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Abstract—Vision language model (VLM)-aided visual place
recognition (VPR) has recently emerged as a promising paradigm,
where pre-trained vision encoders provide coarse retrieval
and VLM reasoning refines candidate rankings. Despite recent
progress, existing approaches employ giant trillion-parameter
VLMs to deliver qualitative same-place judgments, without ex-
plicit reasoning, which may overlook informative visual cues.
To address this, we propose a hierarchical two-stage zero-shot
VPR framework that incorporates quantitative vision-language
reasoning while leveraging a compact vision-language model. In
the first stage, dense local features from vision foundation models
are aggregated to form compact global descriptors for coarse
retrieval. In the second stage, the VLM is prompted to generate
discriminative local context descriptions together with importance
scores that explicitly highlight location-identifiable cues. These
descriptions enable quantitative re-ranking of candidates through
weighted similarity computation. The framework remains fully
zero-shot, requiring no task-specific fine-tuning and relying on a
compact off-the-shelf 38B-parameter VLM. Experiments on the
SF-XL Occlusion, SF-XL Night, and AmsterTime benchmarks
demonstrate that our method achieves performance comparable
to supervised approaches.

I. INTRODUCTION

Visual Place Recognition (VPR) enables autonomous agents
and augmented reality systems to re-localize by matching
a query image to a database of geo-tagged images [1]-[6].
While recent supervised VPR methods have achieved impres-
sive performance under controlled settings, their effectiveness
deteriorates in out-of-distribution scenarios, such as severe
appearance changes, occlusions, night-time illumination drop,
and long-term temporal shifts [7]-[9]. Recently, vision lan-
guage model (VLM)-aided VPR has emerged as a promising
paradigm. It employs foundation vision models for coarse
retrieval, followed by VLM reasoning to refine candidate
rankings [10]. Despite exploiting rich pre-trained knowledge
without task-specific fine-tuning, these approaches face some
limitations: (i) they rely on giant trillion-parameter VLMs
that are computationally expensive and impractical for edge-
device deployment, and (ii) their re-ranking depends on direct
qualitative same-place judgments, may lead to inconsistent
rankings and fail to attend to critical visual cues.

To address these challenges, we propose a hierarchical two-
stage zero-shot VPR framework that integrates quantitative
vision—language reasoning with a compact VLM. In Stage 1,
a pre-trained vision foundation model [11] extracts dense
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Fig. 1: Illustration of the proposed VPR pipeline. Given a
query image from the agent, coarse retrieval shortlists candi-
date locations A-D. The refinement stage employs InternVL3-
38B to generate textual descriptions for each candidate (e.g.,
identifying a “Motel” at Loc C). By comparing the weighted
similarity, the system re-ranks the candidates and correctly
selects Loc C.

local descriptors from both query and database images, which
are aggregated using a train-free VLAD [12] module into
compact global descriptors for efficient coarse retrieval of
the top-K nearest neighbors. In Stage 2, a 38B-parameter
VLM [13] is prompted to produce textual descriptions of
the most discriminative local regions, each paired with an
attention-derived weight. These descriptions highlight stable
landmarks, textures, and spatial arrangements while suppress-
ing transient or low-texture areas. Each textual description is
then embedded into a vector via an off-the-shelf embedding
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1. Bright "MOTEL" and "GEARY PARKWAY" signs with ""NO VACANCY" beneath -- 0.5

2. Nighttime urban setting with streetlights and parking lots - 0.3

3. Multi-story buildings with illuminated windows in the background -- 0.2

Fig. 2: The proposed two-stage zero-shot VPR framework. Stage 1: The query image and the geo-tagged reference set are encoded
into global descriptors using DINOv2 features aggregated by VLAD [4]. The top-K closest candidates are then retrieved based on
descriptor similarity. Stage 2: A pretrained vision—language model (InternVL3-38B) generates discriminative textual descriptions
for the query and each candidate image. These textual descriptions are transformed into embedding vectors through weighted
aggregation and used for quantitative re-ranking of the K retrieved candidates, producing the final re-ranked result.

model [14]. The re-ranking is achieved through the aggregation

of embeddings weighted by their corresponding importance

scores. Experiments demonstrate that the proposed fully zero-

shot and training-free framework achieves performance com-

parable to supervised counterparts on challenging benchmarks,

while addressing the limitations of current LLM-aided VPR.
In summary, our contributions are threefold:

« We introduce a two-stage framework that integrates coarse
retrieval with VLM-aided reasoning for hierarchical place
recognition.

o« We propose a VLM-based reasoning module that pro-
duces discriminative local context descriptions and corre-
sponding attention scores, enabling a principled quantita-
tive measure of match quality.

o Experiments on SF-XL Occlusion, SF-XL Night, and
AmsterTime show that our framework achieves perfor-
mance comparable to supervised counterparts while con-
sistently surpassing zero-shot baselines.

II. RELATED WORK
A. Conventional VPR

Conventional VPR methods primarily focused on designing
robust global descriptors and aggregation schemes to address
appearance and viewpoint variations. NetVLAD [15] pioneered
a trainable VLAD layer on top of CNN backbones, sig-
nificantly improving retrieval accuracy through metric learn-
ing. Subsequent work explored alternative feature extractors
and aggregation strategies: MixVPR [1] combined a CNN
backbone with an MLP-Mixer, outperforming NetVLAD;
classification-framed methods such as CosPlace [8] and Eigen-
Place [16] leveraged dense place labels and orientation cues
to improve discriminability. More recently, vision foundation
models such as DINOv2 [11] have been adopted as off-the-
shelf feature extractors. Extensions like SALAD [2] replaced
the backbone with DINOv2 and applied optimal transport to

model feature—cluster relationships, with clique mining further
improving separation of similar scenes [3]. Despite the gains,
these approaches often require task-specific fine-tuning, which
limits their robustness in uncontrolled real-world scenarios.

B. Two-Stage Re-Ranking

Two-stage pipelines improve retrieval by re-ranking coarse
results with fine-grained matching. Patched-NetVLAD [17]
performs global retrieval followed by patch-level re-evaluation.
Transformer-based architectures such as TransVPR and
R2Former [18], [19] employ cross-attention mechanisms to
align spatial features and reorder candidate lists more accu-
rately. Although these approaches improve recall metrics, they
incur substantial computational overhead and generally require
training, making them less suitable for zero-shot deployment.

C. VLM-driven VPR

Large language models have recently been adopted in vision
tasks [20]-[23], inspiring zero-shot VPR frameworks that use
VLMs for re-ranking [10]. However, as discussed above, these
approaches rely on narrative assessments and trillion-parameter
models, limiting their reliability and practicality. In contrast,
our framework addresses these issues by integrating train-free
VLAD-based global retrieval with quantitative VLM-based
reasoning, using a compact 38B-parameter VLM.

III. METHODS

We propose a two-stage zero-shot VPR pipeline that first
performs coarse image retrieval and then refines the results
using a pre-trained VLM. In Stage 1, query and database
images are encoded into a global descriptors [4]. The query
descriptor is compared against database descriptors to retrieve
a shortlist of top-K candidate images. In Stage 2, the pre-
trained VLM [13] is prompted to generate context-aware
textual descriptions for the query and each of the K candidates.
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Provide N location-
identifiable static scene
descriptions for place
recognition, with a
normalized score.

»  Ablue awning with "Fine Wines and Spirits Since
1935" text -- 0.3

> Large sign reading "Liquor Beer Wine" with "Fee
Tanners" below -- 0.25

> Banner with "Beer, Wine, Spirits" hanging from a pole
=07

> White building with bay windows and decorative trim
--0.15

» Intersection with traffic lights and a pedestrian
crossing -- 0.1

Fig. 3: Illustration of the discriminative local context descrip-
tion generation process. InternVL3-38B [13] is prompted to
provide location-identifiable static scene descriptions, each as-
sociated with a normalized attention-derived importance score.

By comparing the weighted similarity, the candidates are re-
ranked to produce the final match. Fig. 2 illustrates the overall
workflow of our method, from coarse visual retrieval to fine-
grained re-ranking via VLMs.

A. Coarse Retrieval Phase

We first build a visual codebook of S cluster centers {cs}5_;
via k-means on a large set of DINOv2-G ViT [11] local
descriptors. Given a query image I,, we extract M local
descriptors {x; € RP}M,. We compute soft-assignments to
all centers using cosine-similarity weights:

exp(x; c;)
@ = — 2\ TS
T Xliew(xle)

where all vectors are Ls-normalized. We then accumulate
weighted residuals:

e))

v=[vi,...,vs] eRP. (2

M
Vg = Zai,s (Xi - Cs);
=1

Perform intra-normalization by

Y 3)

Vg .
[vsll2

concatenate v = [vy,...,Vvg], and then apply global normal-
ization: v

V=—.
[[v]l2

“)
Let v, be the query descriptor and {v;} precomputed for
the database. We rank by

15 (5)

sim(vy, v;) = v,

and select the top-K candidates for the re-ranking phase.

B. VLM-Driven Re-ranking
K

After coarse retrieval yields the top-K candidates {I;};L,,
we prompt InternVL3-38B [13] on both the query I, and
each candidate I; to extract location-aware semantic cues.
Specifically, as depicted in Fig. 3, we prompt the VLM with:

“Provide N location-identifiable static scene descrip-
tions for place recognition, each with a normalized
score.”

As a result we obtain:

T = {(t], o)}, T =AW, B, i=1,... K,

=1
(6)
where
N N
dal=1, > pl=1
i=1 i=1

Here, t! (resp. tf ) is the i-th descriptive phrase for the query
(resp. candidate), and ozf, J are the normalized attention
weights.
We then embed each phrase via a pretrained Sentence-BERT
encoder E(-), normalizing to unit length:
q J
ot — L) : o — L) 7
COEEDIT T EWE)]).

To quantify how well I; matches cue i, we compute:

si(lg, I;) = max cos(ef, e)). ®)

Picking the best-aligned candidate descriptor. We then fuse
these cue scores using the query attention:

N
Sy, I;) =Y ol si(Iy, Ij). ©)
=1

Finally, we sort the K candidates by descending similarity
score S(Iq, I;), retaining only those with

S(I,. I;) > T, (10)

where 7 is a predefined threshold to prevent erroneous re-
ranking.

IV. EXPERIMENTS
A. Datasets and Evaluation Metrics

We evaluate our approach on three challenging benchmarks:
e SF-XL Occlusion and SF-XL Night, exhibiting severe
occlusion and illumination variations.

o AmsterTime, containing historical-to-modern scene
matching with significant temporal appearance shifts.
Performance is evaluated using the Recall@1l and Recall@5
metrics, with a retrieval counted as correct if the matched

image lies within 25 m of the ground-truth location for the
SF-XL dataset.

B. Implementation Details

We employ the DINOv2-G ViT model [11] as our vision
backbone to extract patch-token features. For re-ranking, we
prompt InternVL3-38B [13] to produce three descriptions per
image. Each descriptor is encoded with Sentence-BERT [14]
to obtain normalized embeddings. To balance accuracy and
efficiency, Stage 1 returns the top 100 visual candidates. All
components are used off-the-shelf in a fully zero-shot pipeline
without any task-specific fine-tuning.
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TABLE I: Recall@1 and Recall@5 on three challenging VPR benchmarks. The best result is in bold, and 1 indicates improvement

over the zero-shot one-stage baseline (AnyLoc).

SF-XL Occ SF-XL Night Amstertime
Category Method
R@1 R@5 R@1 R@5 R@1 R@5
CosPlace [8] 30.3 447 23.6 32.8 49.6 68.5
. MixVPR [1] 30.3 38.2 19.5 30.5 40.9 59.5
Supervised
EigenPlaces [16] 329 52.6 23.6 34.5 49.9 69.8
SALAD-CM [3] 4.7 64.5 43.8 57.1 56.2 78.7
Zero-Shot AnyLoc [4] 15.8 27.6 41.0 55.4 45.1 66.3
InternVL-VPR Ours 28.9 (13.17) 40.8 (13.21) | 48.9 (7.91) 62.4 (7.07) | 47.6 (2.51) 69.9 (3.61)

SALAD-CM AnyLoc

Query

(aspaRes

pI2ZA
ITALIAN B'NNERS

Fig. 4: Qualitative comparison of retrieval results on four
challenging night-time queries. From left to right: the input
Query, top-1 matches by SALAD-CM and AnyLoc (both
false and marked in red), and our InternVL-VPR results
(correct matches in green).

C. Compare with Supervised Counterparts

Table I compares the proposed InternVL-VPR with recent
supervised and zero-shot visual place recognition methods
across three challenging benchmarks: SF-XL Occlusion, SF-
XL Night, and AmsterTime. Our method consistently out-
performs the zero-shot baseline AnyLoc [4], with Recall@1
improvements of 13.1%, 7.9%, and 2.5% on SF-XL Occlusion,
SF-XL Night, and AmsterTime, respectively. These gains
highlight the effectiveness of quantitative vision—language rea-
soning in refining retrieval beyond coarse global embeddings.

Compared with supervised methods, InternVL-VPR
achieves comparable performance despite requiring no task-
specific fine-tuning. On SF-XL Occlusion, our approach

achieves Recall@1 close to CosPlace and MixVPR, while
remaining entirely zero-shot. On AmsterTime, InternVL-VPR
performs on par with EigenPlaces. Notably, on the SF-XL
Night benchmark, our framework surpasses the state-of-the-
art supervised model SALAD-CM [3], achieving Recall@1
of 48.9 versus 43.8. This result demonstrates the strong
generalization capability of the proposed method under severe
illumination changes, a scenario where supervised pipelines
tend to struggle.

D. Ablation Study

1) Effect of Number of VLM Descriptions: Table II eval-
uates the effect of varying the number of VLM-generated
discriminative descriptors (V) per image on the SF-XL Oc-
clusion and SF-XL Night datasets. Results indicate that em-
ploying three descriptors per image consistently yields op-
timal Recall@l and Recall@5 across both datasets. While
increasing N from one to three descriptors enhances per-
formance—indicating that a single descriptor is insufficient
in complex scenarios—further increasing N to five does not
imply further improvement. Instead, adding additional descrip-
tors may introduce non-discriminative or redundant contex-
tual information, adversely affecting the re-ranking accuracy.
Hence, three descriptors per image represent an optimal bal-
ance between capturing essential visual context and avoiding
performance degradation.

TABLE II: Ablation analysis with varying numbers of VLM-
generated discriminative descriptors (V) per image. Optimal
performance is highlighted in bold.

N SF-XL Occ SF-XL Night

R@l R@5 | R@l R@5
1 23.7 355 46.1 60.5
3 289 408 | 489 624
5 289 395 46.8 61.2

E. Qualitative Analysis

1) Retrieval in Challenging Settings: As depicted in Fig. 4,
the proposed method leverages VLMs to extract distinct
semantic cues—such as neon sign text (“Motel”, “Pizza”,
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1. Bright "MOTEL" and "GEARY
PARKWAY" signs with "NO VACANCY"
beneath -- 0.5

K 1. Vertical sign reading "500 CLUB"

next to "NOW OPEN”-- 0.4 1. Atall, narrow chimney-like

structure attached to white
buildings -- 0.5

1. Atall vertical sign reads "MOTEL"
with " GEARY Parkway" below it -- 0.5
2. The street sign at the intersection
reads "17th Street” with traffic lights

and streetlamps -- 0.4

2. Nighttime urban setting with
streetlights and parking lots
--0.3

2. Two-story motel with a flat roof and

2. A set of red and green mailboxes on balconies on the upper floor -- 0.3

the sidewalk -- 0.3

3. Buildings lining the street mix
residential apartments and
commercial spaces -- 0.2

3. Car at a crosswalk with traffic lights

3. A collection of residential houses visible - 0.2

3. Multi-story buildings with illuminated besidestholmaa oy

windows in the background -- 0.2
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Fig. 5: Illustration of the quantitative re-ranking process. A query image (leftmost) and retrieved candidates (three columns
to the right) are passed through a VLM to generate discriminative textual descriptions, each with normalized attention scores.
Candidates are re-ranked by computing similarity between the query’s description vector and each candidate’s description vector.

The candidate most closely matching the query’s key descriptors (highlighted in green) is identified as the final match.

“Liquors”) and unique architectural motifs—that remain ro-
bust under challenging conditions like low illumination and
viewpoint changes. Unlike supervised counterparts such as
SALAD-CM [3] and the zero-shot baseline AnyLoc [4], which
frequently misidentify visually similar facades or repetitive
textures, our approach generates place-identifiable textual de-
scriptions that emphasize stable and discriminative cues. By
re-ranking candidates based on the similarity of these de-
scriptions, our method effectively disambiguates hard negative
samples (e.g., buildings with similar layouts but different
signage) and recovers correct matches overlooked by prior
methods.

2) Re-ranking Process: Fig. 5 illustrates the core mech-
anism of our quantitative re-ranking stage. Given a query
image (left), the VLM is prompted to generate structured
textual descriptions of its most discriminative local regions,
each accompanied by normalized attention weights that reflect
their relative importance. These descriptions typically capture
stable and location-specific cues, such as distinctive signage,
architectural layouts, or environmental context.

The final ranking is obtained by aggregating these weighted
similarities across all descriptors, thereby transforming narra-
tive semantic information into quantitative metrics. This allows
our framework to recover the correct candidate (green box)
even when visually similar distractors (red boxes) share large
portions of background structure, effectively disambiguating
challenging cases where conventional supervised or zero-shot
approaches fail.

V. CONCLUSION

We introduced InternVL-VPR, a fully zero-shot, two-
stage hierarchical framework that combines DINOv2+VLAD
coarse retrieval with a 38B-parameter InternVL3 model for
re-ranking. Unlike prior LLM-aided methods that depend
on trillion-parameter models and direct narrative judgments,
our approach performs quantitative vision—language reasoning
with a compact VLM, achieving accuracy comparable to
supervised methods on challenging benchmarks without any
task-specific fine-tuning.
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