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Figure 1: (A) UMAP projection of sentence embeddings for paraphrase pairs and user-edited variants. Most paraphrase pairs remain locally 
coherent, but some exhibit large separations. Leave-one-out alternatives and small bridge-like local structures highlight cases where apparent 
neighborhoods may reflect either genuine semantic transitions or projection artifacts. (B) Token-level similarity heatmap for a selected set of sen-
tences. The matrix exposes tokens with disproportionate influence on the sentence embedding, explaing local clustering structure in the projection.

Abstract
Sentence embeddings are widely used as a proxy for semantic similarity in applications such as passage retrieval for question
answering. A common approach to inspect such embeddings is to project them into a lower dimension. However, neither small
embedding distance nor proximity in a low-dimensional projection guarantees semantic equivalence. We present an interactive
analysis tool for exploring this mismatch on paraphrase pairs from the Quora Question Pairs dataset. The system combines an
interactive UMAP projection, editable sentence variants, and a heatmap for token sensitivity analysis. This enables users to
inspect whether local neighborhoods in the projection reflect relationships in the original embedding space and to identify tokens
influencing the sentence representation. In a qualitative case study, we show failure modes, including paraphrase pairs with
unexpectedly large embedding distances and non-equivalent questions in which local neighborhoods are not defined by semantic
similarity. Our results show that visual proximity should be treated as an exploratory cue rather than a semantic equivalence.

CCS Concepts
• Human-centered computing → Visualization; • Computing methodologies → Machine learning;

embeddings—that encode linguistic inputs into high-dimensional
semantic spaces. Within these spaces, similarity between texts is op-
erationalized through geometric proximity, enabling a wide range of
downstream applications, including semantic search, clustering, and
retrieval-augmented generation (RAG) [LPP∗20]. In particular, RAG

1. Introduction

Large language models (LLMs), such as GPT-5 [Ope26] and 
related transformer-based architectures, have become the dominant 
paradigm for building modern AI systems. A central mechanism 
underlying these models is the use of dense vector representations—
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systems critically depend on the assumption that semantically equiv-
alent or related inputs are mapped to nearby regions in embedding
space, such that relevant information can be reliably retrieved.

Paraphrases are sentences that differ syntactically while preserving
semantic content and therefore a natural test case for this assumption.
Prior work has demonstrated that incorporating paraphrastic
variation can improve robustness in tasks such as question answering
and summarization [DMRL17]. However, empirical evidence also
suggests that modern models remain sensitive to surface-level
perturbations, leading to variability in embedding representations
and, consequently, in downstream behavior [MLY∗20]. This raises
two fundamental questions: (1) to what extent does proximity in high-
dimensional embedding space faithfully reflect semantic equivalence,
and (2) to what extent are these high-dimensional relationships
preserved in loq-dimensional projections such as UMAP?

A common approach to interrogating embedding spaces is di-
mensionality reduction, with techniques such as UMAP [MHSG18]
providing visually interpretable projections of high-dimensional
structures. These projections are widely used to support qualitative
analysis, debugging, and model comparison. However, UMAP is a
non-linear method that prioritizes local structure preservation while
distorting global distances. As a result, two distinct mismatches may
arise: low-dimensional projection proximity may fail to preserve true
high-dimensional embedding relationships, and high-dimensional
embedding proximity itself may fail to correspond to semantic
equivalence. Thus, visual closeness in UMAP does not guarantee
semantic equivalence.

In this work, we separately investigate (1) the relationship between
embedding distance and semantic equivalence, and (2) the relation-
ship between high-dimensional embedding neighborhoods and their
preservation in low-dimensional UMAP projections, in the context of
paraphrase detection. Using the Quora Question Pairs (QQP ) dataset
[SGNE19] as a case study, we develop an interactive visualization
system that enables detailed exploration of UMAP projections of sen-
tence embeddings. Our approach allows users to inspect clusters of
paraphrastic and non-paraphrastic pairs, analyze local neighborhood
stability under projection, and identify instances where geometric
proximity fails to align with semantic similarity. Rather than propos-
ing a new embedding model, dimensionality-reduction method, or
quantitative benchmark, our contribution is analytical and diagnostic:
in contrast to general-purpose embedding visualization systems, we
focus on annotated paraphrase pairs and combine high-dimensional
neighborhood analysis, UMAP-based inspection, and token-removal
probes to identify whether observed failures arise from the embedding
space, the projection, or local textual factors. We contribute:

(1) An examination of the consistency between embedding-space
distances and UMAP-projected neighborhoods.

(2) An exploration tool for failure modes where paraphrases are not
reliably grouped, or non-paraphrases grouped.

(3) Qualitative insights into the limitations of relying on low-
dimensional visualizations for assessing semantic structure.

These failure modes extend beyond paraphrase datasets to
embedding-based RAG, semantic search, clustering, and duplicate
detection. Our findings have direct implications for the design
and evaluation of such systems, particularly in high-stakes ap-
plications where robustness to linguistic variation is essential. A
publicly accessible version of our application is available under
embedding-projections.schmidt.dbvis.de.

2. Related Work

2.1. Sentence Embedding Visualizations

Sentence embeddings are a standard representation for semantic sim-
ilarity, retrieval, and paraphrase analysis. Early approaches learned
global sentence representations directly [LFdS∗17], while BERT
established contextualized language representations as the dominant
paradigm [DCLT19]. Sentence-BERT made transformer-based
sentence embeddings practical for similarity search and cluster-
ing [RG19], and embedding-based retrieval is now a core component
of systems such as retrieval-augmented generation [LPP∗20].

Visualization has long been used to inspect such spaces [NDKS22].
The Embedding Projector popularized interactive exploration of
high-dimensional embeddings through projections such as PCA
and t-SNE [STN∗16]. For Natural Language Processing (NLP),
Liu et al. studied visual exploration of semantic structure in word
embeddings [LBT∗18], and Berger extended this direction to
contextualized embeddings [Ber20]. More recent systems analyze
sentence embeddings and transformer internals more directly,
including USEVis [JTH∗21], LMFingerprints [SKB∗22], and
LayerFlow [SGSEA25]. Across this literature, a recurring issue is
that dimensionality reduction can distort neighborhood structure and
thus mislead interpretation [JLK∗25, HWKK23].

Our work focuses on this problem for paraphrase analysis. While
prior work has shown that paraphrastic variation can improve ques-
tion answering [DMRL17], models remain sensitive to surface-level
perturbations [JL17, RSG18, RWGS20]. We therefore study whether
local proximity in a UMAP projection reflects high-dimensional
embedding distance, and whether either of them is a reliable indicator
of semantic equivalence.

2.2. Attributions in Embedding

A complementary line of work investigates which input tokens
most influence a model representation or prediction. Attribution
methods are commonly divided into gradient-based and perturbation-
based approaches [LACB24]. Gradient-based methods such as
Integrated Gradients are widely used when model internals are
accessible [STY17]. In contrast, perturbation-based methods are
model-agnostic and often easier to interpret.

We omit tokens from each sentence, recompute the sentence
embedding, and measure the resulting change. This type of erasure
analysis has been used in NLP interpretability to estimate the
contribution of words or internal components [LMJ16], and recent
work has further formalized the properties of removal-based
attribution methods [LCL23]. We use this strategy not as a full
attribution framework, but as a lightweight probe to explain local
changes in embedding geometry and projected neighborhoods.

3. Interactive Projection Visualization

To analyze semantic differences between paraphrases, we de-
velop a web-based application for interactive visualization of
question pairs from subsets of the QQP dataset that are labeled
as paraphrases. We compute sentence embeddings using qwen3-
embedding:8b [ZLL∗25], served through Ollama with the default
Q4_K_M quantization. These embeddings form the basis for all
projection, similarity, and attribution views in the system.
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Figure 2: Context menu for an individual point in the projection view. 
It supports editing the underlying sentence, highlighting the point 
and its derived edits, generating leave-one-out variants, removing 
edits, and viewing text diffs.

3.1. Projection View

The central component of the application is the projection view (see 
Fig.1 A). To visualize the high-dimensional sentence embeddings, 
we reduce them to two dimensions using UMAP. We choose UMAP 
because it is computationally efficient and typically preserves local 
neighborhood structure well [MHSG18]. Since the preservation 
of global structure is sensitive to hyperparameters and initializa-
tion [KL21], the interface provides controls for adjusting these 
settings interactively. The resulting projection is shown as a scatter-
plot in which each point represents a sentence embedding. Sentences 
belonging to the same paraphrase pair are linked by a line segment. 
The visualization is implemented with a WebGL-based rendering 
layer to support interactive exploration of large datasets. Points can be 
selected either individually by clicking or collectively through lasso 
selection. The system also supports interactive editing of sentences. 
After selecting a point, the user can modify the corresponding sen-
tence and submit the edited version for re-embedding. The updated 
embedding is projected into the existing UMAP space without refit-
ting the projection, allowing the new point to be compared directly to 
the original distribution. Fig.2 shows the dialog presented to the user 
after clicking a point. Edited samples are visually distinguished from 
original dataset points by a different shape and color. A websocket 
connection provides live status updates during this process. When 
hovering over a point, the system highlights the point together with 
its related predecessors and successors, including edited variants.

To support distance-based analysis, point color encodes the the

Figure 3: The similarity heatmap showing the cosine similarity in the 
original high-dimensional embeddings space. It contains a control 
panel to enable highlighting in the projection view, filter entries 
based on token occurrence, pick the distance mode or reorder entries 
based on attributes such as the mean distance.

selecting a sentence allows the user to generate and project its
leave-one-out variants {s\t | t ∈ s}, each obtained by removing a 
single token t from the original sentence s, which are visualized with 
a triangle shape and blue color.

3.2. Attribution Heatmap

To analyze token-level effects on sentence representations, we 
provide an attribution heatmap that visualizes similarities between 
original sentences and their leave-one-out variants [LMJ16] (see 
Fig. 1 B). Fig. 3 displays our heatmap component with its control 
panel. The heatmap supports three comparison modes.

Self-Distance Mode: Each ablated sentence embedding is compared 
to the embedding of its own original sentence, i.e., r=e(si), where 
e(s) denotes the sentence embedding. This mode measures the 
sensitivity of a sentence embedding to individual token removal.

Pairwise Reference Mode: Token ablations of one sentence are 
compared to the embedding of a selected reference sentence, i.e., 
r = e(sr). This allows direct semantic comparison between two 
paraphrase candidates.

Corpus Aggregate Mode: Ablated embeddings are compared 
against the mean embedding of a selected set of sentences, i.e., 
r = mean j e(s j). This mode supports analysis relative to a broader 
local or corpus-level semantic context.

The heatmap uses global min-max normalization over the current 
selection. It provides tooltips on hover, top-k filtering, ordering by 
mean, minimum, or maximum distance, and ordering by sentence 
length. Additional controls allow token-based filtering and restriction 
of the displayed similarity range. Selections in the heatmap can be 
linked to the projection view, where corresponding points are high-
lighted and non-selected points are dimmed to reduce visual clutter.

cosine distance dcos(s1,s2) between paired sentences, normalized 
to [0,1] by the range of pairwise distances in the dataset. In addition,
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Figure 4: Cluster in the projected QQP dataset regarding firearm safety but also accidents.

4. Case Study

We use the system to qualitatively analyze QQP paraphrase pairs
in embedding space and their UMAP projection.

A first pattern is paraphrase pairs that are semantically close yet
have relatively large embedding distance. Examples include “Is the
politics of Quora inclined towards the left wing?” and “Is Quora
an Island for left wing politics on the internet?”, as well as “Who
do you think is going to replace Rosberg at Mercedes?” and “Who
will replace Nico Rosberg for F1 2017 season?” Here, similar intent
is offset by differences in framing, wording, or specificity, leading
to a high embedding distance.

A second pattern is paraphrase pairs with asymmetric informa-
tion content. For example, Do you own a firearm? If no then why?
If yes then how do you practice ‘gun sense’?” and Do you own a
firearm? If so, why?” are labeled as paraphrases, although the first
adds safety-related content and is therefore placed closer to questions
about precautions. Fig.4 illustrates how similar topics merge into
one cluster and how individual tokens can pull a question closer to a
topical neighborhood than to its labeled counterpart. More generally,
the projection reveals local structures such as chains, bridges, and
dense neighborhoods. The attribution heatmap helps explain them by
showing which omitted tokens most affect the embedding. A further
pattern is paraphrase pairs that differ mainly in scope or specificity.
For example, What are the expected best upcoming Hollywood movies
in 2017?” and What are the most anticipated movies of 2017?” are
closely related, but the first is restricted to Hollywood productions
whereas the second is broader. Although close in the projection, the
pair still differs semantically. Examples like these where single tokens
have a big influence on the representation can be achieved by ordering
and filtering the heatmap component as demonstrated in Fig.3.

Overall, the projection view and attribution heatmap reveal
several failure modes: paraphrases with high embedding distance,
non-equivalent questions that remain geometrically close, and
neighborhoods that reflect topic rather than meaning.

5. Discussion

This work is limited by its qualitative focus and by the use of a
single dataset and embedding model; the findings should therefore
not be overgeneralised. Still, the recurring patterns suggest that the
observed mismatches are not isolated cases.

First, QQP is a convenient basis for analysis, but its binary labels
do not capture omitted content, added constraints, or shifts in
specificity. Some pairs labeled as paraphrases are therefore better
understood as partially overlapping or topically related rather than
strictly equivalent. The visualization does not resolve this ambiguity,

but makes such cases easier to detect, which is relevant when using
human-labeled datasets to evaluate models in sensitive applications.

Second, UMAP projections must be treated as exploratory
views rather than direct evidence of semantic structure. Projected
neighborhoods may preserve meaningful local relations, but bridge
structures or dense clusters can also result from projection artifacts or
shared lexical anchors. The attribution heatmap partly mitigates this
by exposing token-level sensitivity through leave-one-out analysis,
although token omission remains only a lightweight probe and does
not fully explain semantic contribution.

These observations extend to retrieval and semantic search, where
nearest neighbors are often treated as semantically substitutable.
Our examples show that this assumption is too strong: close items
may share topic or vocabulary without preserving meaning, while
paraphrases may be separated by framing or scope differences.
Geometric closeness should therefore be treated as a heuristic, not
a semantic guarantee.

Future work should compare additional embedding models,
projection algorithms, and parameter settings, evaluate the interface
in a user study, and consider datasets with more fine-grained semantic
labels. More complete assessment of semantic equivalence may
require decomposing sentences into atomic semantic units rather
than relying on binary paraphrase labels.

6. Conclusion

We presented an interactive visual analysis system for inspecting sen-
tence embeddings of paraphrase pairs through linked projection and
attribution views. Using the QQP dataset as a case study, we showed
that neither low embedding distance nor close UMAP proximity is
a reliable indicator of semantic equivalence. The combined visual
and interaction-based analysis reveals mismatches between dataset
labels, embedding geometry, and projected neighborhoods, and helps
explain them through token-level sensitivity patterns. These results
underline the need to validate embedding behavior beyond geometric
distance alone. More broadly, our work demonstrates that interactive
visualization can serve as a useful diagnostic tool for assessing the
stability and semantic reliability of embedding-based representations.
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