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Abstract

Generative Retrieval (GR) has emerged as a
promising text-to-image paradigm, yet it suf-
fers from limited semantic discriminability,
alignment bias, and closed-set restrictions. To
address these challenges, we propose SIGMA,
a novel framework for Semantic Internaliza-
tion for Generative Multimodal Alignment.
SIGMA constructs multi-granularity hierarchi-
cal identifiers to ensure unique, semantically
consistent image representations. We further
introduce a progressive semantic internaliza-
tion training strategy augmented with semantic
soft labels, which captures fine-grained text-
image affinities and enables inductive identi-
fier assignment for unseen samples realizing
open-set dynamic indexing capabilities. Ex-
periments on the Flickr30K and MS-COCO
datasets demonstrate that SIGMA outperforms
state-of-the-art baselines, achieving average Re-
call@1, Recall@5, and Recall@10 improve-
ments of 10.65%, 8.50%, and 7.00%, respec-
tively.

1 Introduction

In recent years, with the explosive growth of multi-
media data, cross-modal retrieval (Xia et al., 2023;
Wang et al., 2024; Fang et al., 2025) has gradu-
ally become a research hotspot in the field of in-
formation retrieval. Among these, text-to-image
retrieval (Li et al., 2024; Shen et al., 2025; Chen
et al., 2025) has attracted widespread attention due
to its significant value in application scenarios such
as information querying, visual search and human-
computer interaction. This task aims to retrieve the
most semantically relevant images from large-scale
image databases based on input natural language
queries. However, due to the inherent represen-
tation gap and structural heterogeneity between
modalities, effectively bridging the semantic gap
remains a core challenge.

*Corresponding author.

Figure 1: Illustrations of three paradigms for text-to-
image retrieval. (a) The two-tower framework matches
embeddings in a shared space; (b) the one-tower frame-
work relies on deep cross-modal interaction; and (c) the
generative framework (e.g., SIGMA) directly predicts
image identifiers from a text query.

Existing text-to-image retrieval methods can
be mainly categorized into two-tower and one-
tower frameworks. Two-tower frameworks (Chen
et al., 2020; Radford et al., 2021; Qu et al., 2023;
Cherti et al., 2023) independently encode modal-
ities and align representation spaces through con-
trastive learning, enabling efficient vectorized re-
trieval (Figure 1 (a)). However, the independence
of the tow encoders precludes deep cross-modal
interactivity, making them incapable of capturing
fine-grained word-region alignments. In contrast,
one-tower frameworks (Li et al., 2022, 2023b;
Chen et al., 2024; Zhang et al., 2025) leverage
deep cross-attention for superior performance (Fig-
ure 1 (b)), but their heavy computational overhead
makes them prohibitive for large-scale real-time
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applications. Despite their respective strengths,
effective solutions that achieve deep cross-modal
understanding without compromising retrieval effi-
ciency remain an open challenge.

Empowered by recent advances in generative
models (Brown et al., 2020; Touvron et al., 2023;
Lu et al., 2024; Bai et al., 2025), generative re-
trieval (Li et al., 2024; Qu et al., 2024; Li et al.,
2025a,b; Kim et al., 2025) has emerged as a
paradigm shift, reformulating retrieval as direct
identifier prediction (Figure 1 (c)). Despite its
promise, it still faces three key challenges:

(1) Trade-off between semantic discriminabil-
ity and generability of identifiers. Generative re-
trieval requires identifiers to possess sufficient se-
mantic discriminability to distinguish different im-
ages while maintaining good generability for stable
model prediction.

(2) Semantic alignment bias caused by “one
image, multiple captions”. In practical retrieval
scenarios, different users often formulate diverse
queries to describe the same image, focusing on
varying perspectives or granularities. Existing
methods (Li et al., 2024, 2025a) typically enforce
mapping of all query texts to the same discrete
identifier. This rigid alignment strategy ignores
the varying degrees of semantic affinity between
text-image pairs, easily leading to gradient conflicts
during training and causing confusion in semantic
understanding (Lavoie et al., 2024).

(3) Closed-set assumption limits scalability.
Mainstream generative methods (Li et al., 2025b;
Kim et al., 2025; Fang et al., 2025) typically oper-
ate under a closed-set setting, where all images to
be retrieved must be known during training. When
new samples are added, the entire codebook or
model parameters often need to be retrained, which
severely limits their ability to handle dynamic and
incremental data, rendering them unsuitable for
open-world scenarios where new images are con-
tinuously generated.

Although generative cross-modal retrieval
demonstrates great potential, these challenges
restrict its practical effectiveness. To address
these challenges, we propose SIGMA (Semantic
Internalization for Generative Multimodal
Alignment), a novel generative text-to-image
retrieval framework. Specifically, we first
construct a five-level hierarchical identifier
system via structured clustering and subspace
decomposition, enabling each image to have a
unique and semantically traceable representation

(addressing Challenge 1). Subsequently, we
develop a progressive semantic internalization
training strategy coupled with a semantic soft label
mechanism. This not only enables the model to
capture the nuanced semantic discrepancies across
multiple textual descriptions of the same image
(addressing Challenge 2), but also transforms
identifier assignment into a learnable mapping
function that supports the dynamic indexing of
unseen samples (addressing Challenge 3). This
empowers the model with open-set retrieval
capabilities, a feature largely absent in prior
generative arts. We conduct extensive experiments
on Flickr30K and MS-COCO datasets, comparing
with discriminative methods and existing genera-
tive approaches. Experimental results demonstrate
that SIGMA achieves average improvements
of 10.65%, 8.50%, and 7.00% on Recall@1,
Recall@5, and Recall@10.

The main contributions of this paper are as fol-
lows:

• We propose SIGMA, a novel generative text-
to-image retrieval framework that redefines
identifier design and alignment strategies to
enhance fine-grained cross-modal understand-
ing.

• We develop a progressive semantic internal-
ization training strategy augmented with se-
mantic soft labels. Crucially, this enables in-
ductive identifier assignment for unseen sam-
ples, equipping the model with open-set dy-
namic indexing capabilities that overcomes
the closed-set limitations inherent in prior gen-
erative methods.

• We conduct comprehensive experiments on
multiple benchmark datasets to validate the
effectiveness of our method. Furthermore, we
provide ablation studies to analyze the specific
contribution of each module.

2 Related Works

2.1 Cross-modal Retrieval

Existing approaches predominately fall into two
categories. Two-tower architectures (Faghri et al.,
2017; Chen et al., 2020; Radford et al., 2021;
Qu et al., 2023; Cherti et al., 2023) map distinct
modalities into a shared latent space via indepen-
dent encoders. While facilitating large-scale in-
dexing, they inherently lack fine-grained cross-
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modal interaction. In contrast, One-tower archi-
tectures (Li et al., 2022, 2023b; Chen et al., 2024;
Zhang et al., 2025) employ cross-attention mecha-
nisms to achieve deep alignment, yielding superior
semantic understanding at the cost of prohibitive
inference latency. Both paradigms frame retrieval
as a metric learning problem, inevitably encounter-
ing bottlenecks related to either memory-intensive
indexing or exhaustive pairwise computations.

2.2 Generative Retrieval

Generative retrieval reformulates retrieval as a se-
quence generation task, directly predicting the iden-
tifier of a target item. This paradigm originated in
document retrieval with DSI (Tay et al., 2022) and
NCI (Wang et al., 2022). Recently, this paradigm
has been extended to text-to-image retrieval. Early
studies (Li et al., 2024, 2025b) utilized textual
or atomic IDs, while recent approaches (e.g.,
TIGER (Qu et al., 2024), CART (Fang et al., 2025))
adopt residual quantization to incorporate visual
semantics. Despite these advancements, current
methods remain constrained by three critical limi-
tations: (1) Semantic Decoupling: Identifiers often
lack direct grounding in the visual representation
learning process; (2) Alignment Bias: Rigid “hard
ID” assignments conflict with the intrinsic “one-
image–multiple-captions” nature of the data; and
(3) Closed-set Assumption: Incorporating new sam-
ples typically necessitates model retraining. Distin-
guishing itself from prior arts, SIGMA introduces
hierarchical semantic identifiers and progressive
semantic internalization training strategy, thereby
enabling efficient, inductive retrieval tailored for
open-world scenarios.

3 Methodology

In this section, we provide a comprehensive
overview of the proposed SIGMA framework. As
illustrated in Figure 2, the framework consists of
two core modules: (1) Multi-granularity Identifier
Construction Module: constructs a coarse-to-fine
hierarchical identifier system for candidate images;
(2) Progressive Semantic Internalization Training
Module: enhances the model’s fine-grained cross-
modal understanding through identifier memoriza-
tion, identifier comprehension, and retrieval align-
ment based on images, image identifiers, and image
descriptions.

3.1 Multi-granularity Identifier Construction
Module

The design of identifiers directly impacts the learn-
ing efficiency and retrieval performance of gen-
erative retrieval models. In existing research,
image identifiers take various forms, including
string identifiers, numeric identifiers, and atomic
identifiers. However, regardless of the identifier
form adopted, discretizing image representations
inevitably introduces information loss. To miti-
gate this and enhance the semantic discriminabil-
ity and model learnability, we propose a coarse-
to-fine hierarchical construction method. Inspired
by existing literature (Fang et al., 2025), we find
that identifiers with a length of 5 achieve an op-
timal balance between expressiveness and learn-
ing efficiency. Accordingly, this process decom-
poses an image into a five-level identifier sequence:
zi = [id1, id2, id3, id4, id5]. It begins by estab-
lishing a broad semantic anchor for each image,
then iteratively disentangles and refines its distinc-
tive components, and concludes by ensuring global
uniqueness. The overall construction pipeline is
illustrated in Figure 2 (Stage 0).

(1) Establishing Global Semantic Anchors (id1).
This step constructs the coarsest layer of the identi-
fier, id1 (semantic anchor). Its objective is to parti-
tion the image corpus into K1 broad, semantically
coherent regions. We apply K-Means clustering
on the visual features vi ∈ RD extracted from a
frozen vision encoder. Each image is assigned the
index of its nearest centroid ck:

id1 = arg min
k∈{1,...,K1}

∥vi − ck∥2 (1)

This provides a high-level contextual framework
for subsequent fine-grained encoding.

(2) Extracting Dominant Semantic Components
(id2). Within each global cluster, we perform
a finer-grained semantic disentanglement using
Semi-Nonnegative Matrix Factorization (Semi-
NMF) (Ding et al., 2008). For images within the
same id1 cluster, we stack their features into a
matrix Vlocal and decompose it as Vlocal ≈ WH ,
where H represents the latent semantic basis. This
stage identifies the most salient feature directions
assigning id2 based on the primary basis vector
contribution.

(3) Discerning Fine-grained Semantic Groups
(id3). To capture subtle intra-cluster variations,
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Figure 2: Overview of SIGMA.

we apply a second-order Semi-NMF to further re-
fine the subspace. This stage operates on the resid-
uals or specialized basis of the previous step, divid-
ing images into tighter semantic sub-groups. By
discerning these categorical nuances, we assign id3,
which serves to bridge the gap between high-level
semantics and instance-specific details.

(4) Encoding Local Residual Details (id4). To
capture the unique, often non-semantic visual de-
tails within the same semantic group, we introduce
id4 (Residual Detail). Instead of quantizing the
original features, we first compute the residual vec-
tor relative to its semantic anchor:

ri = vi − cid1 (2)

where cid1 is the centroid assigned.
To achieve high-fidelity encoding with a com-

pact index, ri is evenly divided into M subspaces.
For each subspace m, we maintain a learnable
codebook C(m) = {c(m)

1 , . . . , c
(m)
N }. By perform-

ing a nearest-neighbor search within each code-
book, we obtain a sequence of quantization indices
(q

(1)
i , . . . , q

(M)
i ), which collectively form the id4

component of the identifier sequence.

(5) Guaranteeing Uniqueness with an Instance
Suffix (id5). The final step ensures global unique-
ness by appending an instance_suffix (id5). This
serves as a fail-safe mechanism to distinguish be-
tween images that are semantically and visually
nearly identical (e.g., near-duplicates). By map-
ping each unique image instance to a terminal ID,
we eliminate collisions in the generative space, en-
suring instance-level precision during retrieval.

3.2 Progressive Semantic Internalization
Training Module

To enable the model to truly understand the visual
semantic information encoded in image identifiers
rather than merely memorizing correspondences,
we draw inspiration from the human cognitive strat-
egy for learning new symbols—“memorize the
form first, then understand the semantics”. Based
on this principle, we design a progressive seman-
tic internalization training module that leverages a
multimodal large language model (MLLM) to se-
quentially complete three training stages: identifier
memorization, identifier comprehension, and re-
trieval alignment, as illustrated in Figure 2 (Stage1,
Stage2, Stage3). The MLLM first learns to mem-
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orize identifiers through “image–identifier” map-
pings, then comprehends the semantic information
of identifiers through “identifier–description” map-
pings, and finally perceives subtle semantic differ-
ences among descriptions using the semantic soft
label mechanism during retrieval alignment satge.

3.2.1 Identifier Memorization: Mapping
Images to Identifiers

The objective of this stage is to establish an accu-
rate mapping from visual content to its correspond-
ing structured identifier, enabling the model to mas-
ter the “syntax” of identifier generation. Given an
input image vi, the model autoregressively gener-
ates the target identifier sequence label zi:

zi = MLLM(vi, tprompt) (3)

where tprompt is a guiding text prompt in the form
of “<image> Generate the identifier for this im-
age.”, instructing the model to output the corre-
sponding identifier.

In this stage, .We adopt the standard autoregres-
sive generation loss, i.e., the cross-entropy loss:

Lmem = −
T∑

t=1

logP (zti | z<t
i , vi, tprompt) (4)

where zti is the t-th token of the identifier sequence
zi, z<t

i represents the first t− 1 generated tokens,
and T is the length of the identifier sequence. This
loss function optimizes the model’s ability to accu-
rately generate the corresponding identifiers given
input images.

3.2.2 Identifier Comprehension: Instilling
Semantics into Identifiers

Building upon the model’s ability to generate the
“form” of identifiers, this stage aims to instill con-
crete visual semantics into these abstract symbols,
achieving “understanding of meaning”. The train-
ing task is reversed:

di = MLLM(t′prompt) (5)

where t′prompt is the input guiding prompt, e.g., “De-
scribe the image represented by the identifier <im-
age ID>”, where “<image ID>” is the image identi-
fier zi. di is the image description generated by the
model.

Through training in this stage, the model learns
to associate abstract identifier symbols with con-
crete visual semantic content. The training loss

employs the cross-entropy loss:

Lcom = −
T ′∑

t=1

logP (dti | d<t
i , zi, t

′
prompt) (6)

where dti is the t-th token of the description text,
and T ′ is the length of the description.

During this training stage, we integrate a subset
of samples from the Identifier Memorization phase
into the training process. This strategy preserves
the model’s identifier generation capability, laying
the groundwork for the subsequent assignment of
identifiers to newly added samples.

3.2.3 Retrieval Alignment: Learning
Discriminative Semantic Matching

The final stage aims to equip the model with dis-
criminative semantic matching abilities to address
the real-world challenge where a single image cor-
responds to multiple descriptions of varying rele-
vance. To address this issue, we introduce a se-
mantic soft label (SSL) mechanism that enables
the model to perceive semantic differences among
various descriptions of the same image.

Semantic Soft Label Construction Single-
encoder models achieve deep text-image inter-
action through joint encoding, excelling at fine-
grained semantic matching. Therefore, we em-
ploy a pre-trained cross-modal encoder model as a
teacher to pre-compute semantic similarity scores
for each “image-caption” pair in the training set
as soft labels. for image vi and its descriptions
{d1i , d2i , . . . , dKi }, we compute similarity using a
cross-modal encoder (CE):

si,k = CE(vi, d
k
i ) (7)

where the output si,k ∈ [0, 1] represents the se-
mantic similarity between the input text dki and the
image vi.

Generation and Similarity Prediction In this
stage, given text query dki , the model performs two
tasks: (1) generate the target identifier zi; (2) pre-
dict the query-image semantic similarity ŝi,k. We
leverage this for similarity prediction: first extract-
ing the last-layer hidden states {h1, . . . ,hl} of all
identifier tokens and applying average pooling:

hid =
1

L

L∑

l=1

hl (8)
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then predicting similarity through a lightweight
MLP:

ŝi,k = σ(MLP(hid)) ∈ [0, 1] (9)

where MLP is a three-layer perceptron and σ is the
Sigmoid function.

Joint Training Objective In the retrieval align-
ment stage, the model’s training objective com-
prises two components, optimizing both identifier
generation capability and semantic similarity per-
ception.

For identifier generation loss, we adopt the stan-
dard autoregressive cross-entropy loss to optimize
the model’s ability to generate correct identifiers
given text queries:

Lgen = −
L∑

l=1

logP
(
zli | z<l

i , dki

)
(10)

where z<l
i denotes the first l − 1 generated identi-

fier tokens. This loss ensures that the model can
accurately map text queries to the corresponding
image identifiers.

For semantic similarity prediction (SSP) loss,
we employ the mean squared error (MSE) loss to
optimize the consistency between the model’s pre-
dicted similarity and the soft labels provided by the
teacher model:

Lssp =
1

K

K∑

k=1

(ŝi,k − si,k)
2 (11)

where K denotes the number of descriptions asso-
ciated with image vi. This loss enables the model
to learn to distinguish semantic relevance between
different text queries and images.

The final joint loss is a weighted combination of
both components:

Lalign = Lgen + λssp · Lssp (12)

where λssp is the weight coefficient for the simi-
larity loss. It is crucial to emphasize that accurate
identifier generation remains the primary objective.
Therefore, we set a relatively small λssp, allowing
similarity prediction to serve as an auxiliary su-
pervisory signal that guides the model to perceive
subtle semantic differences between query-image
pairs without interfering with the main task.

The detailed inference process for model re-
trieval is described in Appendix B.

4 Experiments

To comprehensively evaluate the effectiveness of
SIGMA, we design the following research ques-
tions (RQs).

• RQ1: How does SIGMA perform com-
pared to existing methods on text-to-image
retrieval?

• RQ2: What is the contribution of each module
in SIGMA to retrieval performance?

• RQ3: How efficient is SIGMA in large-scale
retrieval scenarios?

4.1 Experimental Setup

This section describes the experimental setup, in-
cluding the datasets used, baseline methods for
comparison, evaluation metrics and implementa-
tion details.

Datasets We conduct experiments on two widely-
used benchmarks: Flickr30K (Young et al., 2014)
and MS-COCO (Lin et al., 2014). More details are
provided in the Appendix C.

Baselines To comprehensively evaluate the per-
formance of SIGMA, we select representative
methods from both the discriminative paradigm
(Dual-path (Zheng et al., 2020), SGM (Wang et al.,
2020), IMRAM (Chen et al., 2020), DIME (Qu
et al., 2023), CLIP (Radford et al., 2021), Open-
CLIP (Cherti et al., 2023)) and the generative
paradigm (Grace (Li et al., 2024), IRGen (Zhang
et al., 2024), TIGeR (Qu et al., 2024), AVG (Li
et al., 2025b), SemCORE (Li et al., 2025a), GE-
NIUS (Kim et al., 2025)) as baselines for system-
atic comparison. Further details are provided in
Appendix D.

Evaluation Metrics In generative retrieval tasks,
we follow prior studies (Young et al., 2014; Chen
et al., 2021) and adopt R@K (K = 1, 5, and 10) as
the evaluation metric for retrieval performance.

Implementation Details The proposed SIGMA
consists of two core components: multi-granularity
hierarchical identifier construction and progres-
sive semantic internalization training. The detailed
parameter settings and implementation details of
these two components are provided in Appendix E.
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Table 1: Experimental results of all baselines and our proposed SIGMA on Flickr30K and MS-COCO for text-to-
image retrieval. The “Avg. Improvement” row denotes the average performance gain of SIGMA over six generative
retrieval baselines (GRACE-atomic, IRGen, TIGeR, AVG, SemCORE, and GENIUS). The best results are in bold.

Type Model Flickr30K MS-COCO

Recall@1 Recall@5 Recall@10 Recall@1 Recall@5 Recall@10

Two-tower

Dual-path 39.1 69.2 80.9 25.3 53.4 66.4
SGM 53.5 79.6 86.5 35.3 64.9 76.5

IMRAM 53.9 79.4 87.2 39.6 69.1 79.8
DIME 59.1 85.5 91.0 39.7 70.3 81.0
CLIP 58.4 81.5 88.1 37.8 62.4 72.7

OpenCLIP 63.9 87.3 93.2 39.4 65.4 75.6

GR

GRACE-numeric 22.5 28.9 29.4 0.03 0.14 0.28
GRACE-string 30.5 39.0 40.4 0.12 0.37 0.88

GRACE-semantic 22.9 34.9 37.4 13.3 30.4 35.9
GRACE-structure 37.4 59.5 66.2 16.7 39.2 50.3
GRACE-atomic 68.4 88.9 93.7 41.5 69.1 79.1

IRGen 49.0 68.9 72.5 29.6 50.7 56.3
TIGeR 71.7 91.8 95.4 46.1 69.0 76.1
AVG 62.8 85.4 - 31.3 58.0 -

SemCORE 69.0 83.0 - 42.4 57.5 -
GENIUS 74.1 92.0 94.8 46.1 74.0 82.7

Our SIGMA 77.4 92.5 97.2 49.3 72.6 79.5
Avg. Improvement ↑11.5 ↑7.5 ↑8.1 ↑9.8 ↑9.5 ↑5.9

4.2 Performance of SIGMA (RQ1)

To answer RQ1, we conduct extensive experiments
on Flickr30K and MS-COCO datasets, comprehen-
sively comparing SIGMA with existing discrimina-
tive retrieval methods (two-tower frameworks) and
generative cross-modal retrieval methods.

Overall Performance Comparison Table 1 re-
ports the retrieval performance on Flickr30K and
MS-COCO datasets. SIGMA consistently out-
performs both discriminative and generative base-
lines. Compared with existing generative methods,
SIGMA achieves average improvements of 10.65%,
8.50%, and 7.00% in R@1, R@5, and R@10,
across the two datasets. Performance on MS-
COCO dataset is generally lower than Flickr30K
dataset across all methods, a natural consequence
of the larger search space (5,000 vs 1,000 test im-
ages). Nevertheless, SIGMA maintains robust su-
periority, validating its effectiveness in enhancing
accuracy while retaining the efficiency benefits of
the generative paradigm.

Analysis of Generative Baselines Comparing
SIGMA with state-of-the-art generative approaches
highlights the critical role of identifier semantics.
While GRACE suffers from interference caused
by pre-existing token semantics and SemCORE re-
lies on rigid hard alignment, SIGMA excels via its

Table 2: Ablation study of key modules in SIGMA on
Flickr30K.

Method Recall@1 Recall@5 Recall@10

w/o ID Mem 73.2 87.6 92.0
w/o ID Com 75.1 90.1 94.3
w/o SSL 73.5 88.2 93.4
SIGMA 77.4 92.5 97.2

“memorization-understanding” strategy. By deeply
comprehending the semantic connotations of iden-
tifiers rather than merely memorizing mappings,
SIGMA achieves superior fine-grained alignment.
Although GENIUS shows marginally higher R@5
and R@10 scores on MS-COCO dataset due to
its computationally expensive post-hoc re-ranking,
SIGMA retains the lead on the most critical Re-
call@1 metric. This underscores SIGMA’s precise
semantic sensitivity without the latency overhead
of additional re-ranking steps.

4.3 Ablation Study (RQ2)

To answer RQ2, we conduct ablation experiments
on the Flickr30K dataset by selectively removing
the ID Memorization (w/o ID Mem), ID Compre-
hension (w/o ID Com), and Semantic Soft Label
(w/o SSL) modules to analyze the contribution of
each module in SIGMA to retrieval performance.

As shown in Table 2, removing any single mod-
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Figure 3: Examples of descriptions generated for previously unseen images.

Figure 4: Throughput Comparison. This shows through-
put performance across different candidate set sizes.

ule leads to performance degradation, confirming
their individual necessity. Specifically, ID Mem-
orization proves most critical, with its removal
causing the sharpest drop (4.2% in R@1), indi-
cating its fundamental role in establishing visual-
identifier mappings. The ID Comprehension stage
contributes a 2.3% gain by internalizing identi-
fier semantics, transforming them from shallow
index keys into meaningful units. SSL outperforms
hard-label training by 3.9%, effectively capturing
fine-grained text-image affinities and mitigating the
alignment bias inherent in one-to-many mappings.

4.4 Efficiency Analysis (RQ3)

To answer RQ3, we compare the efficiency of
generative frameworks (SIGMA, GRACE) and
two-tower frameworks (CLIP) from the through-
put perspective (Queries Per Second) , as shown
in Figure 4. Due to the linear cost of exhaus-
tive similarity computation, CLIP exhibits signifi-
cant efficiency degradation as the scale increases,
with an approximately threefold drop from 1K to

100K. In contrast, SIGMA exhibits remarkable
scale-invariance, maintaining stable throughput re-
gardless of database scale. This advantage stems
from the generative paradigm, which decouples
inference complexity from dataset size, depend-
ing solely on identifier generation length. More-
over, benefiting from the efficient Qwen backbone,
SIGMA achieves nearly twice the throughput of the
Flamingo-based GRACE. It is important to note
that these results are obtained without any infer-
ence acceleration techniques (e.g., vLLM (Kwon
et al., 2023)).

To provide a fairer comparison between SIGMA
and CLIP in a real-world retrieval system, we fur-
ther report a more practical efficiency evaluation
under deployment settings. In this setup, CLIP uses
pre-extracted image features with a vector index,
while SIGMA is accelerated using the vLLM infer-
ence framework. The single-query retrieval latency
(ms) under different database scales is reported
subsequently.

Model 50K 100K 200K 300K

CLIP 0.95 1.42 1.85 2.27
SIGMA 20 20 20 20

Table 3: Single-query retrieval latency (ms) under dif-
ferent database scales.

The experimental results reveal a fundamen-
tal trade-off between the two retrieval paradigms:
CLIP achieves lower absolute latency on small-
scale databases, but its latency increases steadily as
the database grows. In contrast, SIGMA’s retrieval
latency is independent of database size, since gener-
ative retrieval directly decodes the target identifier
without traversing the gallery or computing similar-
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ities. This scale-invariant property makes SIGMA
more predictable and scalable for large-scale re-
trieval scenarios. As the database size increases,
the latency gap between the two paradigms gradu-
ally narrows.

While retrieval efficiency is important, retrieval
quality is equally critical. As shown in Table 1,
SIGMA achieves substantial improvements in re-
trieval accuracy compared to CLIP: Recall@1 in-
creases by 19% on the Flickr30K dataset and by
11.5% on the MS-COCO dataset. SIGMA trades a
tolerable increase in latency for significantly better
retrieval performance, which is particularly advan-
tageous in large-scale deployment scenarios that
demand both high accuracy and strong scalability.

5 Discussion

We investigate SIGMA’s inductive capability in
cold-start scenarios, where new samples must be
indexed without retraining. Using a model trained
on Flickr30K dataset, we evaluate 100 unseen MS-
COCO images. SIGMA achieves 56.4%, 71.2%,
and 84.0% on R@5, R@10, and R@20, indicating
strong cross-dataset generalization under moderate
distribution shift.

In contrast, when the same model is applied to
a cross-domain e-commerce fruit image dataset,
performance drops substantially, with accuracies
of only 22.5%, 29.2%, and 32.0% on R@5, R@10,
and R@20. This degradation is expected and inter-
pretable: because the Flickr30K training distribu-
tion lacks fruit-related visual concepts, the seman-
tic content encoded in the identifier labels cannot
adequately cover this domain, leading to unreli-
able identifier assignments. These two experiments
reveal how retrieval performance degrades as the
degree of domain shift increases.

To probe the nature of these assignments, we
perform inverse semantic decoding, as illustrated
in Figure 3. Surprisingly, the model can recon-
struct accurate captions conditioned solely on the
assigned identifiers. This suggests that identifiers
function as semantic compression codes, where vi-
sual semantics are encapsulated into discrete sym-
bols. This finding implies that SIGMA does not
merely memorize mappings but internalizes identi-
fiers as meaningful semantic units, offering a novel
perspective on the representational mechanism of
generative retrieval.

6 Conclusion

In this paper, we propose SIGMA, a novel genera-
tive text-to-image retrieval framework that syner-
gizes multi-granularity hierarchical identifiers with
a progressive semantic internalization training strat-
egy. This framework supports inductive identifier
assignment for unseen samples, enabling open-set
dynamic indexing. Experiment results demonstrate
that SIGMA achieves an average improvement of
10.65% on Recall@1. Furthermore, efficiency anal-
yses confirm the scale-invariance of this paradigm.
Future work will explore optimizing identifier gen-
eration and enhancing retrieval performance on
newly added samples.

Limitations

Despite SIGMA’s promising performance, several
limitations remain. First, the discrete nature of
hierarchical identifiers introduces inevitable quanti-
zation errors compared to continuous embeddings,
potentially limiting the capture of ultra-fine-grained
visual nuances. Second, due to the auto-regressive
decoding mechanism, inference latency scales lin-
early with the number of retrieved items, which
may pose bottlenecks in high-recall scenarios. Fi-
nally, while SIGMA supports inductive assign-
ment for unseen samples, the long-term impact
of massive-scale dynamic updates on retrieval re-
call requires further validation. In future work,
we aim to address these constraints by exploring
learnable codebooks to reduce quantization loss,
investigating more efficient decoding mechanisms
to accelerate retrieval, and developing robust in-
cremental indexing strategies to ensure long-term
stability.

Ethical Considerations

We acknowledge potential ethical risks associated
with large-scale cross-modal retrieval. First, since
our model is trained on public datasets (Flickr30K,
MS-COCO) that may contain inherent societal bi-
ases (e.g., gender or racial stereotypes), the re-
trieved results could inadvertently reflect or am-
plify these biases. Second, regarding privacy and
copyright, we strictly adhere to the usage licenses
of all datasets and use them solely for academic
research purposes. Finally, although SIGMA is
designed for information retrieval, we condemn
any misuse of the framework for retrieving harmful
or illegal content, and future work should explore
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safety alignment mechanisms within the generative
process.
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A Preliminary

Generative Retrieval (GR) refers to the process of
directly outputting target identifiers through autore-
gressive generation conditioned on a given query,
thereby completing the retrieval task. In the gener-
ative retrieval paradigm, retrieval no longer relies
on explicit similarity computation. Instead, each
retrieval target is treated as a generatable discrete
sequence and assigned a unique identifier.

In text-to-image retrieval, let V denote the im-
age retrieval corpus. For any image vi ∈ V , its
corresponding target identifier is represented as a
discrete sequence of length L:

zi = (z1i , z
2
i , ..., z

l
i) (13)

where zli denotes the l-th identifier token, and L is
the length of the identifier sequence.

Given any text query t, the generative model
M autoregressively generates the corresponding
image identifier in sequence. Specifically, when
generating the l-th identifier token, the model M
performs conditional prediction based on the text
query t and the previously generated l − 1 tokens.
This generation process can be formalized as:

p(zi | t) =
L∏

l=1

p
(
zli | t, z1i , . . . , zl−1

i

)
(14)

During inference, the model generates the most
probable identifier sequence by maximizing the
above conditional probability, and maps the gener-
ated identifier back to its corresponding image in-
stance, thereby completing the retrieval process. To
ensure the validity and interpretability of generated
identifiers, constrained search strategies (e.g., con-
strained decoding) are typically introduced during
the decoding phase to ensure that generated results
always reside within the valid identifier space.

B Inference

During inference, given a query text q, SIGMA
feeds it into the trained MLLM, which autore-
gressively generates the target identifier sequence

z = (z1, z2, . . . , zL) token by token, as illustrated
in Figure 5. To ensure the generated identifier is
always valid, we employ trie-based constrained
decoding (Fredkin, 1960).

We construct a prefix tree based on all image
identifiers in the training set, where each root-to-
leaf path represents a valid identifier. During gen-
eration, the model uses beam search (Sutskever
et al., 2014), but the search space is constrained
to consider only valid next tokens allowed by the
prefix tree, rather than all tokens in the vocabu-
lary. This constraint mechanism guarantees that
the generation result always corresponds to a valid
image, significantly improving retrieval efficiency
and avoiding invalid generations.

C Datasets

We evaluate SIGMA on two widely-used cross-
modal retrieval benchmarks: Flickr30K (Young
et al., 2014) and MS-COCO (Lin et al., 2014).
Flickr30K contains 31,783 images, each paired
with five human-annotated captions. Following
the standard split (Li et al., 2019), we use 29,783
images for training, 1,000 for validation, and 1,000
for testing. MS-COCO comprises 123,287 images,
each also accompanied by five captions. Following
existing studies(Fang et al., 2025), we adopt the
Karpathy split (Karpathy and Fei-Fei, 2015) with
113,287 training images, 5,000 validation images,
and 5,000 test images.

D Bselines

We compare SIGMA against representative meth-
ods from both discriminative and generative
paradigms.

Discriminative Methods We select Dual-
path (Zheng et al., 2020), SGM (Wang et al.,
2020), IMRMA (Chen et al., 2020), DIME (Qu
et al., 2023), CLIP (Radford et al., 2021), and
OpenCLIP (Cherti et al., 2023) as discriminative
baselines. Note that one-tower architectures,
while excelling in semantic understanding, incur
substantial inference overhead that makes them
more suitable for re-ranking rather than large-scale
retrieval, therefore following existing studies (Li
et al., 2025b), we exclude them from comparison.

Generative Methods We compare against the
following generative retrieval approaches: (1)
GRACE (Li et al., 2024) pioneered the applica-
tion of generative paradigms to cross-modal re-
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Figure 5: SIGMA Inference Procedure.

trieval, exploring various forms of image identi-
fiers; (2) IRGen (Zhang et al., 2024) was origi-
nally proposed for image-to-image retrieval and
was later adapted for text-to-image retrieval (Li
et al., 2025b); (3) TIGeR (Qu et al., 2024) uni-
fies text-to-image generation and retrieval within
multimodal large language models; (4) AVG (Li
et al., 2025b) reformulates text-to-image retrieval
as a generation process from text tokens to visual
tokens; (5) SemCORE (Li et al., 2025a) enhances
semantic understanding through structured natural
language identifiers and generative semantic veri-
fication strategies; (6) GENIUS (Kim et al., 2025)
employs modality-decoupled semantic quantiza-
tion and query augmentation strategies for cross-
modal retrieval.

E Implementation Details

Multi-granularity Identifier Construction mod-
ule We utilize the pre-trained jina-embeddings-
v4 (Günther et al., 2025) to encode images into
2,048-dimensional vectors. Hierarchical cluster-
ing is then performed using Mini-Batch K-Means
(K = 64) from scikit-learn, followed by Semi-
NMF for intra-cluster decomposition with refine-
ment factors of K = 32 and K = 16. Finally,
Residual Quantization (K = 32) is applied for
fine-grained classification. This hierarchical struc-
ture supports a total capacity of 1,048,576 unique
identifiers. To scale to larger capacities, higher K
values can be configured at each stage as needed.

Progressive Semantic Internalization Training
Module We perform full-parameter fine-tuning
of the Qwen2.5-VL (Bai et al., 2025) backbone
on four NVIDIA A6000 GPUs (48GB memory
per GPU). The training process consists of three
stages: ID Memorization, ID Comprehension, and

Retrieval Alignment. In the soft label construction
for retrieval alignment, we use the jina-reranker-
m0 model. We use the AdamW optimizer with
a cosine learning rate schedule across all stages.
Specifically, the ID Memorization stage runs for 5
epochs with a learning rate (lr) of 5× 10−5 and a
batch size of 64. The ID Comprehension stage fol-
lows for 5 epochs with lr=3× 10−5 (batch size 64).
Finally, the Retrieval Alignment stage employs a
reduced batch size of 10 and lr=2× 10−5 to refine
semantic alignment.

F Analysis on comprehension ability

Figure 6 visualizes the Top-5 retrieval results gen-
erated by SIGMA. We observe a high degree of
semantic fidelity between the retrieved images and
the textual queries, accompanied by notable struc-
tural similarity in their corresponding identifiers.
This suggests that our hierarchical identifiers ef-
fectively cluster semantically related samples. For
instance, given the query “Little girl in arm float-
ies exploring the coast line”, despite variations in
composition and posture, all retrieved images accu-
rately align with the fine-grained constraints (e.g.,
specific objects and settings), demonstrating the
model’s robust capability in fine-grained semantic
capturing.

To further probe the representational nature of
identifiers, we conducted an identifier-to-caption
generation experiment. As shown in Figure 7, the
model generates highly accurate descriptions condi-
tioned solely on the identifiers. This phenomenon
confirms that identifiers are not arbitrary index
keys but function as “semantic compression codes”.
Through the ID Memorization and ID Compre-
hension stages, the model learns to encode visual
semantics into discrete tokens and subsequently
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Figure 6: Cases of the top-5 retrieval results from SIGMA. The green text indicates the target image.

decode them. This “compression-decompression”
mechanism validates that identifiers have been in-
ternalized as meaningful symbolic units, capable
of preserving and transmitting rich semantic infor-
mation within the generative framework.

G Error Analysis

To investigate the failure modes of SIGMA, we con-
duct a qualitative analysis of representative “failure”
cases. As illustrated in Figure 8, we observe in-
stances where the ground-truth image ranks lower
(e.g., 3rd) or fails to appear in the Top-3 results. No-
tably, despite missing the specific ground truth, the
retrieved candidates exhibit high semantic congru-
ence with the query text, sharing significant visual
and scene characteristics with the target.

This phenomenon essentially reflects the in-
herent limitations of annotation in text-to-image
retrieval datasets. In many-to-many image-text
matching scenarios, a single caption often corre-
sponds to multiple semantically similar images, yet
existing dataset annotations typically provide only
one or a few pairings. Consequently, other seman-
tically correct images are erroneously treated as

negatives during evaluation. This aligns closely
with the “false negative” problem identified by Li
et al. (Li et al., 2023a).

From an application perspective, this phe-
nomenon actually highlights SIGMA’s strength. In
practical retrieval scenarios, users typically prior-
itize semantic relevance over exact matching to
specific annotated images. SIGMA’s ability to re-
turn semantically relevant results demonstrates its
strong generalization and semantic comprehension
capabilities, which hold significant value in real-
world deployment.
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Figure 7: Examples of image descriptions generated based on image IDs. Blue text denotes the model-generated
image descriptions, and bold text indicates the image identifiers.

Figure 8: Qualitative analysis of retrieval errors.

12986


