
@ Abstract—s e gy et b e St o e e e
(®) Emotional—s [ peiving sesiue of he gt seue vckes urgency vhie e
| [P Background—> &3is7pling efec slhovsfe cfpeorle cosin o fyered |
2

(" . A young girl in a playful stance, reaching out to a butterfly,
L..J Literal ) surrounded by a swarm of fluttering butterflies, all depicted as black

silhouettes against a white background.

= — —
o B . A child's attempt to grasp the ephemeral, symbolizing the human
ﬁ?P° Flgurahve desire to hold onto fleeting moments of beauty and transformation.

The interplay between stillness and motion, representing the balance
@ Abstract ¥ between human aspiration and the unpredictable nature of life.

@ E i I A serene and whimsical atmosphere where innocence meets
. mortiona ? curiosity, evoking a sense of childlike wonder and gentle joy.

NP . T . I:l o A stark white expanse that amplifies the contrast of dark silhouettes)|
L BCICkgI"OUﬂdf) creating a dreamlike void where imagination takes flight. )
_ WV,

Figure 7. Random image-side prompt samples from £ Lenses.



Image-level filtering. Before generating annotations, we
use Prompt | to discard images that do not clearly support
multiple non-literal interpretations. Given an image, the
model is asked to decide whether it admits clearly different
non-literal interpretations in the Figurative or Abstract cat-
egories and to answer with a single token (YES/NO). The
instructions are intentionally conservative: the model should
only return YES if it is fully confident that the image sup-
ports multiple distinct readings, and it must return NO for
images that are purely Literal, purely Emotional, or purely
Background focused. This stage prunes away uninformative
or unambiguous cases so that downstream prompts operate
on images with genuine polysemy.

Image-side prompt generation. For images that pass the
filter, we generate rich image-side prompts using Prompt 2.
The model is instructed to produce a variable-sized set of
short prompts, each with a single explicit focus ("Focus"
field) and an associated "Category". The prompt text
must be self-contained, and visually grounded. The tem-
plate explicitly encourages syntactic variation (imperative,
descriptive, contrastive, rhetorical question), and enforces
strong lens control:

* Figurative prompts must contain at least one idiom drawn
from a curated phrase bank of conventional metaphors (e.g.
house of cards, glass ceiling, Trojan horse), grouped into
thematic families (warnings, traps, fragility, complexity,
social dynamics, and so on).

* Emotional and Abstract prompts may optionally use an
idiom if it fits naturally.

* Literal and Background prompts are prohibited from using
phrase bank items.

The phrase bank is a manually curated lexicon of conven-

tional English idioms and fixed multi word expressions (e.g.

house of cards, elephant in the room, black swan) that en-

code abstract notions such as evidence, risk, control, and
cascading change. We follow standard linguistic treatments
of idioms as conventional, often partly non-compositional
expressions [4, 9, 10] and design phrase bank as a small,
task-specific analogue of idiom resources used in NLP such

as the MAGPIE corpus [5].

At the prompt level, we additionally require that roughly
40% of prompts per image use at least one idiom. In-
ternal checks encourage the generator to stop when ad-
ditional prompts would be redundant, and to avoid hal-
Iucinated objects, repeated heads, or near duplicate para-
phrases. The resulting JSON records store Prompt, Focus,
and Category, which we later reuse as image-side lens
prompts during embedding training.

Category-conditioned caption generation. We generate
lens-aware captions with Prompt 3. This template asks the
model to produce a small set of diverse captions that each

present a different way of seeing the same image, while main-
taining visual grounding. The prompt explicitly requires
coverage across all five lenses. As in the image-side prompt
template, each caption is accompanied by a "Focus" and
a "Category" field.

Text-only validation and refinement. Both image-side
prompts and captions are passed through a text-only cleanup
stage using Prompt 4. Here, the model receives a JSON
object with a "Caption" or "Prompt", its "Focus",
and its assigned "Category". The instructions focus on
three tasks: lightly edit grammar, spelling, and punctuation
and remove machine artifacts (leftover labels, stray quotes,
truncation), check that the text is consistent with its Cate-
gory under the lens definitions, and discard items that cannot
be fixed without changing their meaning or hallucinating
content. Crucially, the Focus and Category fields are treated
as fixed; if they are fundamentally mismatched to the text,
the validator is instructed to discard the item by returning
an empty string rather than silently reassigning labels. This
stage improves fluency and reduces prompt-engineering arti-
facts before any image-grounded checks.

Test set visual validation. Finally, for all test instances
we apply an image-conditioned validator, Prompt 5, which
takes the IMAGE together with the JSON array of candi-
date captions or prompts. This prompt reuses the same lens
definitions but now treats the image as the source of truth, ex-
plicitly checking both well-formedness and visual grounding
of each text. The validator must ensure that every concrete
object, attribute, and relation mentioned is supported by the
image or can be reliably inferred; otherwise, it may either
soften or remove the offending fragment or discard the item
entirely. As in the text-only stage, it may not change the
Category, and it must discard items that cannot be reconciled
with their lens label without altering their core meaning.

Listing 1. PROMPT-Image filtering instruction

PROMPT-Image filtering
You are given an image.

Lens definitions:

— Literal: Describes concrete objects and actions

that are directly visible in the image.

— Figurative: Uses metaphor, idiom, symbolism, or

other non-literal language where the
intended
meaning goes beyond what is literally shown (
for example, "bad apple", "black box",
"dirty money").

- Emotional: Focuses on the mood or feeling of
the scene or characters (for example,
loneliness,

joy, tension), not just what things look like.

— Abstract: Talks about high-level ideas or

themes (for example, freedom, chaos, memory,



conflict)
actions.

Background: Describes the context,
environment, style,
that

frames the main subject but is not itself the
main focus, or focuses on background objects.

instead of concrete objects or

setting,
or artistic technique

Task:

1.

Decide whether the image supports clearly
different non-literal interpretations in the

Figurative or Abstract categories.

Answer YES only if you are fully confident
that the image has multiple distinct possible

meanings across these non-literal categories.

If you are not completely certain that this
requirement is met, answer NO.

Images that are only Literal, only Emotional,
or only Background focused should also be

answered with NO.

Output format:

Do not output captions,
explanations.
Output exactly one word: YES or NO.

categories, or

Listing 2. PROMPT-Image-side prompts instruction

PROMPT-Image-side prompts

You are given an IMAGE. Generate a set of text

PROMPTS that emphasize different

aspects of the scene so that embeddings capture

varied meanings. Do not fix the

number: produce as many prompts as are genuinely

distinct, and stop when further

prompts would overlap.

Lens definitions:

Literal: Describes concrete objects and actions
that are directly visible in the image.
Figurative: Uses metaphor, idiom, symbolism, or
other non-literal language where the
intended meaning goes beyond what is literally
shown.
Emotional: Focuses on the mood or feeling of
the scene or characters (for example,
loneliness, joy, tension), not just what things
look like.
Abstract: Talks about high-level ideas or
themes (for example, freedom, chaos, memory,
conflict) instead of concrete objects or
actions.
Background: Describes the context, setting,
environment, style, or artistic technique
that frames the main subject but is not itself
the main focus, or focuses on background
objects.

RULES

One focus per prompt (object,
texture, color palette, composition cue,

or theme) .

Each prompt is self-contained (no "this image"
or "this photo"), with 10-28 words.

Rotate syntax (imperative, descriptive,
contrastive clause, rhetorical question) to

region, relation,

increase variety.
— Use the Categories when applicable: Literal,
Figurative, Emotional, Abstract, Background.

CATEGORIES

— Literal: straightforward, denotative
descriptions grounded in visible content.

- Figurative: MUST use at least one phrase from
PHRASE_BANK.

— Emotional: focuses on atmosphere or affect.

— Abstract: treats the scene as an idea or theme.

- Background: reads the context independent of
the main subject.

FIGURATIVE USE
— Figurative prompts MUST include at least one
idiom from PHRASE_BANK (conventional
meaning only) .
— Emotional or Abstract prompts MAY include an
idiom if it fits naturally.
- Literal or Background prompts MUST NOT contain
idioms from PHRASE_BANK.
- For this image, target about 40 percent of
prompts to be idiomatic (round up);
reusing the same idiom twice when possible.

avoid

PHRASE_BANK

Warnings & Evidence

smoking gun; canary in a coal mine; third rail;
red flag; bellwether; tipping point;

line in the sand; watershed moment; writing on
the wall

Traps, Dilemmas & Costly Wins

Catch-22; Hobson’s choice; Faustian bargain;
poisoned chalice; Pyrrhic victory;

double-edged sword; pick your poison;
hard place

rock and a

Deception, Illusion & Soft Power

smoke and mirrors; shell game; red herring;
Trojan horse; paper tiger; Potemkin village;

bait and switch; dog whistle; stalking horse

Fragility, Risk & Volatility

house of cards; sword of Damocles; thin ice;
tightrope; powder keg; shaky ground;

glass jaw; walking a minefield

Effort, Struggle & Limits

Sisyphean task; Herculean task; uphill battle;
swimming upstream; long slog;

running on fumes; burning the candle at both ends
; move the needle

Complexity, Change & Cascades

Gordian knot; rabbit hole; butterfly effect;
domino effect; sea change; paradigm shift;

tectonic shift; ripple effect

Time, Deadlines & Inevitability

eleventh hour; last straw; point of no return;
train has left the station;

on borrowed time; wheels already in motion; the
clock is ticking



Boundaries, Access & Control

velvet rope; walled garden; back door; open
secret; revolving door; gatekeeper;

skeleton key; closed book

Rarity, Ambition & Extremes

black swan; once in a blue moon; lightning in a
bottle; needle in a haystack;

moonshot; long tail; outlier; edge case

Social Dynamics & Discourse

elephant in the room; echo chamber; straw man;
moving the goalposts; glass ceiling;

party line; chorus of approval; whisper network

Quests, Guides & Obsessions

holy grail; white whale; north star; lodestar;
Rosetta stone; golden fleece;

compass point; guiding light

Consequences & Endings

nail in the coffin; slippery slope; pay the piper
; burn bridges; day of reckoning;

tipping the scales; crying over spilled milk;
pandora’s box (opened)

Systems, Tech & Operations (modern idioms and
jargon widely used metaphorically)

single point of failure; bus factor; happy path;
garbage in, garbage out;

canary release; fail safe; black box; feedback
loop

Perspective, Mirrors & Multiplicity

house of mirrors; two sides of the same coin;
looking glass world; cat’s eye view;

blind spot; bird’s eye view; tunnel vision;
double take

Renewal, Cycles & Resilience

phoenix rising; second wind; turning the page;
fresh start; green shoots;

silver lining; tide turns; springboard

Add ons

tip of the iceberg; calm before the storm;
stacked deck; zero-sum game; moving target;

shifting sands; under the radar; in plain sight;
back to the drawing board; trial by fire;

silver bullet; technical debt; red tape; cut
corners; level playing field; break the ice;

open the floodgates; paper trail; wild card; ace
up the sleeve

OUTPUT (JSON array only)
[
{"Prompt":"<text>","Focus":"<object/region/idea
>",
"Category":"Literal |Figurative |Emotional |
Abstract |Background"},

INTERNAL CHECK (do not print)

— Variable set size with clear novelty; stop
before redundancy.

— About 40 percent of prompts for this image

contain PHRASE_BANK idioms; none in Literal
or Background.
- Strong visual grounding; no hallucinated
objects; minimal head noun or idiom
repetition.

Listing 3. PROMPT-Category-conditioned caption generation in-
struction

PROMPT-Category-conditioned caption generation

You are given an IMAGE. Generate a set of diverse
, self-contained captions that each

present a distinct way of "seeing" the same
picture. Maintain visual grounding while

weaving in meaning-dense idioms, metaphors, and
loaded phrases when appropriate.

Lens definitions:
— Literal: Describes concrete objects and actions
that are directly visible in the image.
- Figurative: Uses metaphor, idiom, symbolism, or
non-literal language where the intended
meaning goes beyond what is literally shown.
- Emotional: Focuses on the mood or feeling of
the scene or characters (for example,
loneliness, joy, tension), not just what things
look like.
— Abstract: Talks about high-level ideas or
themes (for example, freedom, chaos, memory,
conflict) instead of concrete objects or
actions.

— Background: Describes the context, setting,
environment, style, or artistic technique
that frames the main subject but is not itself
the main focus, or focuses on background

objects.

GOALS

— Coverage: span literal description, mood,
symbolism, setting, and style.

— Figurative control: add idioms or metaphors
only when they naturally fit visible elements

— Non-overlap: each caption must highlight a
different facet (no near duplicates).

MANDATES ABOUT PHRASE_BANK
— For every Figurative caption, you MUST include
at least one phrase from PHRASE_BANK and
use it in its conventional sense.
— Emotional or Abstract captions MAY include a
PHRASE_BANK item if it naturally fits.
— Literal and Background captions SHOULD NOT use
PHRASE_BANK items.
— Across the whole set for this image, ensure at
least 40 percent of captions use at least
one PHRASE_BANK item.

METHOD (think, then write)
1) Parse the scene: salient objects, relations,
composition cues (rule of thirds, symmetry
or leading lines), materials or textures,
colors, foreground or background, and any
actions.
2) Map visible concretes to abstract themes (risk
, fragility, power, isolation, renewal,



deception, scarcity, etc.). Consider candidate
idioms whose meanings match these themes.

3) For each caption, pick ONE focus and ONE
rhetorical device set (if any). Keep it
concise
(8-22 words), standalone (no "this image" or "
this photo"), and free of brand names or

private data.

CATEGORIES (produce at least one caption per
category)

— Literal: straightforward, denotative
description grounded in visible content.

- Figurative: MUST use at least one phrase from
PHRASE_BANK.

— Emotional: emphasizes atmosphere or affect.

— Abstract: presents the scene as an idea or
theme.

— Background: reads the context independently of
the main subject.

STYLE GUARDRAILS

— Faithfulness: no hallucinated objects;
figurative language must align with what is
visible.

— Diversity: vary syntax and vocabulary; avoid
repeating the same idiom family or head nouns

— Safety: avoid stereotypes and outdated or
offensive expressions.

PHRASE_BANK (curated; choose zero, one, or two
per caption as allowed above)

Warnings & Evidence

smoking gun; canary in a coal mine; third rail;
red flag; bellwether; tipping point;

line in the sand; watershed moment; writing on
the wall

Traps, Dilemmas & Costly Wins

Catch-22; Hobson’s choice; Faustian bargain;
poisoned chalice; Pyrrhic victory;

double-edged sword; pick your poison; rock and a
hard place

Deception, Illusion & Soft Power

smoke and mirrors; shell game; red herring;
Trojan horse; paper tiger; Potemkin village;

bait and switch; dog whistle; stalking horse

Fragility, Risk & Volatility

house of cards; sword of Damocles; thin ice;
tightrope; powder keg; shaky ground;

glass jaw; walking a minefield

Effort, Struggle & Limits

Sisyphean task; Herculean task; uphill battle;
swimming upstream; long slog;

running on fumes; burning the candle at both ends
; move the needle

Complexity, Change & Cascades

Gordian knot; rabbit hole; butterfly effect;
domino effect; sea change; paradigm shift;

tectonic shift; ripple effect

Time, Deadlines & Inevitability

eleventh hour; last straw; point of no return;
train has left the station;

on borrowed time; wheels already in motion; the
clock is ticking

Boundaries, Access & Control

velvet rope; walled garden; back door; open
secret; revolving door; gatekeeper;

skeleton key; closed book

Rarity, Ambition & Extremes

black swan; once in a blue moon; lightning in a
bottle; needle in a haystack;

moonshot; long tail; outlier; edge case

Social Dynamics & Discourse

elephant in the room; echo chamber; straw man;
moving the goalposts; glass ceiling;

party line; chorus of approval; whisper network

Quests, Guides & Obsessions

holy grail; white whale; north star; lodestar;
Rosetta stone; golden fleece;

compass point; guiding light

Consequences & Endings

nail in the coffin; slippery slope; pay the piper
; burn bridges; day of reckoning;

tipping the scales; crying over spilled milk;
pandora’s box (opened)

Systems, Tech & Operations (modern idioms and
jargon widely used metaphorically)

single point of failure; bus factor; happy path;
garbage in, garbage out; canary release;

fail safe; black box; feedback loop

Perspective, Mirrors & Multiplicity

house of mirrors; two sides of the same coin;
looking glass world; cat’s eye view;

blind spot; bird’s eye view; tunnel vision;
double take

Renewal, Cycles & Resilience

phoenix rising; second wind; turning the page;
fresh start; green shoots; silver lining;

tide turns; springboard

OUTPUT (JSON array only; no extra text)
[

"Caption": "<text>",
"Focus": "<object/region/idea>",
"Category": "Literal|Figurative|Emotional |

Abstract |Background"

QUALITY CHECK (internal; do not print your notes)
- If an idiom would mislead (for example, "
smoking gun" without any evidence motif),
choose a different phrase.
- Ensure at least 70 percent token difference
between captions; vary heads and modifiers.
— Prefer concrete to abstract metaphors; keep



meanings conventional and consistent with the
visual evidence.

Listing 4. PROMPT-Validation and refinement instruction

PROMPT-Validation and refinement

You are a validator and light editor for captions
and prompts in a vision-language dataset.

Each input item is a JSON object:
{

"Caption" | "Prompt": "<candidate text>",
"Focus": "<object/region/idea>",
"Category": "Literal|Figurative|Emotional |

Abstract |Background"

Your job is to validate and, when needed,
minimally revise each item so that texts are

well formed, free of artifacts, and consistent
with their assigned Category.

Lens definitions (for Category) :
— Literal: Describes concrete objects and actions
that are directly visible in the image.
- Figurative: Uses metaphor, idiom, symbolism, or
non-literal language where the intended
meaning goes beyond what is literally shown.
— Emotional: Focuses on the mood or feeling of
the scene or characters (for example,
loneliness, joy, tension), not just what things
look like.
— Abstract: Talks about high-level ideas or
themes (for example, freedom, chaos, memory,
conflict) instead of concrete objects or
actions.

— Background: Describes the context, setting,
environment, style, or artistic technique
that frames the main subject but is not itself
the main focus, or focuses on background

objects.

Validation rules:
1. Grammar and fluency
- Fix grammar, spelling, and punctuation.
- Remove machine artifacts (leftover labels,
extra quotes, truncation, placeholders).
— Keep the original meaning and perspective as
much as possible.

2. Category alignment
— Check that the text matches its Category
according to the definitions above.
- Do not change Focus or Category. If they
clearly cannot match, discard the item.

3. Discard rule
- If a text cannot be fixed without changing
its meaning or hallucinating content,
discard it by outputting an empty string for
the Caption/Prompt value.

OUTPUT (JSON array only; no extra text)
[

"Caption" | "Prompt": "<final text or \"\" if

discarded>",
"Focus": "<object/region/idea>",
"Category": "Literal|Figurative|Emotional |
Abstract |Background”
}I

Listing 5. PROMPT-Test set validation instruction

PROMPT-Test set validation

You are a visual grounding validator and light
editor for test set captions and prompts

in a vision-language dataset, using the image as
the source of truth.

For each test instance you receive:

— One IMAGE.

— A JSON array of items of the form:
{

"Caption" | "Prompt": "<candidate text>",
"Focus": "<object/region/idea>",
"Category": "Literal|Figurative|Emotional |

Abstract |Background"

Your job is to check that every text is:

1) well formed and free of obvious artifacts, and

2) visually grounded in the IMAGE and consistent
with its Category.

If an item fails these checks and cannot be fixed
with small edits, you must discard it.

Lens definitions (for Category) :
— Literal: Describes concrete objects and actions
that are directly visible in the image.
— Figurative: Uses metaphor, idiom, symbolism, or
other non-literal language where the
intended meaning goes beyond what is literally
shown, while still being conceptually
connected to the visible content.
— Emotional: Focuses on the mood or feeling of
the scene or characters (for example,
loneliness, joy, tension), not just what things
look like.
— Abstract: Talks about high-level ideas or
themes (for example, freedom, chaos, memory,
conflict) instead of concrete objects or
actions, but still rooted in what the image
suggests.

- Background: Describes the context, setting,
environment, style, or artistic technique
that frames the main subject but is not itself
the main focus, or focuses on background

objects.

Verification rules:

1. Grammar and artifacts
- Fix grammar, spelling, and punctuation when
needed.
- Remove machine artifacts such as leftover
labels ("Caption:", "Category:", indices),
stray quotes, placeholders ("<text>", "<
object>"), or truncated fragments.



— Keep the original intention and perspective
as much as possible.

2. Visual grounding
— Check that all concrete objects, attributes,
actions, and relations mentioned in the
text are supported by the IMAGE.
- If a specific object, detail, or relation is
not visible or cannot be reliably
inferred from the IMAGE, either:
* remove or soften that part of the text
while keeping the rest grounded, or
* if that would destroy the main meaning,
discard the item.
- Do not introduce new objects, actions, or
specific details that are not seen
in the IMAGE.

3. Category alignment
— Check that the text matches its Category
according to the lens definitions.
— Do not change Category or Focus. Instead:
* If the text can be edited slightly so
that it matches its Category and remains
visually grounded, perform the edit.
* If the text clearly cannot match the
Category without changing its core meaning,
discard the item (set the text to an
empty string) .

4. Figurative and idiomatic content

- Figurative items may use idioms or metaphors
, but they must remain conceptually
compatible with the IMAGE (no idioms that
imply events or evidence that are clearly
absent) .

- Do not add new idioms. You may remove or
simplify them if they conflict with the
visual content.

Discard rule:
- If a text is severely ungrammatical, dominated
by artifacts, clearly ungrounded in the
IMAGE, or fundamentally mismatched with its
Category in a way that cannot be fixed by
small edits, discard it by setting its Caption/
Prompt value to "".

OUTPUT (JSON array only; no extra text)
Return a JSON array with the same structure as
the input, where each item is:

"Caption" | "Prompt": "<final text or \"\" if
discarded>",

"Focus": "<object/region/idea>",

"Category": "Literal|Figurative|Emotional |
Abstract |Background"

- If you apply minor corrections, output the
corrected text.

- If you decide to discard an item, output an
empty string "" for the Caption/Prompt value.
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