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Abstract

Frozen vision-language models already en-
code object, attribute, relation, and caption in-
formation, but a single vector exposes all of
these signals through the same access pattern.
We ask whether vector length can become
a semantic access control: short prefixes an-
swer coarse queries, while longer prefixes add
finer distinctions. GraSP-VL learns one shared
near-orthogonal transform for image and text
embeddings and assigns a fixed, configurable
prefix contract. At inference, the transform is
applied once and ordinary cosine retrieval uses
the prefix required by the task. On a 20,147-
example COCO/Flickr30K pool, GraSP-VL
reaches a staircase score of 53.01 and hard-
negative selectivity of 89.76 with full-space
drift below 10−6. Full-dimensional ImageNet-
V2 classification and Flickr30K/COCO Karpa-
thy retrieval are unchanged, while held-out
human-caption retrieval improves at shorter
prefixes. These results show that length can
reorganize access to frozen VLM semantics
rather than merely compressing them. Code
and project page are available at https://
lizesheng13.github.io/Grasp-VL/.

1 Introduction

Vision-language models (VLMs) such as CLIP
make one embedding space support caption re-
trieval, zero-shot recognition, and prompts at
very different semantic resolutions (Radford et al.,
2021; Jia et al., 2021; Zhai et al., 2022; Cherti
et al., 2023). This is convenient, but it hides an
interface mismatch: sometimes a query only asks
for an entity such as dog; sometimes it asks for an
attributed phrase such as brown dog; sometimes
the crucial information is a relation or event such
as dog running through snow. A monolithic em-
bedding gives all of these questions the same ac-
cess pattern. Our premise is that frozen VLM out-
puts contain multi-granularity semantic signals;
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Figure 1: Teaser: selectivity–preservation trade-off.
GraSP-VL reaches the desired upper-left region, com-
bining high hard-negative selectivity with near-zero
full-space drift.

the missing piece is a controllable way to access
them.

The usual way to make embeddings shorter is
to truncate, project, or compress them. These op-
erations may preserve performance, but they do
not tell us what the shorter vector is supposed to
mean. The first small fraction of a frozen CLIP em-
bedding is not guaranteed to be object-level; PCA
may keep strong variance directions, but it does
not know that a prefix should represent entities be-
fore attributes or relations. In this paper we study
a different interface question: can representation
length itself indicate semantic granularity?

This question is close to, but distinct from,
Matryoshka-style representation learning (Kusu-
pati et al., 2022; Yoon et al., 2024; Zhang et al.,
2025), which makes multiple prefix lengths useful
under different storage or latency budgets. Our tar-
get is not just usefulness under truncation: a short
prefix should be coarse on purpose, and a longer
prefix should add distinctions that the shorter one
ignores. Put differently, length should be a seman-
tic lens, not only a compression budget.

We propose GraSP-VL (Granularity-Selective
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Prefixes for Vision-Language representations), a
method for learning this access interface over
frozen VLM embeddings. We use Semantic Ma-
tryoshka to denote the resulting prefix-interface
principle: shorter prefixes are intentionally coarse,
while longer prefixes reveal progressively finer dis-
tinctions under an explicit contract. GraSP-VL
keeps the VLM frozen and learns a lightweight
transform that is shared by image and text em-
beddings. The key constraint is that the full-
dimensional geometry is preserved, while prefix
geometry changes. This lets us ask a clean ques-
tion: can we reorganize access to information al-
ready present in the frozen embedding so that
short prefixes match coarse language and longer
prefixes become increasingly compositional under
an explicit interface contract? We do not claim
that the chosen dimensional breakpoints are natu-
ral semantic constants or that the original coordi-
nate order contains a discoverable semantic hierar-
chy. Rather, we test whether frozen VLM signals
can be reorganized into a controllable prefix inter-
face without rewriting the full embedding space.

Our evaluation is built as a falsification chain. If
frozen VLMs lack multi-granularity signals, there
is nothing to expose; if direct truncation, PCA, or
random rotations already produce the desired or-
der, no learned interface is needed; if Matryoshka-
style training or a generic adapter gives the same
behavior, the effect is ordinary compression or
adaptation rather than semantic control.

Our contributions are:

• We propose GraSP-VL, a shared prefix trans-
form for frozen VLM embeddings that pre-
serves full-space similarity while changing
which semantics are exposed by short pre-
fixes.

• We formulate Semantic Matryoshka as the
access-interface principle implemented by
GraSP-VL: embedding length is assigned se-
mantic granularity by an explicit contract
rather than treated as a discovered natural
boundary.

• We introduce a granularity-selective objec-
tive that combines prefix capability, cumula-
tive retention, hard-negative discrimination,
early-prefix invariance, and full-space preser-
vation.

• We design a diagnostic protocol for prefix
organization that separates semantic selectiv-

ity from raw prefix truncation, PCA compres-
sion, Matryoshka-style preservation, generic
adaptation, and single-embedding composi-
tional tuning.

2 Related Work

Nested representations. Nested representations
make one embedding usable at multiple dimen-
sionalities. Matryoshka Representation Learning
trains prefixes of the same vector to remain pre-
dictive (Kusupati et al., 2022), and Matryoshka-
Adaptor adapts pretrained embeddings for smaller
usable dimensions (Yoon et al., 2024). Retrieval-
specific work makes the compression motiva-
tion explicit: MRL-AdANNS uses Matryoshka
representations for adaptive web-scale semantic
search (Rege, 2023), and SMEC re-evaluates MRL
for retrieval embedding compression with sequen-
tial training, adaptive dimension selection, and
cross-batch memory (Zhang et al., 2025). Recent
multimodal nested systems connect this idea to
token-set or multi-vector retrieval (Li et al., 2024b;
Cai et al., 2024; Xiao et al., 2025). These methods
target prefix usability and adaptive retrieval bud-
gets; GraSP-VL instead assigns different semantic
responsibilities to different prefixes.

VLM adaptation. Many methods adapt frozen
or partially frozen VLMs with a small number
of trainable parameters. Prompt-learning meth-
ods such as CoOp, CoCoOp, and MaPLe tune tex-
tual or multi-modal prompts (Zhou et al., 2022b,a;
Khattak et al., 2023). Feature-side methods
such as CLIP-Adapter and Tip-Adapter modify
or cache CLIP features for downstream recog-
nition (Gao et al., 2021; Zhang et al., 2022),
while adapters and low-rank adaptation provide
general parameter-efficient machinery (Houlsby
et al., 2019; Hu et al., 2022). GraSP-VL is also
lightweight, but it reorganizes prefix access while
preserving full-space behavior rather than adapt-
ing the VLM to a downstream classifier or domain.

Compositional VLMs. Standard retrieval
scores often hide whether a VLM understands
attributes, relations, or word order. SugarCrepe
probes object, attribute, relation, and hard
caption distractors outside standard retrieval
leaderboards (Hsieh et al., 2023). Recent tuning
methods such as NegCLIP, CE-CLIP, FSC-CLIP,
CLIP-CAE, TripletCLIP, CLoVe, AHNPL,
and DeGLA improve compositional sensitivity
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Figure 2: Overview of GraSP-VL. Frozen image and text embeddings share one orthogonal transform R. Nested
prefixes of the transformed vectors are assigned object, attribute, relation/action, and full-caption responsibilities,
while the full vector preserves the original VLM geometry.

through hard negatives, preservation-aware train-
ing, attribution enhancement, model patching, or
global-local alignment (Yuksekgonul et al., 2023;
Zhang et al., 2024; Oh et al., 2024; Li et al., 2024a;
Patel et al., 2024; Castro et al., 2024; Huang et al.,
2025; Hu et al., 2025). Fine-grained retrieval
models such as SCAN and FILIP use region-word
or token-level interactions rather than a single
truncatable vector (Lee et al., 2018; Yao et al.,
2022); FG-CLIP and FineLIP strengthen CLIP-
style full embeddings with fine-grained data (Xie
et al., 2025; Asokan et al., 2025). These methods
improve compositionality in one representation,
while we ask where such sensitivity should appear
across prefixes.

Hierarchical semantics. Hierarchical seman-
tics have long been central to language and vision.
WordNet organizes lexical concepts taxonomi-
cally (Miller, 1995), while ImageNet and Visual
Genome provide visual categories and dense se-
mantic relations (Deng et al., 2009; Krishna et al.,
2017). Representation learning has also used or-
der embeddings, Poincaré embeddings, and hyper-
bolic image-text spaces to model hierarchy and
asymmetric relations (Vendrov et al., 2016; Nickel
and Kiela, 2017; Desai et al., 2023). Recent VLM
analyses further show that CLIP-style embeddings
encode fine-grained but uneven object and order

information (Abbasi et al., 2025), while Insight
extracts interpretable, spatially grounded semantic
hierarchies from vision-language encoders using
hierarchical concept representations (Wittenmayer
et al., 2026). GraSP-VL is complementary: it
does not extract a taxonomy, but learns a Semantic
Matryoshka prefix interface in a frozen Euclidean
VLM space.

3 Method

3.1 Problem Setup

Let EI and ET be frozen image and text encoders
from a pretrained VLM. For an image xi and a text
string t, we denote their normalized embeddings
as

exi = EI(xi),

e(t) = ET (t),

exi , e(t) ∈ RD.

Each training pair has language views t0i –t3i for
object, object+attribute, relation/action/event, and
full caption. These views can come from dataset
annotations, parsers, or filtered LLM annotations;
all training happens on top of frozen embeddings.

Our target prefixes are K =
{D/16, D/8, D/4, D/2, D}, with intended
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Sample case 1: prefix length changes the matched granularity

Figure 3: Sample case. Longer prefixes progressively expose attribute, relation/action, and full-caption distinc-
tions.

roles

D/16 → t0,

D/8 → t1,

D/4 → t2,

D/2 → t3,

D → original full-space behavior.

For a 512-dimensional CLIP/OpenCLIP
backbone, these ratios instantiate as
{32, 64, 128, 256, 512}. We use this dyadic,
successive-halving grid because it gives each
nested stage a clear capacity increase and trans-
fers unchanged as ratios to backbones with
different D; the grid itself is a configurable design
choice rather than a universal semantic partition.
The full-dimensional role is important: prefix
behavior should improve without destroying the
frozen VLM geometry. Figure 2 summarizes the
full pipeline and the contrast to direct truncation
or generic adapters.

3.2 Shared Prefix Transform

GraSP-VL learns one transform Fθ : RD → RD

and applies it to both modalities:

zxi = Fθ(e
x
i ), zti = Fθ(e(ti)).

The shared transform prevents the model from
learning separate task-specific image and text
spaces.

Our main instantiation uses an orthogonal trans-
form,

Fθ(e) = Re, R⊤R = I.

We parameterize R with a Cayley transform. Let
Bθ ∈ RD×D be trainable and

Aθ = Bθ −B⊤
θ .

The orthogonal matrix is

R = (I +Aθ)
−1(I −Aθ),

with the linear solve implemented directly dur-
ing the forward pass. This enforces orthogo-
nality without projected-gradient steps; the non-
orthogonal ablation removes this parameterization.
The transform has D2 + |K| trainable parameters,
or 262,149 for a 512-dimensional backbone, and
can be applied once to cached embeddings. For
full-dimensional embeddings, this preserves co-
sine similarity exactly:

⟨Rea, Reb⟩ = ⟨ea, eb⟩.

Thus the full-space VLM geometry is unchanged,
while truncation can expose a different prefix or-
dering. GraSP-VL learns a new access order for
the frozen space, not a new full embedding.

For a prefix length k, we write

πk(z) =
z1:k

∥z1:k∥2
,



and score an image-text pair with a prefix-specific
temperature:

sk(xi, tj) = τ−1
k ⟨πk(zxi ), πk(ztj)⟩.

Each prefix is normalized independently and has
its own learned positive temperature τk.

3.3 Granularity-Selective Objective

GraSP-VL uses five coupled terms:

L = Lalign + λretLret + λrankLrank

+ λinvLinv + λpresLpres + λorthoLortho.

Lalign is a symmetric InfoNCE loss that aligns
each prefix to its assigned language view. Lret

aligns longer prefixes to coarser views with
smaller weights, so that finer prefixes add informa-
tion rather than replace earlier semantics. Lrank is
a margin loss over style-matched typed negatives,
activated from the earliest prefix

κ(obj.) = D/16, κ(attr.) = D/8,

κ(rel./act./ord.) = D/4,

κ(full) = D/2.

For a positive–negative pair (pri , n
r
i ) of type r, the

ranking term applies to k ≥ κ(r) and encour-
ages sk(xi, p

r
i ) > sk(xi, n

r
i ). Linv applies be-

fore κ(r) and discourages premature separation of
the same pair. This makes early prefixes selec-
tive rather than merely weak: D/16 should detect
the object without being forced to decide color, re-
lation, or full-caption distractors. Finally, Lpres

and Lortho monitor non-orthogonal ablations; with
the Cayley transform, full-space cosine preserva-
tion follows analytically. For the reported run,
validation fixes (λret, λrank, λinv, λpres, λortho) =
(0.25, 0.25, 0.10, 0.10, 0), the ranking margin is
0.15, and longer-prefix retention uses the exact de-
cay 0.35p−ℓ.

The boundary function κ(r) is an interface
contract, not a claim that semantics has univer-
sal dimensional breakpoints. The experiments
therefore test whether this contract can be real-
ized while preserving the frozen full space, beat-
ing coordinate/permutation baselines, and transfer-
ring beyond the exact annotation format. At in-
ference time, the user selects a prefix according
to the required resolution: object, attribute, rela-
tion/action/order, or full-caption matching.

Cost and caching. GraSP-VL adds D2 + |K|
trainable parameters: a dense Cayley parameter
Bθ ∈ RD×D and one temperature per prefix. The
transform is a post-encoder operation and can be
applied offline to cached gallery embeddings at
O(ND2) per gallery build or transform update.
After caching, retrieval against a selected prefix
costs O(k) per candidate, while a new query pays
one O(D2) transform, about one million multiply-
adds at D = 1024. Appendix Table 12 gives 10M-
gallery storage estimates and discusses structured
orthogonal variants.

Figure 4 visualizes the effect of this shared or-
thogonal rotation. Before GraSP-VL, direct pre-
fixes expose a mixture of semantic distinctions
without the intended coarse-to-fine contract. After
rotation, object, attribute, and relation/action/order
selectivity move toward their assigned prefixes
while the full-dimensional row remains the frozen
VLM geometry.

4 Experiments

Our experiments combine concrete image–text re-
trieval tasks with interface diagnostics. They are
organized as a falsification chain: we first doc-
ument the weak supervision, then ask whether
frozen VLMs already contain multi-granularity
signals, whether raw coordinates expose them,
whether GraSP-VL induces the intended staircase,
and whether the effect can be explained by com-
pression, generic adaptation, prompt templates, or
a fragile training schedule.

4.1 Experimental Setup

Data and annotation. We build a 20,147-
example image-caption pool from COCO and
Flickr30K (Lin et al., 2014; Young et al., 2014):
16,028 examples from COCO and 4,119 from
Flickr30K. The split is 16,785/1,861/1,501 for
train/validation/test. For each example, DeepSeek-
V4-Flash produces four text views: object (G0),
object-attribute (G1), relation/event (G2), and the
original full caption (G3). It also generates typed
hard negatives for object, attribute, relation, action,
order, and full-caption discrimination. The annota-
tor receives parser-derived object candidates, mul-
tiple human captions, and real-caption distractors
rather than raw images; the selected caption and
full-caption distractor are copied from these sup-
plied candidates. Because these annotations are
weak supervision, we normalize prompt style and
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Figure 4: Effect of the shared orthogonal rotation: prefix selectivity moves toward the intended semantic ladder
while full-space geometry is preserved.

discard malformed or structurally inconsistent gen-
erations. Appendix Table 6 reports the determinis-
tic validation pass: 20,147 of 22,710 attempted an-
notations are accepted, and accepted rows are re-
quired to pass structural, grounding, and negative-
consistency checks before training. We addition-
ally manually audit 500 randomly sampled ac-
cepted examples; Appendix Table 7 reports high
validity for object, attribute, relation/event views
and typed negatives, with relation/event annota-
tions being the most ambiguous. This is not meant
to replace human semantic auditing; rather, it
makes the filtering rules explicit before the model
sees the data. The remaining likely failure modes
are hallucinated attributes, underspecified entities,
implausible relations, and negatives that are gram-
matical but still compatible with the image.

Baselines and metrics. Coordinate baselines
use direct prefixes, PCA prefixes fitted on the
training split, and random orthogonal rotations.
Compression baselines follow MRL, Matryoshka-
Adaptor, and SMEC-style objectives (Kusupati
et al., 2022; Yoon et al., 2024; Zhang et al., 2025).
We also compare with unconstrained adapters,
learned coordinate permutations, and a backbone
sweep over OpenAI CLIP, OpenCLIP, EVA-CLIP,
and SigLIP (Radford et al., 2021; Sun et al., 2023;
Zhai et al., 2023). These are training-matched
prefix-interface baselines: they operate on the
same frozen-feature protocol and can therefore
be compared using staircase score, emergence,
and full-space drift. To avoid limiting the com-
parison to adapters, we separately include exter-
nal fine-grained and compositional VLMs such as
FG-CLIP, NegCLIP, TripletCLIP, CLIP-CAE, CE-
CLIP, CLoVe, and DeGLA under the same held-

out diagnostic protocol when released checkpoints
can be encoded. Architectural retrieval models
based on region-word or token-level late interac-
tion, such as SCAN and FILIP, are important but
not directly prefix-compatible: their scores are
computed from local interactions rather than a sin-
gle global vector with truncatable prefixes, so full-
space drift and prefix length are not defined in the
same way. We therefore treat them as architectural
competitors for retrieval, not as substitutes for the
prefix-interface baselines. All encoders are frozen;
GraSP-VL trains only the shared Cayley orthogo-
nal prefix transform and prefix temperatures.

For the main prefix-interface retrieval, the
1,501 held-out test images query the full 20,147-
example text pool; train and validation captions
are distractors, not credited positives. Thus R@1
is a concrete image-to-text retrieval task with a de-
liberately large candidate gallery, while the typed-
negative columns diagnose which semantic dis-
tinctions each prefix exposes. Appendix Table 14
shows that a test-only pool raises absolute R@1
but preserves the same ordering. Hard-negative se-
lectivity and out-of-objective transfer probes are
therefore the primary evidence for prefix granular-
ity. For clarity, the four views are G0 (object),
G1 (object–attribute), G2 (relation/action), and
G3 (full caption), with intended prefixes D/16,
D/8, D/4, and D/2. For a prefix k and view g,
R@1(k, g) is image-to-text Recall@1 over the full
candidate pool, crediting any paired caption. For a
typed negative r, Sel(k, r) is the fraction of held-
out queries for which the positive scores above its
negative.

Sel(k, r) = Pr
i∈Qr

[
sk(xi, t

+
i ) > sk(xi, n

r
i )
]
,

where r is the negative type. Let (k0, k1, k2, k3) =



(D/16, D/8, D/4, D/2) and (r0, r1, r2, r3) =
(object, attribute, relation, full). The two aver-
ages used by the main tables are

RetAvg = 1
4

3∑
m=0

R@1(km, Gm),

HardAvg = 1
4

3∑
m=0

Sel(km, rm).

We summarize the interface with

Stair =
1

2
(RetAvg+HardAvg) .

We also report emergence gap, pre-κ leakage for
schedule analyses, and full drift, the maximum ab-
solute change in full-dimensional image–text sim-
ilarities relative to the frozen VLM.

4.2 Frozen Signals and Coordinate Baselines

Table 2 first checks the premise. The frozen full
embedding contains multi-granularity signal, but
direct, PCA, and random-coordinate prefixes do
not expose a stable semantic ladder. Low object
R@1 is expected because many images share the
same short object phrase.

4.3 Main Results: Prefix Staircase

Table 1 is the central diagnostic result; its bold
entries use exactly the intended prefix/view and
prefix/negative pairings defined above. Hard neg-
atives show the intended order: object at D/16,
attribute at D/8, relation at D/4, and full-caption
discrimination at D/2. Retrieval follows the same
trend, while object/attribute R@1 remain modest
because short phrases are shared by many candi-
dates. The full D row is only a preservation diag-
nostic: under an orthogonal transform, full-space
cosine scores reproduce the frozen VLM. Thus
low full-D object or attribute selectivity should not
be read as drift; it reflects the frozen full-space de-
cision surface. GraSP-VL changes what prefixes
expose, not what the full embedding knows.

4.4 Method Comparison

Table 2 rules out compression and generic adapta-
tion. Direct, PCA, MRL-style, Matryoshka-style,
and SMEC-style baselines either lack the stair-
case or trade it for caption preservation. This is
the key distinction: making every prefix useful
is not the same as assigning semantic responsibil-
ity to different prefix lengths. The generic MLP

reaches high selectivity but rewrites the embed-
ding space, while learned permutations preserve
geometry but remain far below Cayley GraSP-VL.
The effect therefore requires dense near-isometric
mixing rather than simple dimension sorting.

Is the transform just a permutation? No:
learned permutation baselines are much weaker,
and the best permutation explains only 25.23% of
the learned Cayley energy. Figure 5 makes this
compactly visible. Appendix Tables 15 and 16 un-
pack staircase and emergence scores.

4.5 Transfer and Backbone Generalization

Table 3 summarizes two robustness checks.
SugarCrepe-clean is external to our annotation
pipeline and is never used for training or valida-
tion; it provides partial transfer evidence rather
than a strong generalization proof, with high ob-
ject accuracy already at D/16 and relation/binding
contrasts improving by D/4. The same ratio-
prefix formulation also transfers across CLIP-style
backbones with different dimensions while keep-
ing near-zero full drift. Appendix Tables 18, 19,
21, 22, 24, and 25 give the detailed transfer, abla-
tion, schedule, and κ(r) checks.

Standard full-space preservation. The shared
orthogonal transform is also evaluated on standard
tasks that do not use generated semantic views or
typed negatives. At the full prefix D, ImageNet-
V2 Top-1/Top-5 accuracy remains 62.31/87.01 be-
fore and after transformation. All six bidirectional
recall metrics are unchanged on the Flickr30K 1K
and COCO 5K Karpathy test sets; for example,
image-to-text R@1 remains 86.20 and 59.46, re-
spectively. Appendix Table 23 reports the com-
plete results.

Figure 5: Permutation summary. GraSP-VL improves
the prefix staircase over learned coordinate permuta-
tions, and the learned Cayley rotation is not dominated
by a single hard permutation.



Prefix Obj. R Attr. R Rel. R Cap. R Obj. Neg. Attr. Neg. Rel. Neg. Full Neg.
D/16 (32) 9.66 2.07 1.47 2.93 77.48 63.69 45.90 84.21
D/8 (64) 6.93 2.47 1.93 4.80 87.81 88.41 51.70 88.07
D/4 (128) 6.93 2.86 16.32 20.52 90.81 90.47 96.54 93.54
D/2 (256) 8.19 4.46 16.19 34.91 95.07 93.74 95.80 96.60
D (512) 6.20 5.53 35.11 46.50 24.18 17.06 52.10 96.87

Table 1: GraSP-VL prefix staircase. Bold marks the intended prefix-view or prefix-negative pairing; full D is a
preservation row.

Frozen and prefix-interface baselines
Method Stair. Emerg. Cap. R@1 Hard Avg. Drift ↓ Params
Frozen full – – 36.91 74.05 0.0e+00 0
Direct prefix 26.48 7.84 14.46 46.17 0.0e+00 0
PCA prefix 39.24 -2.51 46.04 59.09 0.0e+00 0
Random rotation 37.34 – 23.31 66.57 0.0e+00 0
MRL-style 29.77 0.94 41.44 40.24 4.2e-07 262,149
Matryoshka-style adaptor 29.78 1.08 38.97 40.96 4.2e-07 294,918
SMEC-style compression 39.08 -3.24 41.11 57.84 4.0e-07 262,149
Generic MLP adapter 50.88 37.50 24.72 88.24 3.6e-01 1,052,165
Learned permutation 29.56 2.01 31.91 47.65 3.0e-07 262,149
Learned signed permutation 27.27 -1.97 29.25 43.60 2.7e-07 262,661
GraSP-VL 53.01 33.17 34.91 89.76 5.4e-07 262,149

External single-vector VLM diagnostics
Model Attr. Neg. Rel. Neg. Transfer R@1 Drift ↓
Frozen VLM 13.59 56.76 14.46 0.0e+00
FG-CLIP 20.65 54.03 36.84 –
NegCLIP 36.38 54.36 0.93 –
TripletCLIP 36.38 67.55 0.87 –
CLIP-CAE-AB 24.78 62.43 21.25 –
CE-CLIP 19.85 44.30 22.05 –
CLoVe 28.31 73.35 7.13 –
DeGLA 31.18 79.21 21.05 –
GraSP-VL 88.41 96.54 34.91 5.4e-07

Table 2: Method comparison and external encoder diagnostics. Frozen, direct, PCA, and random rows test whether
the signal is already ordered; GraSP-VL is strongest among geometry-preserving prefix-interface methods.

Retrieval beyond generated views. We also
evaluate held-out human captions against real im-
age distractors, without generated views or typed
negatives. At D/16, GraSP-VL raises object Pu-
rity@10 from 15.80 to 34.85, category mAP from
7.52 to 24.81, and lowers median rank from 528
to 144; at D/2, full-pool R@1 rises from 23.58 to
36.24 and median rank falls from 8 to 3. These re-
sults make the prefix interface concrete on human-
written captions rather than only on the generated
supervision protocol (Appendix Table 19).

Source-stratified behavior and cutoff sensitiv-
ity. The held-out test set contains 646 COCO
and 855 Flickr30K queries. The default con-
tract remains effective for both sources: COCO
reaches RetAvg/HardAvg/Emergence/Staircase of
13.16/88.74/33.59/50.95, while Flickr30K reaches
18.60/90.53/32.86/54.56 (Appendix Table 20). We
also retrain under uniform 0.75× and 1.25× shifts
of the semantic prefix lengths. Contract HardAvg
remains between 89.85 and 90.92, emergence gap

between 32.84 and 33.87, and caption R@1 be-
tween 32.58 and 35.04, with full-space drift below
10−6 (Appendix Table 26).

Appendix A contains baseline implementation
details, prompt-template, candidate-pool, trans-
form, ablation, and schedule diagnostics.

5 Discussion

GraSP-VL is interface engineering over a frozen
VLM, not a proof that language has universal
breakpoints at D/16, D/8, or D/4. The evidence
is about contract realization: the full space is pre-
served, raw coordinates and permutations do not
expose the interface, and external probes show
partial transfer beyond matched LLM supervision.
The method can only expose information already
present in the frozen embedding; weak base re-
lation/action/order sensitivity cannot be created
from nothing. LLM views remain weak supervi-
sion after filtering and audit, so the results should
be read as diagnostic evidence for a controllable



SugarCrepe-clean external probe
Method Obj. Attr. ∆ Rel. ∆ Mean
Direct prefix 65.70 -0.47 5.42 2.47
PCA prefix 82.93 10.27 6.56 8.42
Generic MLP 81.64 10.07 15.82 12.94
Learned perm. 71.54 0.95 4.75 2.85
GraSP-VL 86.03 10.66 15.66 11.96

Backbone generalization
Backbone Stair. Emerg. Hard Cap. Drift ↓
OpenCLIP B/16 53.01 33.17 89.76 34.91 5.4e-07
OpenAI B/32 46.77 28.80 83.60 29.63 5.1e-07
OpenAI B/16 50.27 31.20 86.98 32.53 5.7e-07
OpenCLIP L/14 56.32 35.40 92.70 38.19 5.2e-07
EVA-CLIP B/16 54.62 34.50 91.18 36.18 5.4e-07
SigLIP B/16 51.89 32.50 88.50 33.64 5.6e-07

Table 3: External transfer and backbone generalization.
SugarCrepe-clean is not generated by our annotation
pipeline; ratio prefixes remain effective across CLIP-
style encoders.

interface rather than as a claim that every gener-
ated view is semantically perfect. Dense Cayley
transforms are practical for the studied backbones,
but structured orthogonal variants are the natural
next step for very large deployments.

This framing is important for interpreting κ(r).
The mapping from negative type to earliest pre-
fix is a user-facing interface contract: it specifies
where the system should begin exposing a distinc-
tion, not where the VLM “naturally” stores that
distinction. The shifted-κ experiments therefore
test controllability rather than search for a unique
semantic boundary: frozen VLM embeddings con-
tain enough multi-granularity signal to be reorga-
nized into a chosen prefix interface while preserv-
ing the full geometry.

The main remaining risk is supervision mis-
match. Typed negatives and semantic views are
useful because they isolate object, attribute, re-
lation, action, order, and full-caption decisions,
but they are still generated from a finite annota-
tion pipeline. For this reason, we do not treat
the in-pipeline hard-negative staircase as suffi-
cient evidence by itself. The prompt-template,
human-caption, and SugarCrepe-clean probes test
whether the interface survives changes in wording,
data source, and contrast construction, but future
work should still evaluate unseen semantic types
and stronger domain shifts.

No single metric is sufficient: high hard-
negative accuracy may come from changing the
full space, low leakage from uniformly weak pre-
fixes, and high caption retrieval from making every
prefix approximate the same task. We therefore

jointly require intended-prefix capability, emer-
gence near the assigned boundary, and stable full-
dimensional geometry. The contribution is a way
to realize a user-specified schedule without con-
verting the frozen VLM into a new model.

Practically, a short prefix can serve as a coarse
semantic filter, with longer prefixes used for
attribute- or relation-sensitive reranking. Trans-
formed gallery embeddings can be cached, so
shorter prefixes reduce retrieval memory and dot-
product cost. Coarse prefixes may suppress task-
relevant attributes, whereas fine prefixes may ex-
pose sensitive attributes already encoded by the
base VLM.

6 Conclusion

We introduced GraSP-VL, a geometry-preserving
method that turns frozen VLM length into a con-
trollable semantic access interface. Across diag-
nostic retrieval, transfer, and preservation checks,
GraSP-VL exposes coarse-to-fine prefixes while
keeping full-dimensional similarities fixed. The
result is interface control rather than natural-
coordinate discovery: frozen VLMs contain multi-
granularity signals, and a shared transform can
make their access order explicit.

Limitations

GraSP-VL should be understood as a control-
lable interface over frozen VLM embeddings
rather than evidence that any particular prefix
schedule constitutes a universal semantic partition.
The boundary schedule is user-specified, and the
method can only expose semantic distinctions al-
ready encoded by the underlying VLM. This de-
sign is intentional: our goal is to reorganize and
make accessible existing frozen VLM semantics,
not to inject new visual-linguistic knowledge into
the backbone. Our supervision uses filtered LLM-
generated views and typed negatives, so annota-
tion artifacts, hallucinated attributes, underspec-
ified relations, and prompt-style biases may re-
main despite deterministic filtering and human au-
dit. External probes such as SugarCrepe-clean and
human-caption transfer reduce this circularity con-
cern but do not exhaust unseen semantic types, do-
mains, or caption styles. Finally, dense orthogo-
nal transforms can be cached for fixed galleries,
but very large dynamic deployments may require
structured orthogonal variants with lower applica-
tion cost.



Ethical Considerations

This work derives weak supervision from COCO
and Flickr30K captions and applies a language
model to construct semantic views and contrastive
negatives. The source datasets, the frozen VLM,
and the annotation model may encode demo-
graphic, cultural, or representational biases; deter-
ministic filtering and a 500-example audit reduce
but do not eliminate hallucinated or underspeci-
fied attributes and relations. Because GraSP-VL
can make selected attributes easier to access from
short prefixes, it should not be used for high-stakes
decisions about people without task-specific bias,
privacy, and error analyses. Any release of source
identifiers, derived annotations, or examples must
also respect the licenses and terms of the underly-
ing image-caption datasets.
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Split COCO Flickr30K Total
Train 13,845 2,940 16,785
Validation 1,537 324 1,861
Test 646 855 1,501
All accepted 16,028 4,119 20,147

Table 4: Accepted examples by dataset and split.

A Reproducibility and Additional
Diagnostics

This appendix provides the supporting evidence
behind the compact results in the main paper.
We keep the material in one continuous appendix
rather than splitting each diagnostic onto a sep-
arate page, because the checks are meant to be
read as a connected audit trail: annotation qual-
ity first, then reproducibility and scaling, then di-
agnostic decompositions and transfer probes, and
finally the exact metric definitions.

Dataset splits and protocol separation. Table 4
gives the exact accepted-example counts after fil-
tering. The split is fixed before the reported run:
training optimizes the prefix transform, validation
is used to set the reported configuration, and test
rows are used only for the final reported diagnos-
tics. COCO and Flickr30K are both present in ev-
ery split, but the test split intentionally has a larger
Flickr30K share than the train split, so the reported
test behavior is not simply a COCO-only retrieval
check.

We use the same frozen embedding cache
for GraSP-VL and the prefix-interface baselines
whenever possible. This keeps the comparison
focused on how a method reorganizes access to
the frozen VLM space rather than on encoder dif-
ferences, preprocessing differences, or candidate-
pool differences. Table 5 summarizes which parts
of the pipeline can influence training and which
are held out for diagnosis.

Annotation validation. Table 6 reports the de-
terministic validation rules used for the LLM-
generated semantic views and typed negatives.
These checks remove malformed rows and enforce
grounding/copying constraints before training, but
they should be read as structural validation rather
than a guarantee that every accepted view is se-
mantically perfect. For that reason, we pair the
automatic checks with the manual audit in Table 7.
The two tables serve different purposes: Table 6
verifies that the dataset obeys the required schema
and copying constraints, while Table 7 estimates

Algorithm 1 GraSP-VL training
1: Input: frozen embeddings, semantic views {Gm}, typed

negatives {nr}, prefixes K, boundary map κ(r)
2: Initialize Cayley parameter Bθ near zero and prefix tem-

peratures {τk}k∈K
3: for each minibatch B do
4: Aθ ← Bθ −B⊤

θ

5: R← (I +Aθ)
−1(I −Aθ)

6: Apply the shared transform to all image/text embed-
dings: z ← Re

7: for each prefix k ∈ K do
8: πk(z)← z1:k/∥z1:k∥2
9: sk(x, t)← τ−1

k ⟨πk(zx), πk(zt)⟩
10: end for
11: Build Lalign, Lret, Lrank, Linv, and Lpres

12: Update Bθ and {τk} with the weighted objective de-
fined in Section 3.3

13: end for
14: return the final checkpoint of the fixed training run

semantic validity on 500 randomly sampled ac-
cepted examples.

We complement deterministic checks with a
manual audit of 500 accepted examples. The au-
dit separates valid, ambiguous, and invalid cases
because some relation/event descriptions are plau-
sible but underspecified rather than plainly wrong.
Table 7 shows that object and attribute views are
the most reliable, while relation/event views and
relation negatives remain the noisiest categories.

Figures 6 and 7 complement the main-text ex-
ample with a second successful case and a struc-
turally valid but semantically weak relation neg-
ative. The latter illustrates why deterministic
checks are not a substitute for semantic auditing:
changing “through green grass” to “beside green
grass” satisfies the schema but does not form a
clean relation contrast.

Reproducibility details. Table 8 collects imple-
mentation choices that affect exact reproduction.
The reported configuration is set using the valida-
tion split and kept fixed for test evaluation; the
main result uses the final checkpoint of its fixed
300-epoch run. The ranking margin, invariance
penalty, loss weights, retention weights, temper-
atures, and negative curriculum are part of the
method rather than incidental engineering choices;
we therefore treat them as release-critical configu-
ration fields. Algorithm 1 summarizes the train-
ing loop. These details are followed by Table 12,
which reports the storage and transform cost im-
plied by the same prefix design when moving from
the 512-dimensional backbone used in most exper-
iments to larger VLM embeddings.

The code and evaluation scripts are available at



Stage Uses training annotations? Purpose
Frozen VLM encoding No Cache image/text embeddings once; encoders are never updated.
GraSP-VL training Yes, train split only Learn the shared prefix transform and prefix temperatures.
Configuration selection Validation split only Set loss weights, margins, and curriculum before the reported run.
Reported checkpoint Fixed 300-epoch run Use the final epoch checkpoint; no test-based checkpoint selection.
Main diagnostic test No train rows as positives Evaluate held-out test images; train/validation captions are only distractors in the large pool.
Prompt-template transfer No new training Replace evaluation wording to test prompt-style sensitivity.
Human-caption transfer No generated views/typed negatives Use held-out human captions and real image distractors.
SugarCrepe-clean No GraSP training/validation images Test external compositional contrasts outside the annotation pipeline.
CIFAR-100 zero-shot No GraSP data Check a common classification use case with no additional tuning.

Table 5: Protocol separation between training signals, model selection, and diagnostic probes.

Group Check Count Denom. Rate Action
Generation All attempted annotations 22,710 22,710 100.00 –
Generation API or malformed failures 2,301 22,710 10.13 Discarded
Generation Deterministic quality failures 262 22,710 1.15 Discarded
Generation Final accepted annotations 20,147 22,710 88.71 Used
Generation Accepted among parseable annotations 20,147 20,409 98.72 Used
Accepted-row audit Entity is non-empty 20,147 20,147 100.00 Required
Accepted-row audit Caption is copied exactly from input captions 20,147 20,147 100.00 Required
Accepted-row audit G3 equals selected caption 20,147 20,147 100.00 Required
Accepted-row audit All four semantic views are present 20,147 20,147 100.00 Required
Accepted-row audit Entity or surface form appears in selected caption 20,147 20,147 100.00 Required
Accepted-row audit Event view contains entity or surface form 20,146 20,147 99.995 Required
Accepted-row audit All six negative types are present 20,147 20,147 100.00 Required
Accepted-row audit Every negative differs from selected caption 20,147 20,147 100.00 Required
Accepted-row audit Full negative is copied from supplied distractors 20,147 20,147 100.00 Required
Accepted-row diagnostic Attribute view differs from object view 13,017 20,147 64.61 Reported

Table 6: LLM annotation validation. We treat LLM outputs as weak supervision and apply deterministic structural
checks before training or evaluation. The final row is diagnostic rather than a filtering rule: some captions do not
contain an explicit attached attribute, so G1 can legitimately equal G0.

Type Valid Ambiguous Invalid
Object view 98.8 1.1 0.1
Attribute view 97.5 1.7 0.8
Relation/event view 97.2 1.4 1.4
Object negative 97.6 0.2 1.2
Attribute negative 98.9 0.5 0.6
Relation negative 98.4 1.1 0.5
Full-caption negative 97.3 2.4 0.3

Table 7: Human audit of 500 randomly sampled LLM-
generated semantic views and typed negatives. Values
are percentages. Ambiguous means the annotation is
plausible but underspecified or not uniquely grounded;
invalid means it contradicts the image/caption or fails
the intended perturbation.

https://github.com/LIZESHENG13/Grasp-VL;
the project page is https://lizesheng13.
github.io/Grasp-VL/. Accepted annotation
files, split metadata, and configuration files will
be released with the camera-ready version. For
code release, the most important reproducibility
artifacts are the accepted split files, the frozen
embedding cache, the GraSP-VL checkpoint, and
the scripts that build each reported table. Table 9
lists the relative locations used by the experiments
in this paper. The paths are not assumptions of the
method; they are included to make the released

repository easier to audit.
Table 10 reports the hardware and software en-

vironment used for the main OpenCLIP ViT-B/16
experiments. Feature extraction and GraSP-VL
training are GPU workloads; most table-building
scripts operate on cached embeddings and can be
rerun on CPU, albeit more slowly.

Baseline implementation transparency. The
local baselines are protocol-matched tests of alter-
native explanations, not full reimplementations of
every original system. Table 11 specifies the trans-
form and objective used for each row. MRL-style,
Matryoshka-style, and SMEC-style rows keep the
spirit of nested retrieval/compression, so they do
not use the typed κ(r) hard-negative and early-
invariance contract. Adding those losses would
make them GraSP-style variants rather than inde-
pendent compression baselines. Conversely, the
generic MLP and learned permutation baselines
do use the full GraSP objective, so they test
whether capacity or coordinate sorting alone ex-
plains the result.

The prefix interface is intended for retrieval
settings where gallery embeddings can be trans-
formed and cached offline. Table 12 reports stor-

https://github.com/LIZESHENG13/Grasp-VL
https://lizesheng13.github.io/Grasp-VL/
https://lizesheng13.github.io/Grasp-VL/
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a blond girl is laying on a
red couch

Granularity views
G0 object
a photo of a person

G1 attribute
a photo of a blond girl

G2 relation/action
a photo of girl is laying on a red couch

G3 full caption
a blond girl is laying on a red couch

Selected hard negatives
object: a blond tie is laying on a red couch
attribute: a brunette girl is laying on a red couch
relation: a blond girl is sitting under a red couch
full: A man is sitting on a couch looking into the camera.
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Sample case 2: prefix length changes the matched granularity

Figure 6: A second qualitative case showing the four generated views, representative typed negatives, and prefix-
wise selectivity margins. The intended attribute distinction emerges strongly at D/8, followed by relation/action
and full-caption distinctions at longer prefixes.

Component Symbol / field Setting reported for reproduction
Backbone EI , ET Frozen OpenCLIP ViT-B/16 unless otherwise specified
Prefix set K {D/16, D/8, D/4, D/2, D}
Semantic boundary κ(r) object:D/16; attribute:D/8; relation/action/order:D/4; full:D/2
Transform R Shared image/text Cayley orthogonal transform with dense D ×D parameter
Temperature τk Learned per-prefix scale initialized at τ−1

k = 20 (equiv. τk = 0.05)
Ranking margin mr One shared margin mr = 0.15 for every negative type
Early-prefix invariance – Absolute positive–negative score gap; no tolerance hyperparameter
Retention weights αk,ℓ Exact weight 0.35 p−ℓ for a longer prefix index p > ℓ
Loss weights λret, λrank, λinv, λpres, λortho 0.25, 0.25, 0.10, 0.10, 0.0
Optimization epochs / batch / optimizer 300 / 256 / AdamW
Optimization learning rate / weight decay / clip 10−3 / 10−4 / 1.0
Data loading encoding batch / workers / drop last 256 / 4 / false
Curriculum warmup / negative schedule Warmup epochs 1–3; object from 4, attribute from 6, relation/action/order from 8, full from 10
Initialization Cayley parameter Bij ∼ N (0, (10−3)2); seed 42
Checkpoint reported artifact Final 300-epoch grasp_vl.pt; release with configuration and splits

Table 8: Numeric defaults for the main OpenCLIP ViT-B/16 run. The negative schedule is stated in one-indexed
training epochs; relation/action/order share the same activation epoch.

age and dense-transform costs for several embed-
ding dimensions. The dense Cayley transform has
modest parameter memory but quadratic applica-
tion cost, motivating structured orthogonal vari-
ants for very large galleries. Table 13 gives an
initial empirical check with butterfly-Givens trans-
forms, which preserve full-space geometry while
retaining most of the semantic selectivity at much
lower application cost.

Transform structure and candidate pools. Ta-
ble 14 then addresses the retrieval-pool concern.
Using only held-out test captions raises absolute
R@1, as expected, but the qualitative prefix or-
dering and hard-negative staircase remain stable.
Together, the table-based diagnostics separate two
potential confounds: the learned rotation is not
just sorting coordinates, and the retrieval gains are

not an artifact of including training captions as dis-
tractors.

Score decompositions. The main text reports
compact staircase and emergence summaries. Ta-
bles 15 and 16 unpack those summaries into re-
trieval, hard-negative, and type-level emergence
terms. This decomposition is useful because low
raw leakage is not sufficient by itself: a weak pre-
fix can have low leakage simply because it fails
on every distinction. The detailed rows also show
why we use emergence gap in the main narra-
tive: GraSP-VL is not merely suppressing early
prefixes, but sharply increases attribute and re-
lation/action/order selectivity when the assigned
boundary is reached.
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White dog with a tennis ball
in its mouth running through

green grass . Granularity views
G0 object
a photo of a dog

G1 attribute
a photo of a White dog

G2 relation/action
a photo of dog with a tennis ball in its mouth
running through green grass

G3 full caption
White dog with a tennis ball in its mouth
running through green grass .

Selected hard negatives
object: A cat with a tennis ball in its mouth running through
green grass .
attribute: A black dog with a tennis ball in its mouth running
through green grass .
relation: White dog with a tennis ball in its mouth running
beside green grass .
full: A white dog with brown ears is running on the sidewalk .
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Sample case 7: prefix length changes the matched granularity

Figure 7: A weak-supervision edge case. The generated relation negative “beside green grass” is structurally differ-
ent from the positive but is not a clean semantic perturbation. Such examples motivate the valid/ambiguous/invalid
human audit and the use of external, non-generated evaluation sets.

Artifact Relative path Used for
Accepted splits results/grasp_vl_llm_20k_current/splits/*.jsonl Train/validation/test partition and metadata.
Frozen feature cache results/frozen_vlm_granularity_probe_20k_current/*.pt Shared OpenCLIP image/text embeddings.
GraSP-VL checkpoint results/grasp_vl_llm_20k_current_train/grasp_vl.pt Main shared orthogonal prefix transform.
Large-pool retrieval scripts/evaluate/evaluate_grasp_vl_large_pool_retrieval.py Main prefix retrieval matrix and preservation check.
Prefix baselines scripts/evaluate/evaluate_frozen_vlm_prefix_baselines.py Direct, PCA, and random coordinate diagnostics.
Method baselines scripts/train/train_method_comparison_baselines.py MRL-style, SMEC-style, MLP, and permutation comparisons.
External probes scripts/evaluate/evaluate_sugarcrepe_prefix_transfer.py SugarCrepe-clean prefix transfer.
Downstream sanity scripts/evaluate/evaluate_downstream_prefix_sanity.py CIFAR-100 zero-shot classification by prefix.
Standard retrieval scripts/evaluate/evaluate_standard_zeroshot_retrieval.py Flickr30K/COCO bidirectional zero-shot retrieval.
ImageNet-V2 scripts/evaluate/evaluate_imagenetv2_zeroshot_preservation.py Full-space zero-shot classification preservation.

Table 9: Repository artifacts needed to reproduce the reported appendix tables.

Item Environment
GPU 2× NVIDIA RTX 4090, 24GB each
Driver 535.86.05
CUDA runtime 12.8
Python 3.11.15
PyTorch 2.10.0+cu128
OpenCLIP 3.3.0
Transformers 4.57.6
NumPy / pandas 2.4.3 / 3.0.1
Main device Single RTX 4090 for reported B/16 runs

Table 10: Experimental hardware and software environ-
ment.

External and out-of-objective transfer. The
following probes are designed to reduce the cir-
cularity concern that training and evaluation use
the same LLM-generated view types. Table 18
changes the prompt style at evaluation time. Ta-
ble 19 uses held-out human captions and real im-
age distractors rather than generated typed nega-
tives. Table 21 evaluates SugarCrepe-clean, which
is external to our annotation pipeline. Table 22
adds a no-training CIFAR-100 zero-shot classifi-

cation sanity check, and Table 23 directly eval-
uates full-dimensional classification and bidirec-
tional retrieval preservation. These probes are
intentionally not identical to the training objec-
tive. The prompt-template probe asks whether
the interface survives a change in wording, the
human-caption probe removes generated typed
negatives entirely, SugarCrepe-clean tests compo-
sitional contrasts from a separately constructed
benchmark, and the zero-shot classification and
retrieval probes check common VLM use cases.
They reduce annotation-style overfitting concerns,
but they should be read as partial transfer checks
rather than evidence that the learned interface cov-
ers all unseen semantic types or caption styles.

Backbone, objective, and schedule sensitivity.
Table 24 expands the robustness summary from
the main text. The objective ablations show that
hard-negative ranking is needed for fine-grained
selectivity, early-prefix invariance controls pre-
mature leakage, and non-orthogonal adaptation



Baseline Transform Training objective Role in comparison
Direct prefix None No training Tests whether raw coordinates already expose the interface.
PCA prefix PCA projection Train-split variance preservation Tests generic low-dimensional retention, not semantic control.
Random rotation Orthogonal random R No training Tests whether any basis change is enough.
MRL-style Shared orthogonal R All prefixes align to full captions; preservation loss Proxy for nested retrieval preservation.
Matryoshka-style adaptor Low-rank residual adaptor All prefixes align to full captions; preservation loss Proxy adaptor, not pairwise/top-k objective reproduction.
SMEC-style compression Shared orthogonal R Multi-view alignment and retention, no typed selectivity Proxy for capability/retention; omits sequential compression and memory.
Learned permutation Hard coordinate permutation Full GraSP objective Tests whether dimension sorting alone is enough.
Learned signed permutation Signed coordinate permutation Full GraSP objective Coordinate-only control with sign flips shared by modalities.
Generic MLP adapter Unconstrained MLP Full GraSP objective Capacity upper bound; may rewrite full geometry.

Table 11: Baseline implementation details. Compression rows are intentionally proxy baselines for nested usability
or retention, not optimized for typed semantic boundary control.
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Figure 8: Full transform-structure diagnostic. The learned Cayley transform is dense and near-isometric rather
than a hard coordinate permutation.

Setting D = 512 D = 768 D = 1024
Query transform ops 0.26M 0.59M 1.05M
10M offline transform ops 2.62T 5.90T 10.49T
fp16 storage @ D/16 0.64GB 0.96GB 1.28GB
fp16 storage @ D/2 5.12GB 7.68GB 10.24GB
fp16 storage @ D 10.24GB 15.36GB 20.48GB
Dense transform params 0.26M 0.59M 1.05M

Table 12: Scaling estimates for a 10M-item gallery,
excluding ANN index overhead. Dense Cayley has
low parameter memory but an offline O(ND2) gallery
transformation cost. Block-diagonal, Givens, or
butterfly-style orthogonal transforms could reduce ap-
plication cost to O(Db) or O(D logD), at the possible
cost of weaker cross-coordinate mixing.

Transform Cost Params Stair. Emerg. Hard Drift ↓ Cap.
Dense Cayley O(D2) 262,149 53.01 33.17 89.76 5.4e-07 34.91
Butterfly Givens, s = 8 O(sD logD) 18,437 52.80 31.89 90.06 3.9e-07 33.11
Butterfly Givens, s = 4 O(sD logD) 9,221 52.54 30.78 90.37 4.2e-07 31.58

Table 13: Structured orthogonal transform tradeoff.

changes the full space. Table 25 varies the as-
signed semantic boundaries, treating κ(r) as an
interface contract rather than a discovered natu-
ral constant. The two tables should be read to-
gether: Table 24 asks whether the objective and
transform constraints matter under the default in-
terface, while Table 25 asks whether reasonable
shifts of that interface still produce a coherent con-
tract.

Prompt-template ablation. Table 27 checks
whether the effect is caused only by the CLIP-style
“a photo of” template used to construct short views.

Removing the template mildly reduces caption re-
trieval but leaves the hard-negative staircase intact.

Metric definitions. For a prefix k and text view
g, diagnostic retrieval reports image-to-text Re-
call@1:

R@1(k, g) =
1

|Q|
∑
i∈Q

1[j⋆i (k, g) = i] ,

j⋆i (k, g) = argmax
j∈C

sk(xi, t
g
j ).

where Q is the held-out image-query set and C is
the candidate text pool. Hard-negative selectivity
for negative type r is

Sel(k, r) =
1

|Qr|
∑
i∈Qr

1[sk(xi, p
r
i ) > sk(xi, n

r
i )] .

The intended retrieval average is

RetAvg =
1

4

[
R@1(D/16, G0)

+ R@1(D/8, G1)

+ R@1(D/4, G2)

+ R@1(D/2, G3)
]
.

The intended hard-negative average is

HardAvg =
1

4

[
Sel(D/16, object)

+ Sel(D/8, attribute)

+ Sel(D/4, relation)

+ Sel(D/2, full)
]
.
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Figure 9: Selectivity–preservation trade-off across prefix-interface baselines.

Candidate Pool Candidates Obj.@D/16 Attr.@D/8 Rel.@D/4 Cap.@D/2 Ret. Avg. Hard Neg. Avg. Staircase Drift ↓
Full 20,147 pool 20,147 10.86 3.13 16.32 34.91 16.31 89.76 53.03 3.6e-07
Test-only 1,501 pool 1,501 19.32 13.46 42.77 65.16 35.18 89.76 62.47 3.3e-07

Table 14: Candidate-pool sensitivity. Test images are used as queries in both rows. The full-pool setting retrieves
against all 20,147 candidate texts, where train and validation captions are distractors; the test-only setting retrieves
only against the 1,501 held-out test texts. Hard-negative selectivity is evaluated once on the same held-out test
hard negatives and is therefore independent of retrieval candidate-pool size.

The staircase score used in the method comparison
balances retrieval utility and hard-negative selec-
tivity:

Stair =
1

2
(RetAvg+HardAvg) .

Early leakage averages fine-grained selectivity at
prefixes earlier than their designed boundary:

Leak = mean
(k,r)∈S

Sel(k, r),

S = {(k, r) : k < κ(r)}.

For a distinction type r with at least one earlier
prefix, we also report a capability-adjusted emer-
gence gap:

Emerg(r) = Sel(κ(r), r)− mean
k∈K<r

Sel(k, r),

where K<r = {k : k < κ(r)}. This mea-
sures whether a distinction becomes more separa-
ble when it reaches its designed prefix, rather than
rewarding weak early prefixes that fail everywhere.
Full drift is the maximum absolute change in full-
dimensional cosine similarities:

∆max = max
a,b

|⟨Fθ(ea), Fθ(eb)⟩ − ⟨ea, eb⟩| .



Method Obj. R@1 Attr. R@1 Rel. R@1 Cap. R@1 Ret. Avg. Obj. Neg. Attr. Neg. Rel. Neg. Full Neg. Hard Avg. Staircase
Direct prefix 1.00 0.47 11.26 14.46 6.80 20.52 13.59 56.76 93.80 46.17 26.48
PCA prefix 3.06 1.33 27.12 46.04 19.39 59.56 27.51 52.50 96.80 59.09 39.24
MRL-style 6.26 2.93 26.58 41.44 19.30 16.46 9.66 38.24 96.60 40.24 29.77
Matryoshka-style adaptor 7.06 3.60 24.78 38.97 18.60 18.39 11.99 36.84 96.60 40.96 29.78
SMEC-style compression 10.79 3.46 25.92 41.11 20.32 56.83 26.05 51.97 96.54 57.84 39.08
Generic MLP adapter 10.59 2.86 15.92 24.72 13.52 71.15 87.74 98.20 95.87 88.24 50.88
Learned permutation 0.80 0.53 12.66 31.91 11.48 26.45 15.26 53.56 95.34 47.65 29.56
Learned signed permutation 0.67 0.80 13.06 29.25 10.94 23.38 16.06 39.97 95.00 43.60 27.27
GraSP-VL 10.73 3.13 16.32 34.91 16.27 77.48 88.41 96.54 96.60 89.76 53.01

Table 15: Staircase score decomposition. Retrieval and hard-negative columns use the intended prefix-view or
prefix-negative pairing. Ret. Avg. and Hard Avg. are averaged to compute Staircase.

Method Attr. Relation Action Order Full Mean
Direct prefix -6.66 13.32 14.69 11.16 6.68 7.84
PCA prefix -12.19 -3.50 1.50 -1.37 3.02 -2.51
MRL-style -0.40 2.23 -0.03 1.73 1.18 0.94
Matryoshka-style adaptor 0.40 1.00 1.50 1.77 0.73 1.08
SMEC-style compression -10.66 -3.63 0.80 -6.10 3.40 -3.24
Generic MLP adapter 31.78 50.23 48.97 48.23 8.31 37.50
Learned permutation -9.13 1.67 4.96 3.76 8.79 2.01
Learned signed permutation -6.66 -7.00 -4.30 0.13 7.97 -1.97
GraSP-VL 24.72 47.73 43.67 41.74 7.99 33.17

Table 16: Emergence-gap decomposition. Each cell measures how much a semantic distinction improves when
reaching its assigned prefix boundary: attribute at D/8, relation/action/order at D/4, and full-caption matching at
D/2.

Probe What changes from training? Main readout Interpretation
Swapped prompts Text templates are changed at evaluation time Intended-view R@1 Tests sensitivity to wording artifacts.
Human captions Uses held-out human captions, not generated views Image retrieval and object purity Tests caption compatibility outside typed negatives.
SugarCrepe-clean Uses external positive/negative caption pairs Prefix accuracy and emergence Tests compositional transfer outside our annotation pipeline.
CIFAR-100 zero-shot Uses independent classification labels and prompts Top-1 accuracy by prefix Tests a common VLM use case without extra training.
ImageNet-V2 zero-shot Uses an independent 1,000-class image set Top-1/Top-5 accuracy at D Tests full-space classification preservation.
Karpathy retrieval Uses human captions and conventional test galleries Bidirectional Recall@K at D Tests full-space retrieval preservation.

Table 17: Out-of-objective probes and what each controls for.

Method Prompt Set Object@D/16 Attribute@D/8 Relation@D/4 Caption@D/2
Direct prefix training style 1.00 0.47 11.26 14.46
Direct prefix swapped templates 0.67 0.40 11.73 17.52
GraSP-VL training style 12.19 2.93 16.32 34.91
GraSP-VL swapped templates 4.33 2.60 17.59 32.84

Table 18: Prompt-template transfer. The model is trained with the default prompt style and evaluated with either
the same style or a swapped template set. Scores are large-pool image-to-text R@1 at the intended prefix-view
pair.

Method Prefix Object Purity@10 Category mAP Full-pool R@1 Same-object R@1 Median Rank
Direct prefix D/16 (32) 15.80 7.52 1.67 8.73 528
Direct prefix D/8 (64) 24.11 10.64 3.80 14.26 152
Direct prefix D/4 (128) 33.38 16.26 12.79 27.05 24
Direct prefix D/2 (256) 40.29 20.67 23.58 40.11 8
Direct prefix D (512) 43.68 24.07 42.11 55.56 2
GraSP-VL D/16 (32) 34.85 24.81 1.53 7.40 144
GraSP-VL D/8 (64) 37.00 24.60 4.26 13.86 62
GraSP-VL D/4 (128) 42.54 24.95 21.25 37.18 8
GraSP-VL D/2 (256) 43.92 23.37 36.24 49.37 3
GraSP-VL D (512) 43.68 24.07 42.11 55.56 2

Table 19: Out-of-objective validation using held-out human captions and real image distractors. No LLM-
generated views or typed negatives are used at evaluation time.

Test-query source N RetAvg HardAvg Emergence Staircase
COCO 646 13.16 88.74 33.59 50.95
Flickr30K 855 18.60 90.53 32.86 54.56

Table 20: Source-stratified held-out prefix-interface results using the same checkpoint, semantic contract, and full
20,147-text gallery. The staircase remains strong for both COCO and Flickr30K queries.



Type Subsets Expected Prefix Acc@D/16 Acc@D/8 Acc@D/4 Acc@D/2 Acc@D Peak Ext. Emergence
Object replace_obj, add_obj D/16 86.03 91.71 88.42 92.70 92.33 D/2 –
Attribute replace_att, add_att D/8 62.64 72.30 74.93 82.23 83.51 D 10.66
Relation/Binding replace_rel, swap_obj, swap_att D/4 56.37 58.31 71.00 70.31 69.49 D/4 15.66

Table 21: SugarCrepe-clean prefix transfer for GraSP-VL. SugarCrepe is not generated by our annotation pipeline
and is not used for training. The clean split removes images that appear in the GraSP-VL train or validation splits;
in this run, no SugarCrepe image overlaps with train/validation, so clean equals all 7,511 examples.

Task Method D/16 D/8 D/4 D/2 D
Coarse group Direct prefix 25.34 37.86 57.93 67.25 80.53
Coarse group GraSP-VL 62.98 61.08 62.48 71.20 80.53
Superclass Direct prefix 23.87 37.78 44.55 44.73 61.63
Superclass GraSP-VL 33.47 35.19 44.12 49.42 61.63
Fine class Direct prefix 19.48 42.39 61.08 62.30 76.95
Fine class GraSP-VL 31.98 46.46 60.77 67.98 76.95

Table 22: No-training downstream sanity check on CIFAR-100 hierarchical zero-shot classification. Values are
top-1 accuracy; the full-dimensional prefix corresponds to the frozen VLM geometry under the shared orthogonal
transform.

Task Dataset Method I2T R@1 I2T R@5 I2T R@10 T2I R@1 T2I R@5 T2I R@10
Classification ImageNet-V2 Frozen VLM Top-1: 62.31 Top-5: 87.01
Classification ImageNet-V2 GraSP-VL Top-1: 62.31 Top-5: 87.01
Retrieval Flickr30K 1K Frozen VLM 86.20 98.00 99.50 69.80 90.40 94.56
Retrieval Flickr30K 1K GraSP-VL 86.20 98.00 99.50 69.80 90.40 94.56
Retrieval COCO 5K Frozen VLM 59.46 81.80 88.62 42.35 67.75 77.04
Retrieval COCO 5K GraSP-VL 59.46 81.80 88.62 42.35 67.75 77.04

Table 23: Full-dimensional zero-shot capability preservation. ImageNet-V2 uses 10,000 images, 1,000 classes,
and the 80-template CLIP prompt ensemble. Retrieval uses the Karpathy Flickr30K 1K and COCO 5K test splits
with five human captions per image. I2T credits any paired caption; T2I has one positive image per caption. Frozen
VLM and GraSP-VL predictions are identical at the reported precision.

Panel Setting Staircase Emergence Gap Hard Avg. Cap. R@1 Drift ↓
Backbone OpenCLIP ViT-B/16 53.01 33.17 89.76 34.91 5.4e-07
Backbone OpenAI CLIP ViT-B/32 46.77 28.80 83.60 29.63 5.1e-07
Backbone OpenAI CLIP ViT-B/16 50.27 31.20 86.98 32.53 5.7e-07
Backbone OpenCLIP ViT-L/14 56.32 35.40 92.70 38.19 5.2e-07
Backbone EVA-CLIP ViT-B/16 54.62 34.50 91.18 36.18 5.4e-07
Backbone SigLIP ViT-B/16 51.89 32.50 88.50 33.64 5.6e-07
Objective Full GraSP-VL 53.01 33.17 89.76 34.91 5.4e-07
Objective w/o retention 53.19 33.83 90.24 33.98 4.5e-07
Objective w/o hard-negative ranking 41.53 8.39 63.74 39.44 4.2e-07
Objective w/o early-prefix invariance 57.03 1.82 97.87 33.11 4.8e-07
Objective non-orthogonal transform 35.56 44.16 57.71 23.65 4.4e-01
Transform Shared orthogonal 53.17 33.17 89.76 34.91 4.8e-07
Transform Separate orthogonal 51.53 36.17 89.71 26.58 2.8e-01
Transform Separate orthogonal + preservation 51.59 34.39 90.11 24.78 2.3e-01
Transform Linear adapter + drift penalty 51.63 35.56 88.47 28.91 2.4e-01
Schedule Default curriculum 53.17 33.17 89.76 34.91 4.8e-07
Schedule All negatives after warmup 53.71 31.85 90.31 35.24 4.8e-07
Schedule Slow curriculum 53.49 31.22 90.69 33.11 5.1e-07
Schedule No warmup, all negatives 53.66 32.77 91.34 32.91 4.2e-07

Table 24: Detailed backbone, objective, transform, and schedule checks. Shared orthogonal GraSP-VL combines
strong selectivity with near-exact full-space preservation.



Setting Attr. κ Rel. κ Attr@κ Rel/A/O@κ Full@κ Contract Hard Avg. Pre-κ Leak. ↓ Default Stair. Cap. R@1 Drift ↓
Default κ D/8 D/4 88.41 96.91 96.60 89.85 64.47 53.17 34.91 4.8e-07
Relation delayed D/8 D/2 91.07 96.25 96.67 90.80 62.41 47.15 34.44 4.8e-07
Attribute delayed D/4 D/4 91.21 97.20 96.40 91.27 65.26 50.04 34.18 5.4e-07
Compressed attr.+rel. D/8 D/8 96.67 98.42 96.14 92.61 68.89 54.15 32.31 5.1e-07

Table 25: κ(r) sensitivity. We vary the earliest prefix at which attribute and relation/action/order negatives should
be solved. Contract Hard Avg. evaluates each model under its own assigned interface contract, whereas Default
Staircase measures the same model under the default paper ladder. These results should be read as contract sensi-
tivity rather than evidence for a unique natural semantic boundary.

Prefix scale Semantic prefixes (D = 512) Contract Hard Avg. Emergence gap Caption R@1
0.75× 24/48/96/192 90.92 33.87 32.58
Default 32/64/128/256 89.85 33.17 34.91
1.25× 40/80/160/320 90.72 32.84 35.04

Table 26: Sensitivity to uniform shifts of the numerical prefix cutoffs. The same backbone, data split, objective,
optimization schedule, loss weights, and seed are used; all settings retain full-space drift below 10−6.

View Construction Staircase Hard Avg. Cap. R@1 Drift ↓
Default template 53.01 89.76 34.91 5.4e-07
No template 51.73 88.84 32.05 5.1e-07

Table 27: Prompt-template artifact check. The no-template variant removes the “a photo of” style from object,
attribute, and relation views, using raw entity, attribute phrase, and event phrase strings instead.
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