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Abstract. Contrastive vision-language models such as CLIP map se-
mantically opposite phrases (e.g ., “a dog” vs. “not a dog”) to nearly iden-
tical embeddings, rendering them insensitive to negation. We attribute
this failure to a phenomenon we call Representational Collapse: by track-
ing compositional divergence and visual alignment across the CLIP text
encoder, we show that middle layers build compositional syntax, but the
final layers collapse this structure as visual alignment rises, producing
a syntax-blind final representation. To recover the lost negation signal
without altering pretrained weights, we propose PeakPatch, a lightweight
post-hoc correction system that intercepts the encoder at its composi-
tional peak while keeping CLIP fully frozen. An Embedding Correction
Network (ECN) uses cross-attention to extract a negation-specific sig-
nal from the peak layer, anchored to a stable baseline, and predicts a
deviation vector that re-injects the lost syntax into the final-layer em-
bedding space. A complementary Score Correction Network (SCN) pre-
dicts bounded scalar score offsets for discriminative tasks. Both modules
are trained jointly end-to-end while all CLIP parameters remain frozen,
adding only 5.2M parameters (3.5% of the backbone) and preserving the
standard cosine similarity interface. On NegBench, PeakPatch achieves
74.3% on COCO MCQ (+35.1 over CLIP, +17.8 over the best encoder
fine-tuning method) and 65.5% on VOC MCQ, while outperforming all
fine-tuning baselines on fully out-of-distribution negation retrieval de-
spite training only 3.5% of the parameters. The corrected embeddings
also transfer to text-to-image generation (+18.4 negation score) and gen-
eralize across ViT-B/32, ViT-L/14, and SigLIP backbones.
Project page: https://stevencylu.github.io/PeakPatch/

1 Introduction

Vision-language models (VLMs) such as CLIP [35] learn a shared embedding
space where images and text can be directly compared via cosine similarity.
This simple yet powerful formulation has enabled a broad range of applications,
including zero-shot classification [35, 57], cross-modal retrieval [30, 52], text-to-
image generation [36,38], open-vocabulary detection [19,24,27,50], and semantic
segmentation [29, 48]. Subsequent models such as ALIGN [17], OpenCLIP [5],
SigLIP [53], and EVA-CLIP [41] have scaled this paradigm to larger datasets
and architectures.

https://stevencylu.github.io/PeakPatch/
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Fig. 1: CLIP’s negation blindness on two NegBench protocols. (Left) Re-
trieval: CLIP retrieves images containing the negated object (cup), treating “No cup
is present” as similar to “cup present.” PeakPatch correctly retrieves cup-free images.
(Right) MCQ: given a cat image with no book, CLIP selects a caption mentioning
both nouns while ignoring negation; PeakPatch selects the correct answer (“No book
is visible in this image.”).

Despite this progress, these models share a fundamental limitation: they can-
not distinguish negated descriptions from affirmative ones. Semantically opposite
phrases (e.g ., “a dog” vs. “not a dog”) are mapped to nearly identical embed-
dings, making the model effectively blind to negation. As Fig. 1 illustrates, this
causes CLIP to retrieve images containing the negated object and to select wrong
captions in multiple-choice settings. On the NegBench VOC MCQ task [3], this
manifests as a universal affirmation bias: 81% accuracy on affirmative captions
collapses to just 3% on negated ones, worse than random chance. This limita-
tion has practical consequences: applications routinely require negation, from a
radiologist searching for “bilateral consolidation with no evidence of pneumonia”
to a safety inspector querying “construction sites with no barriers” to content
moderation prompts such as “no weapon.”

Why does this happen, and can it be fixed? Kang et al . [20] prove that
the problem is fundamental: no CLIP-like joint embedding space can correctly
handle even any two of basic semantics, attribute binding, spatial relations, and
negation, as the geometry is overconstrained. Fine-tuning methods [33,40,52] im-
prove negation accuracy without large drops in zero-shot classification, but they
remain subject to this geometric ceiling—they push negation into a space that
provably cannot fully accommodate it. Moreover, fine-tuning permanently alters
the pretrained weights, requiring every downstream system that builds on frozen
CLIP features (e.g ., LLaVA [26], BLIP-2 [22], text-to-image generators [38]) to
be re-validated or re-adapted. We therefore ask: Can we correct CLIP’s negation
blindness without modifying the encoder or relying on an external model?

To answer this, we probe the frozen CLIP text encoder, layer by layer. We
introduce the Layer-wise Compositional Divergence (LCD) metric, which tracks
how well each layer separates negated captions from their affirmative counter-
parts (Fig. 2). Jointly measuring this compositional divergence alongside per-
layer visual alignment to the paired image reveals a clear trajectory. LCD rises
through early and middle layers as the encoder builds compositional structure,
then peaks at a compositional peak layer lp. Visual alignment, meanwhile, re-
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Fig. 2: Representational Collapse in CLIP’s text encoder. We track two layer-
wise signals: compositional divergence (LCD; blue, left axis), defined as D(ℓ) = 1 −
cos(orig, neg), and visual alignment (red, right axis), defined as A(ℓ) = cos(text, image).
Divergence peaks at Layer lp but drops sharply as alignment rises, collapsing into a
syntax-blind representation. PeakPatch extracts negation features at lp (compositional
peak) and anchors them to la (L6) to correct the collapsed final-layer output.

mains low through an anchor layer la and then rises sharply. Beyond lp, visual
alignment dominates while LCD drops. The final layers collapse the composi-
tional structure into a syntax-blind representation optimized for cross-modal
matching. We call this phenomenon Representational Collapse.

Representational Collapse suggests a simple strategy: extract negation in-
formation before the encoder discards it, then inject it back into the standard
final embedding interface. Since the final layer is strongly visually aligned but
syntax-blind, while the compositional peak is syntax-aware but not yet visually
aligned, neither representation suffices alone. Based on this insight, we propose
PeakPatch, a lightweight post-hoc correction system that intercepts the frozen
CLIP encoder at its compositional peak and corrects the collapsed final-layer
output. An Embedding Correction Network (ECN) uses cross-attention to ex-
tract a negation-specific signal from Layer lp, anchors it to a stable baseline
at Layer la, and predicts a deviation vector that injects the lost syntax into
the final-layer embedding space. A Score Correction Network (SCN) contrasts
the peak-layer representation with the ECN-corrected embedding and the image
to predict bounded scalar corrections for discriminative tasks. Both modules are
trained jointly end-to-end while all CLIP parameters remain frozen, adding 5.2M
parameters (3.5% of the backbone) and preserving the standard cosine similarity
interface. Overall, we correct CLIP’s negation blindness entirely post-hoc, with
a frozen encoder and no external inference-time model. Our contributions are as
follows:

1. We introduce the Layer-wise Compositional Divergence (LCD) metric and
use it to identify Representational Collapse in CLIP’s text encoder: negation
separability peaks at an intermediate layer and then degrades as visual align-
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ment increases, revealing that the encoder actively discards compositional
structure in its final layers.

2. Motivated by this finding, we propose PeakPatch, a lightweight post-hoc
correction system that keeps all of CLIP frozen and requires no external
model. An Embedding Correction Network (ECN) extracts negation signals
from the compositional peak via cross-attention and corrects the final text
embedding, while a Score Correction Network (SCN) applies bounded cor-
rections to the similarity score.

3. PeakPatch achieves 74.3% on COCO MCQ (+35.1 over CLIP, +17.8 over the
best encoder fine-tuning method) with only 5.2M parameters (3.5% of the
backbone). In the fully OOD retrieval setting, it outperforms all fine-tuning
baselines despite modifying only the text side, and its corrected embeddings
transfer to text-to-image generation (+18.4 negation score).

2 Related Work

2.1 Post-Hoc Adaptation of Vision-Language Models

Contrastive VLMs such as CLIP [35], ALIGN [17], OpenCLIP [5], SigLIP [53],
and FLAVA [39] enable strong zero-shot transfer, but adapting them without
damaging pretrained representations remains an open challenge. Existing ap-
proaches operate at three levels of the inference pipeline. Prompt learning [18,
21,56,57] optimizes continuous input tokens while keeping weights frozen, yield-
ing gains on few-shot classification but leaving the similarity function unchanged.
Feature adapters [9,45,54] apply residual or cache-based transformations to out-
put embeddings, demonstrating that small feature-space perturbations can pro-
duce large task-level improvements. Score- and classifier-level corrections [16,42,
51, 58] modify classifier weights or logits to steer predictions without retraining
the backbone. Complementing these, WiSE-FT [47] shows that interpolating
fine-tuned and zero-shot model weights preserves robustness, and parameter-
efficient methods such as low-rank adaptation [14] have become standard for
updating large models with minimal overhead. Notably, generative VLMs that
use CLIP as a frozen visual encoder [2, 6, 22, 23, 26] inherit any compositional
failure in CLIP’s representations, making upstream corrections especially conse-
quential.

Despite their diversity, these methods share a common assumption: the em-
bedding geometry is fundamentally sound and merely needs task-specific steer-
ing. PeakPatch draws on the idea of residual corrections [9, 51] but addresses a
qualitatively different problem: the text encoder itself produces systematically
wrong representations for negated inputs, requiring correction at the represen-
tation level before any downstream scoring can be meaningful.

2.2 Negation Understanding in Vision-Language Models

Among the compositional failures exposed by recent benchmarks [7, 13, 15, 31,
44,55], negation stands out as uniquely severe. While negation has been studied
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extensively in natural language understanding [12], its impact on VLMs has only
recently been quantified: NegBench [3] reveals that CLIP’s 81% affirmative accu-
racy collapses to 3% on negated captions, and CC-Neg [40] confirms this failure
at scale with 228K pairs. The root cause appears structural rather than data-
driven: Kang et al . [20] prove a geometric impossibility theorem showing that
no single embedding space can correctly handle even any two of basic semantics,
attribute binding, spatial relations, and negation without overconstraining the
geometry, while Quantmeyer et al . [34] provide mechanistic evidence that nega-
tion processing is distributed across layers and concentrated in a small fraction
of negator-selective attention heads (8%).

Existing fixes fall into two camps, each with clear tradeoffs. Encoder fine-
tuning methods [33, 40, 52] retrain the text encoder on negation-aware data.
This improves negation understanding but risks degrading the broad representa-
tions that make CLIP useful, precisely because it forces negation into an embed-
ding space that provably cannot accommodate it [20,47]. Inference-time methods
avoid modifying CLIP but introduce other constraints: DCSM [20] replaces co-
sine similarity with token-to-patch CNN scoring, breaking the standard CLIP
interface and preventing use in downstream pipelines that rely on embeddings.
Two concurrent methods fall outside these camps but introduce their own con-
straints: SpaceVLM [37] and Aggarwal et al . [1] explicitly extract the negated
concept at inference time, the former through an LLM parser and the latter
through a rule-based parser, making them not directly comparable to methods
that operate on the raw caption without external parsing. We provide detailed
comparisons in the supplementary material.

2.3 Interpreting CLIP’s Internal Representations

A growing body of work probes what CLIP’s layers encode. Gandelsman et
al . [8] project each ViT layer’s output through CLIP’s final projection head,
decomposing the image representation into per-layer contributions. On the text
side, CLIP behaves largely as a bag of words [52], and Quantmeyer et al . [34]
use causal tracing to establish that negation awareness does exist in intermediate
layers but spans only 8% of attention heads and does not survive to the final
representation. These studies reveal what CLIP fails at and where information
resides, but stop short of quantifying the layer-wise dynamics or translating
diagnostics into a correction strategy.

Our LCD analysis (Sec. 3.2) builds on these findings. Adopting the projec-
tion methodology of Gandelsman et al . [8] on the text encoder side, we track
the competition between compositional divergence and visual alignment across
every layer, revealing a consistent collapse of negation separability in the final
layers—a phenomenon we term Representational Collapse. This directly moti-
vates PeakPatch: lightweight correction modules that read negation signals from
intermediate layers where prior mechanistic analyses localize them [34], sidestep
the impossibility theorem [20] by operating outside the joint embedding space,
and apply corrections at both the embedding and score levels—all while keeping
CLIP frozen.
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3 Method

3.1 Preliminaries

CLIP encodes images and text into a shared d-dimensional space. Given an image
I and text T , their similarity is computed as:

s(I, T ) = cos(fI , fT ) =
f⊤I fT

∥fI∥ ∥fT ∥
, (1)

where fI = EI(I) ∈ Rd and fT = ET (T ) ∈ Rd are the image and text embed-
dings, respectively. The text encoder is an L-layer transformer [46]; each layer
applies multi-head self-attention and a feed-forward sub-network, producing hid-
den states Hl ∈ RN×d at layer l, where N is the sequence length. The final text
embedding is obtained by projecting the [EOS] token of the last layer through a
layer norm and linear head into the shared space: fT = WT LN(hL

[EOS]), followed
by ℓ2 normalization. Following Gandelsman et al . [8], who project intermediate
ViT layer outputs through CLIP’s final head to interpret per-layer contribu-
tions, we extend this to the text encoder by defining f lT = WT LN(hl

[EOS]) (with
ℓ2 normalization), so that fLT ≡ fT . Because WT was trained to maximize cosine
similarity between fLT and fI , the score cos(f lT , fI) at intermediate layers measures
the degree to which layer l has already specialized for cross-modal alignment.

For a negated caption T− (e.g ., “not a dog”) and its affirmative counterpart
T+ (e.g ., “a dog”), CLIP produces cos(fT+ , fT−) ≈ 1, meaning that the embed-
dings are nearly identical despite opposite semantics. Kang et al . [20] prove that
this is a geometric constraint of the shared space, not merely a training failure.
However, our analysis (Sec. 3.2) reveals that compositional awareness does exist
in the frozen encoder’s intermediate layers but is overwritten by the final layers.

3.2 Layer-wise Compositional Divergence

To formalize Representational Collapse, we define two complementary per-layer
metrics:
Compositional divergence. Given a diagnostic set D = {(Ii, T+

i , T−
i )} of

image–caption triples, where T+ is the affirmative caption and T− its negated
counterpart, we measure how well each layer separates their projected [EOS]
representations:

DLCD(l) =
1

|D|
∑
i

(
1− cos

(
f lT (T

+
i ), f lT (T

−
i )

))
. (2)

Visual alignment. We complement DLCD with a visual alignment score that
measures how closely each layer’s projected [EOS] representation matches the
paired image embedding:

A(l) =
1

|D|
∑
i

cos
(
f lT (T

+
i ), fIi

)
. (3)
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Fig. 3: Method overview. With all CLIP parameters frozen, we extract hidden states
at three layers identified by the LCD analysis (Sec. 3.2): anchor la, compositional peak
lp, and final layer L. The ECN (Sec. 3.3) attends over the full token sequence at lp
with a learned query, fuses the result with peak- and anchor-layer embeddings, and
predicts a deviation vector δ added to the collapsed layer-L embedding. The SCN
(Sec. 3.3) contrasts the corrected embedding f̂T with the lp representation and the
image embedding fI to predict a bounded scalar correction ∆s to the cosine similarity.
Both modules are trained jointly (Sec. 3.4) while all CLIP parameters remain frozen.

Because both f lT and fI lie in the shared embedding space, the cosine similarity
is well-defined at every layer; A(l) is not a claim about inherent visual content
at layer l, but a measure of how strongly the contrastive alignment pressure has
reshaped that layer’s output.
The collapse trajectory. Figure 2 plots both metrics across the L transformer
layers, revealing three phases. In the early and middle layers, DLCD rises steadily
as the encoder builds syntactic structure, while A(l) remains low. In the upper-
middle layers, A(l) increases sharply as the encoder begins to specialize for cross-
modal matching. Once alignment dominates, DLCD drops and the final layers
collapse compositional distinctions into a syntax-blind, visually aligned repre-
sentation.

This collapse is a direct consequence of the InfoNCE [32] training objective.
Because negation is largely absent from web-crawled image–caption data, the
contrastive loss is dominated by object-level semantics: the final layers learn to
maximize visual alignment based on what objects are present, with no gradient
signal to preserve the distinction between “a dog” and “not a dog.” The com-
positional structure built by the middle layers is therefore overwritten as the
encoder specializes for object-driven matching. We verify that this pattern is
negation-specific through a control experiment in Sec. 4.4.

This trajectory identifies three functionally distinct zones that motivate our
layer extraction strategy (Fig. 3):
Anchor zone (layer la). DLCD is rising but A(l) has not yet begun its steep
ascent, providing a stable linguistic baseline uncontaminated by the visual prior.
Compositional peak (layer lp). DLCD reaches its maximum, the point at
which syntactic and visual signals coexist before coming into conflict.



8 Chen-Yi Lu et al.

Collapse zone (layers lp+1 through L). A(l) dominates and DLCD drops
sharply; by layer L, the [EOS] embedding is visually aligned but syntax-blind.
Deterministic layer selection. Both layers are read directly off the LCD
curve rather than tuned: the compositional peak is lp = argmaxℓ DLCD(ℓ), and
the anchor la is the latest pre-peak layer still in the rising-DLCD, pre-alignment
zone—the closest stable baseline to lp, which shares the most processing context
with it. Computing DLCD requires only forward passes over a small diagnostic
set and takes minutes, so layer selection is a one-time characterization, not a
hyperparameter search. The same rule transfers across backbones: re-running the
analysis on each encoder relocates lp automatically, with no manual intervention
(the supplementary material reports a peak shift to Layer 4 for a LAION-2B-
pretrained encoder, with comparable gains).

3.3 PeakPatch

The compositional peak retains negation information but lacks visual alignment,
while the final layer is visually aligned but syntax-blind; an effective correction
must bridge both representations. PeakPatch does so through two lightweight
modules that operate on frozen CLIP features (Fig. 3). The Embedding Correc-
tion Network (ECN) extracts a negation-specific deviation from the peak layer
and injects it into the final text embedding, producing a corrected representation
suitable for retrieval and generation. However, embedding correction alone may
not suffice for discriminative tasks such as MCQ, where the decision hinges on
the relative ranking of K candidate scores against a single image rather than on
absolute embedding quality. A complementary Score Correction Network (SCN)
therefore predicts a bounded scalar offset to the cosine similarity, allowing fine-
grained adjustment of pairwise comparisons that the embedding shift cannot
fully resolve.
Embedding Correction Network (ECN). The ECN corrects the collapsed
layer-L embedding by recovering the negation signal from the compositional
peak (Fig. 3, top branch). It predicts a deviation vector δ ∈ Rd that shifts the
final embedding to separate negated from affirmative descriptions:

f̂T =
fT + α · δ

∥fT + α · δ∥2
, (4)

where α is a learned scalar controlling the correction magnitude.
The deviation δ is computed in two stages. All intermediate hidden states are

first passed through CLIP’s final layer normalization (LNfinal) but not the text
projection WT , preserving the full token-level structure while ensuring numerical
compatibility across layers; for notational brevity, we continue to write Hl and
hl for these layer-normalized representations in the equations below. In the first
stage, a learned query q ∈ Rd attends over the full token sequence at the peak
layer via multi-head cross-attention [46] to produce a negation-aware summary:

a = LN
(
CrossAttn(q, Hlp , Hlp)

)
∈ Rd, (5)
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where LN denotes a separate learned layer normalization. Because the query is
learned end-to-end, it discovers negation-relevant token positions automatically,
handling negation through a single mechanism without requiring a syntactic
parser.

In the second stage, the cross-attention summary is concatenated with the
[EOS] tokens from the peak and anchor layers and a mean-pooled representation
of the peak layer, then passed through a bottleneck MLP:

δ = MLPECN

(
[h

lp
[EOS]; a; h

la
[EOS]; h̄

lp ]
)
∈ Rd, (6)

where h̄lp is the mean-pooled token representation at the peak layer and MLPECN :
R4d → Rd. The anchor token hla

[EOS] serves as a stable reference from before
alignment pressure distorts the representation, while h̄lp provides a global sum-
mary of the peak layer’s full token sequence, complementing the query-focused
cross-attention output. Since f̂T is ℓ2-normalized (Eq. (4)), it preserves CLIP’s
cosine similarity interface and can serve as a drop-in replacement for retrieval
and generation tasks.
Score Correction Network (SCN). While the ECN operates in embedding
space, the SCN provides a complementary correction at the score level (Fig. 3,
bottom branch). For discriminative tasks such as multiple-choice question an-
swering, the SCN predicts a bounded scalar adjustment to the cosine similarity
between an image and a candidate caption.

The SCN reads from the compositional peak region, where negation separa-
bility is high but the representation is not yet dominated by alignment pressure.
This provides a compositional cue complementary to the token-level features the
ECN extracts, making the score correction more robust on ambiguous inputs.

The SCN aggregates three sources of information. A text context encoder
maps the concatenation of the projected peak-layer embedding f

lp
T and the ECN-

corrected embedding f̂T to a compact representation t ∈ Rds (where ds ≪ d is
the SCN’s internal dimension), capturing the discrepancy between the compo-
sitionally aware peak representation and the corrected output. A cross-modal
context encoder maps the element-wise product fI ⊙ f̂T to c ∈ Rds , encoding
how the corrected text relates to the image. Finally, two scalar similarity fea-
tures s = [cos(f

lp
T , fI); cos(f̂T , fI)] directly compare the peak-layer and corrected

similarities; disagreement between these two scores signals that negation infor-
mation was lost during the collapse. These three streams are concatenated and
mapped to a bounded scalar correction:

∆s = αmax · tanh
(
MLPSCN([s; t; c])

)
, (7)

where the tanh bounds the output to [−αmax, αmax], preventing the SCN from
overriding the embedding-level signal. The final corrected similarity is:

ŝ(I, T ) = cos
(
fI , f̂T

)
+∆s. (8)

Because the SCN takes f̂T rather than the original layer-L embedding as input,
embedding-level corrections propagate into the score-level module, coupling the
two streams end-to-end.
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Inference. At test time, PeakPatch applies the ECN and SCN uniformly to
every input: it performs no polarity classification, gating, or parsing to decide
whether a caption is negated, so affirmative and negated queries pass through
the identical correction path. The ECN always returns a drop-in ℓ2-normalized
embedding f̂T and the SCN always returns a bounded offset ∆s; on affirmative
inputs the learned corrections are small, preserving standard retrieval (Sec. 4.4)
and zero-shot classification (supplementary material).

3.4 Joint Training

Both modules are trained jointly end-to-end while all CLIP parameters remain
frozen.
ECN objective. The ECN is trained with a symmetric (image-to-text + text-
to-image) InfoNCE loss [32]. For a batch of B images, each paired with an
affirmative and a negated caption, the contrastive denominator sums over all
2B corrected embeddings, so negated captions act as hard negatives that the
loss explicitly pushes apart. We denote this loss LECN.
SCN objective. The SCN is trained with a K-way softmax cross-entropy loss
over multiple-choice questions, each consisting of one correct caption and K−1
negated distractors. An ℓ2 penalty on the correction magnitude (∆s)2, averaged
over K options within each MCQ, regularizes the SCN to keep adjustments
small. We denote this loss LSCN.
Joint optimization. The total objective combines both losses:

L = LECN + λSCN LSCN. (9)

Because the SCN operates on ECN-corrected embeddings, gradients from LSCN

flow back into the ECN, creating a coupled training dynamic: the ECN must
produce embeddings that are useful for both retrieval (via LECN) and discrimi-
nation (via LSCN). We use separate learning rates for the two modules to balance
the contrastive and discriminative objectives.

4 Experiments

4.1 Setup

Architecture and training. We build on CLIP ViT-B/32 [35] (d=512). The
ECN and SCN add ∼4.7M and ∼0.5M parameters respectively, totaling 5.2M
trainable parameters (3.5% of the frozen backbone). Training data is constructed
from CC12M [4] following the negation generation protocol of NegBench [3]:
for each original caption, LLaMA 3.1-8B [11] generates a semantically negated
counterpart by inserting explicit negation (e.g., “no,” “not,” “without”), producing
∼1.06M image–caption pairs for the ECN contrastive objective and ∼313K four-
option MCQ samples for the SCN. Both modules are trained jointly for 10 epochs
with AdamW [28] (weight decay 10−2, gradient clipping at norm 1.0), cosine
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Table 1: Negation MCQ accuracy (%) on NegBench [3]. Aff, Neg, and Hyb
denote affirmation, negation, and hybrid template types; Avg is computed over all
samples across template types. All methods use CLIP ViT-B/32 [35] unless noted.

COCO VOC

Method Aff Neg Hyb Avg Aff Neg Hyb Avg

CLIP [35] 70.0 6.6 38.4 39.2 80.9 3.0 58.0 37.9

Encoder fine-tuning
NegCLIP [52] [ICLR’23] 49.2 13.9 16.3 26.8 70.5 4.6 42.3 30.2
CoN-CLIP [40] [WACV’25] 15.6 32.9 25.3 24.4 24.8 23.2 56.7 38.2
CLIP+NF [3] [CVPR’25] 73.1 33.2 54.7 54.2 85.0 31.7 79.5 60.1
NegCLIP+NF [3] [CVPR’25] 81.0 25.9 60.1 56.5 81.0 21.1 83.7 58.2

Post-hoc correction
DCSM† [20] [ICCV’25] 71.2 6.6 68.0 48.6 68.5 5.4 73.1 49.0
PeakPatch 98.1 63.2 60.7 74.3 99.7 57.9 62.2 65.5

† Uses ViT-B/16 backbone. NF=NegFull [3] fine-tuning data.

annealing, and separate learning rates (10−5 for the ECN, 10−4 for the SCN).
Batch size is 1024; training takes ∼2.7 hours on a single NVIDIA A100.
Evaluation. We evaluate on NegBench [3] under two protocols: Negation MCQ—
four-choice accuracy on COCO [25] and VOC 2007 splits (affirmation, nega-
tion, hybrid templates); and Negation retrieval—text-to-image Recall@1/5 with
negated queries on COCO and MSR-VTT [49]. We also evaluate on the text-
to-image generation benchmark of Park et al . [33]: ECN-corrected embeddings
are fed into a frozen GALIP [43] generator on 107 negation prompts; Gemma-3-
27B [10] judges whether the affirmative object is present (Aff) and the negated
attribute absent (Neg); combined (Comb = Aff×Neg) counts a sample as correct
only when both hold. Zero-shot classification on CIFAR-100 is reported in the
supplementary material.
Baselines. Encoder fine-tuning : NegCLIP [52], CoN-CLIP [40], NegationCLIP [33],
and CLIP/NegCLIP + NF [3]. Post-hoc: DCSM [20] (dense token-to-patch match-
ing, ViT-B/16).

4.2 Main Results

Negation MCQ. Table 1 reports multiple-choice accuracy on the COCO and
VOC splits of NegBench. Baseline CLIP scores only 39.2% on COCO, with 70.0%
on affirmative captions but 6.6% on negated ones. The best fine-tuning method
(NegCLIP +NF) reaches 56.5%; among post-hoc methods, DCSM achieves 48.6%.
PeakPatch achieves 74.3% on COCO (+35.1 over CLIP, +17.8 over the best fine-
tuning baseline) with a large negation gain (6.6%→63.2%). On VOC, PeakPatch
reaches 65.5%, surpassing all fine-tuning baselines.
Negation retrieval. Table 2 reports text-to-image retrieval with negated queries.
In the fully OOD setting (trained without COCO), PeakPatch outperforms all
fine-tuning baselines across all metrics despite training only 5.2M parameters
vs. ∼151M for full encoder fine-tuning. In-domain, PeakPatch reaches 37.1%
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Table 2: Negation retrieval (Text→Image, %) on NegBench [3]. R@k: Recall@k
on negated queries. All methods use CLIP ViT-B/32 [35] unless noted. FT= encoder
fine-tuning; PH=post-hoc (frozen backbone).

COCO MSR-VTT

Method #P R@1 R@5 R@1 R@5

CLIP [35] – – 25.0 47.9 23.8 45.9

Trained on COCO (COCO= in-domain)
NegCLIP [52] [ICLR’23] FT 151M 41.0 68.6 28.0 50.2
NegationCLIP [33] [ICCV’25] FT 151M 38.6 65.8 29.3 53.8
NegCLIP+NF [3] [CVPR’25] FT 151M 41.3 69.0 29.2 51.5
DCSM† [20] [ICCV’25] PH 3.0M 10.6 28.6 19.4 41.2
PeakPatch PH 5.2M 37.1 64.3 26.2 49.0

Trained w/o COCO (fully OOD)
CoN-CLIP [40] [WACV’25] FT 151M 25.7 50.1 23.3 45.4
CLIP+NF [3] [CVPR’25] FT 151M 30.4 55.0 28.4 51.6
PeakPatch PH 5.2M 31.4 56.9 29.1 53.7
† Uses ViT-B/16 backbone. NF=NegFull [3] fine-tuning data.

Table 3: Text-to-image generation
with negated prompts (%). Image gen-
erated with frozen GALIP [43] generator
on 107 prompts [33], correctness judged
by Gemma-3-27B [10].

Method Aff Neg Comb

CLIP [35] 97.4 29.2 28.3

NegCLIP [52] 98.8 24.5 23.7
NegationCLIP [33] 98.8 45.2 44.5
PeakPatch (ECN only) 98.1 47.6 45.8

Table 4: Generalization across architec-
tures (MCQ Avg, %). PeakPatch consis-
tently improves negation understanding
across diverse VLM backbones without
architecture-specific tuning.

Base + PeakPatch

Architecture COCO VOC COCO VOC

ViT-B/32 [35] 39.2 37.9 74.3 65.5
ViT-L/14 [35] 40.6 38.0 63.8 52.5
SigLIP [53] 28.9 30.8 66.4 55.3

R@1 and 64.3% R@5 on COCO, closing much of the gap to NegCLIP + NF
(41.3% R@1) while modifying only 3.5% of the backbone. The remaining gap
is expected: encoder fine-tuning reshapes the joint space for both modalities,
whereas our correction operates only on text embeddings.
Text-to-image generation. Table 3 evaluates ECN-corrected embeddings in
a downstream generation pipeline. The corrected embeddings raise the nega-
tion score from 29.2% to 47.6% (+18.4) while maintaining affirmative accuracy
(98.1%), yielding a combined score of 45.8% vs. 28.3% for CLIP—surpassing
NegationCLIP [33] (44.5%) without modifying encoder weights.

4.3 Ablation Study

Component contribution. Table 5 isolates the contribution of each module
on COCO. The standalone ECN improves MCQ Avg from 39.2% to 51.2% and
retrieval R@5 from 47.9% to 58.2%, showing that embedding-level correction
benefits both tasks. The standalone SCN provides a larger MCQ gain (71.6%)
but barely improves retrieval (48.1%), as score-level correction does not alter
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MCQ Retrieval

Variant Neg Avg R@5

CLIP (baseline) 6.6 39.2 47.9

ECN only 16.5 51.2 58.2
SCN only 67.3 71.6 48.1
w/o anchor (la) 61.7 68.7 60.5
Detached SCN 57.3 67.1 64.8

PeakPatch (joint) 63.2 74.3 64.3

Table 5: Ablation study on COCO
(%). Top: component contribution. Bot-
tom: design choices. MCQ: negation ac-
curacy and overall average. Ret: negation
retrieval R@5.
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Fig. 4: ECN layer selection. COCO
MCQ Avg as a function of peak layer lp
and anchor layer la. Accuracy peaks at
lp=8, coinciding with the LCD maximum
(Sec. 3.2), and is robust to the anchor
choice.

the embedding space. Joint training yields the best overall system (74.3% MCQ,
64.3% R@5), with the ECN and SCN co-adapting through shared gradients.
Design choices. Table 5 also ablates two key architectural decisions. Remov-
ing the anchor layer (la) reduces accuracy by −5.6 (74.3%→68.7%), confirming
that the stable baseline from the anchor zone is critical for measuring compo-
sitional change. Detaching the SCN from ECN gradients reduces accuracy by
−7.2 (74.3%→67.1%), showing that the cooperative training dynamic between
the two modules is essential.
Layer selection. Figure 4 sweeps the ECN peak layer lp and anchor layer la
across CLIP’s text-encoder layers. Accuracy peaks at lp=8, the same layer where
the LCD trajectory reaches its maximum (Sec. 3.2), and decreases for both
earlier and later choices. Performance is robust to the anchor choice, varying by
<1 pp across la ∈ {2, 4, 6} for a fixed peak, confirming that the peak layer is the
critical design decision and that the LCD analysis provides a principled criterion
for selecting it.

4.4 Analysis

Generalization across architectures. Table 4 evaluates PeakPatch on addi-
tional backbones. Negation blindness persists regardless of scale or objective—
CLIP ViT-L/14 (40.6%) and SigLIP ViT-B/16 (28.9%) match ViT-B/32 (39.2%)—
and PeakPatch consistently improves COCO MCQ: +35.1 on ViT-B/32, +23.2
on ViT-L/14 (to 63.8%), and +37.5 on SigLIP (to 66.4%). The ViT-L/14 LCD
trajectory shows an identical collapse pattern, and the layer-selection rule trans-
fers across pretraining data and depth (OpenCLIP ViT-B/32 on LAION-2B,
ViT-g/14); see supplementary material.
Standard (non-negation) retrieval. Because PeakPatch corrects every query
without gating (Sec. 3.3), we check that it does not harm ordinary retrieval. On
standard (affirmative) MSCOCO 5K and Flickr30K 1K text-to-image retrieval
(Tab. 6), ECN-corrected embeddings slightly improve over frozen CLIP (R@1
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Table 6: Standard (non-negation) text-to-image retrieval (%). ECN-corrected
embeddings preserve—and slightly improve—retrieval on affirmative captions.

MSCOCO 5K Flickr30K 1K

Method R@1 R@5 R@1 R@5

CLIP [35] 29.9 54.1 57.9 83.0
PeakPatch (ECN) 32.1 57.0 60.4 83.9

(a) CLIP ViT-B/32 (b) EC-Corrected

cat
dog

car
tree

house
bird

fish
chair

book
flower

affirmative
negated

Fig. 5: t-SNE of text embeddings for 10 object categories. Circles: affirma-
tive captions; crosses: negated captions; colors: object categories. Left : original CLIP
embeddings (affirmative and negated overlap within each object). Right : after ECN
correction (affirmative captions stay in tight per-category clusters; negated captions
separate into a looser shared region).

+2.2/+2.5), and zero-shot classification is likewise preserved (supplementary
material).
Embedding space visualization. Figure 5 shows t-SNE projections of text
embeddings for 10 object categories, each with 5 affirmative and 5 negated cap-
tion templates. In the original CLIP space (left), affirmative and negated embed-
dings for the same object cluster together, confirming that the encoder collapses
the syntactic distinction. After ECN correction (right), the affirmative captions
keep their tight per-category clusters while the negated captions separate from
them into a distinct, looser region. We discuss negation’s set-valued nature in
the supplementary material.
LCD control experiment. To verify that the LCD trajectory reflects a negation-
specific phenomenon, we compare three conditions on 1K pairs (Fig. 6): nega-
tion, paraphrase (synonym rewording), and random (unrelated captions). The
paraphrase curve stays near zero (meaning changes do not alter the [EOS] tra-
jectory), the random curve rises monotonically, and only the negation curve
exhibits the characteristic rise-and-fall, isolating Representational Collapse as
unique to negation.
Attention analysis. Quantmeyer et al . [34] found that only 8% of CLIP’s at-
tention heads are negator-selective. Figure 7 measures per-head attention on
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Fig. 6: LCD control experiment.
LCD is measured on 1K pairs under
three conditions: negation, paraphrase,
and random. Only negation exhibits the
rise-and-fall pattern, confirming the sig-
nal is negation-specific.
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Fig. 7: ECN cross-attention by to-
ken type. Mean attention on negation
vs. content tokens. Heads H0, H1, and
H5 attend preferentially to negation to-
kens (>1.5×), compared to 8% of CLIP
heads [34].

negation vs. content tokens across 12 negated prompts. Three of eight ECN
heads (H0, H1, H5) allocate 1.8–2.6× more attention to negation tokens (37.5%
negation-selective); the remaining heads focus on content words, providing se-
mantic context for what is being negated.

5 Conclusion

We identified Representational Collapse in CLIP’s text encoder: intermediate
layers build compositional structure separating negated from affirmative descrip-
tions, but later layers overwrite it as they specialize for visual alignment. Guided
by this finding, we proposed PeakPatch, a post-hoc system that extracts the
negation signal at the compositional peak through an Embedding Correction
Network (ECN) and applies bounded score offsets through a Score Correction
Network (SCN), trained jointly with all CLIP parameters frozen—adding 5.2M
parameters (3.5% of the backbone). On NegBench, PeakPatch reaches 74.3%
COCO MCQ (+35.1 over CLIP, +17.8 over the best fine-tuning method), out-
performs all fine-tuning baselines on fully out-of-distribution retrieval, trans-
fers to text-to-image generation (+18.4 negation score), and generalizes across
ViT-B/32, ViT-L/14, and SigLIP. We discuss limitations in the supplementary
material.
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