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Abstract

Generative retrieval is an emerging approach in infor-
mation retrieval that generates identifiers (IDs) of target
data based on a query, providing an efficient alternative
to traditional embedding-based retrieval methods. How-
ever, existing models are task-specific and fall short of
embedding-based retrieval in performance. This paper pro-
poses GENIUS, a universal generative retrieval framework
supporting diverse tasks across multiple modalities and do-
mains. At its core, GENIUS introduces modality-decoupled
semantic quantization, transforming multimodal data into
discrete IDs encoding both modality and semantics. More-
over, to enhance generalization, we propose a query aug-
mentation that interpolates between a query and its target,
allowing GENIUS to adapt to varied query forms. Eval-
uated on the M-BEIR benchmark, it surpasses prior gen-
erative methods by a clear margin. Unlike embedding-
based retrieval, GENIUS consistently maintains high re-
trieval speed across database size, with competitive per-
formance across multiple benchmarks. With additional re-
ranking, GENIUS often achieves results close to those of
embedding-based methods while preserving efficiency.

1. Introduction
Information Retrieval (IR) is a fundamental task of find-
ing relevant information from a large database [33, 43].
With the rapid growth of data, efficient and accurate IR
is more essential than ever. Conventional IR approaches
commonly follow the embed-and-retrieve paradigm, known
as embedding-based retrieval (Fig. 1(a)). They embed the
query and the database into a high-dimensional embedding
space, which is learned by metric learning [20, 35, 44, 45,
49, 56], and then find the nearest neighbors of the query.
As the database expands, however, a scalability issue arises
due to the rapidly increasing cost of index building, mainte-
nance, and nearest neighbor search, even with approximate
nearest neighbor search like HNSW [32] and Faiss [9].

Recently, generative retrieval has emerged as a promis-
ing alternative. Inspired by Differentiable Search Index [48]
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Figure 1. Illustrations of three Information Retrieval paradigms.
(a) Embedding-based retrieval, where queries and candidates are
embedded, and similarity is measured. (b) Existing generative re-
trieval generates task-specific identifiers. (c) The GENIUS frame-
work generates identifiers across modalities based on queries and
instructions, where the first-level code indicates modality.

and SPLADE [11], this approach generates identifiers (IDs)
of target data directly from a query, bypassing the near-
est neighbor search. However, existing methods in this
line of research have limited capability due to their task-
specific designs. Most of them are dedicated to text re-
trieval [48, 50], and only a few recent works address im-
ages [58] and cross-modal retrieval [25] (Fig. 1(b)). Hence,
these methods fail to meet the diverse, multimodal demands
of users in real-world applications. Moreover, existing gen-
erative methods underperform in cross-modal retrieval com-
pared to embedding-based retrieval methods [25, 58].

In this paper, we propose GENeratIve Universal mul-
timodal Search (GENIUS), the first generative retrieval
framework that handles diverse retrieval tasks across mul-



tiple modalities. In GENIUS, each task is defined as find-
ing data of a specified type, based on a multimodal query
with an instruction that clarifies the user’s intention. Our
framework uses the instructions to retrieve data of the ap-
propriate format and domain among diverse data within the
database. Unlike prior generative methods restricted to spe-
cific modalities or tasks, GENIUS generates IDs of relevant
data across heterogeneous modalities, effectively address-
ing a wide range of retrieval scenarios. GENIUS consists of
a multimodal encoder that processes the query and instruc-
tion, coupled with a decoder that generates target IDs based
on this input, as illustrated in Fig. 2.

A key contribution of GENIUS is modality-decoupled
semantic quantization to assign a target ID to multimodal
data. It transforms multimodal data into compact, layered
representations capturing both semantic content and modal-
ity. Fig. 1(c) illustrates this concept, with each target ID
represented as a sequence of discrete codes comprising two
components. The first code of the target ID indicates the
data modality (e.g., 0 for images, 1 for text, and 2 for
image-text pairs). This is achieved by training a quanti-
zation model with instructions that specify the modality of
the target, allowing GENIUS to separate different modali-
ties of the target. The subsequent codes capture the seman-
tic content of the data while ensuring compatibility across
modalities. For example, when image and text have similar
contents, their IDs should be similar, particularly in their
leading codes (except the first one which is kept for modal-
ity encoding), regardless of their modality. This is achieved
through contrastive learning combined with residual quan-
tization, which clusters semantically related items, enabling
a nuanced representation from coarse to fine granularity.

Next, we train the decoder to generate target IDs from
a given query. While these compact IDs are effective, they
inherently contain less information than dense embeddings.
As a result, the model may struggle to generalize to new
or varied queries, especially with limited query-target pairs.
To address this, we introduce Query Augmentation strat-
egy. This strategy generates augmented queries by linearly
interpolating between the embeddings of a query and its
corresponding target. Including these augmented queries in
training enriches the data with diverse query examples that
retain the same semantics. This augmentation allows the
decoder to learn a more generalized mapping from queries
to target IDs, making it robust to variations in query formu-
lations at test time.

We train and evaluate GENIUS on a large-scale multi-
modal benchmark, M-BEIR [52], which includes instruc-
tions for multimodal retrieval tasks. GENIUS outperforms
the best generative retrieval method by 28.6 points in Re-
call@5 on the COCO dataset [26] for text-to-image re-
trieval. Unlike prior generative models, GENIUS supports
a broader range of tasks and significantly narrows the per-

formance gap to embedding-based retrieval methods across
multiple tasks. It maintains a nearly constant retrieval
speed across database sizes, and operates faster than pre-
vious generative methods. Moreover, by re-ranking pre-
dicted candidates based solely on their embeddings, GE-
NIUS often achieves results close to those of embedding-
based baselines in several tasks while preserving high effi-
ciency. This combination of versatility, performance, and
efficiency marks a big step forward for generative multi-
modal retrieval.

2. Related Work
2.1. Multimodal Information Retrieval

Multimodal Information Retrieval (IR) has advanced signif-
icantly, particularly in cross-modal tasks like text-to-image
retrieval. Traditional methods are divided into two main
approaches: multi-encoder and single-encoder with cross-
attention. Multi-encoder models [14, 17, 19, 39, 57, 59] ef-
ficiently map visual and textual features and other format
features into a shared embedding space. Single-encoder
models [21–23, 53] provide more detailed modality inter-
actions but incur a higher computational cost. Recent ad-
vances in IR have introduced composed image retrieval
(CIR) tasks, which integrate image and text inputs based
on user feedback [2, 3, 42]. Fine-grained retrieval also re-
quires models to handle complex multimodal queries, pos-
ing additional challenges [6, 31]. Moreover, benchmarks
like WebQA [5] and frameworks such as UniIR [52] extend
IR capabilities to retrieve diverse data types, supporting
unified retrieval across multiple datasets for broader gen-
eralization. Most retrieval methods follow the embed-to-
retrieve paradigm, while recent efforts [25, 58] have started
to explore generative approaches for handling multi-modal
tasks, which remain largely unexplored.

2.2. Generative Retrieval

Generative retrieval has recently emerged as an innova-
tive paradigm, primarily targeting text-based document re-
trieval. Early works explored generating concise identi-
fiers (IDs), such as entity names or passage titles, to rep-
resent documents effectively [4, 8]. These approaches have
evolved into more generalized methods, such as NCI [51]
and DSI [48], which use hierarchical clustering of docu-
ment embeddings and pretrained language models to as-
sign document identifiers effectively. Recent studies have
further refined these concepts [10, 34, 36, 47], with some
proposing end-to-end methods to directly learn IDs [18, 46].
While text retrieval benefits from the inherent discrete-
ness of language, extending generative retrieval to multi-
ple modalities introduces challenges in addressing modality
gaps. GRACE [25] is one of the few studies that has ex-
plored cross-modal generative retrieval by introducing se-
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Figure 2. Overview of the GENIUS framework. GENIUS includes three components: image and text encoders, a modality-decoupled
quantization module, and an autoregressive decoder. The framework follows three stages in training. First, the image-text encoders are
pre-trained to enhance instruction comprehension and representation abilities. Next, residual quantization is trained to assign discrete IDs
to candidate embeddings, where the first quantization level captures modality information and subsequent levels encode semantic details.
Finally, the decoder learns to generate modality-decoupled semantic IDs. At inference, GENIUS generates candidate IDs from a query
using Trie-constrained beam search, additionally followed by embedding-based re-ranking to further enhance retrieval accuracy.

mantic IDs for images, while IRGen [58] focuses solely
on image-based retrieval and struggles with tasks beyond
single-modality scenarios. These models are designed for a
specific scenario and show significantly lower performance
than embedding-based retrieval methods, highlighting their
limitations in real-world applications. Our work addresses
these limitations by introducing a universal framework that
dynamically generates IDs across text and images, support-
ing a broader range of retrieval tasks.

3. Problem Formulation

Universal multimodal search [52] aims to enable users to
query and retrieve targets across diverse tasks based on user
instruction qinst. In this setup, we define a query q as a
combination of the query content and the instruction, rep-
resented as (qcon, qinst), where qcon can take various forms,
including an image qi, text qt, or an interleaved image-text
pair (qi, qt). The target candidate c can be represented as an
image ci, text ct, or an interleaved image-text pair (ci, ct).

We formalize universal generative multimodal search as
the process of generating an ID Tc for the relevant target c,
conditioned on the query q:

Tc := (tc1, . . . , t
c
M )

where tck = argmax
t∈T

[log p (t | q, tc<k; θ)] ,
(1)

where θ denotes the parameters of both the encoder and de-
coder, tc<k is the previously generated tokens, and p(·) is the

probability distribution over the next token given the con-
text. That is, the model generates the ID Tc by sequentially
predicting tokens tck that maximize the conditional probabil-
ity. This generative approach eliminates the need for simi-
larity computations, indexing, and ranking across the entire
target dataset, making retrieval efficient and scalable.

4. Proposed Method

To address the universal generative retrieval problem, we
propose GENeratIve Universal multimodal Search, dubbed
GENIUS, which aims to generate target IDs across various
modalities, guided by multimodal queries and instructions.

As shown in Fig. 2, GENIUS involves three distinct
training stages. First, in Sec. 4.1, we describe multi-
modal encoder pretraining, which enables the encoder to
effectively comprehend instructions and extract meaning-
ful image-text features, aligning query intent with target se-
mantics. Next, Sec. 4.2 introduces the modality-decoupled
quantization module, which quantizes multimodal embed-
dings into discrete IDs, explicitly encoding modality and
semantic information. These discrete IDs then serve as tar-
get outputs for decoder training. Finally, Sec. 4.3 presents
the autoregressive decoder training process, enabling the
decoder to generate modality-decoupled semantic IDs di-
rectly from the query. In Sec. 4.4, we detail the inference
pipeline of GENIUS.



4.1. Encoder Pretraining

To handle diverse retrieval tasks, a model should under-
stand the relations between queries and targets by compre-
hending both query content and instructions. We achieve
this through encoder pretraining, which enables the multi-
modal encoder to understand query semantics and instruc-
tive information. For image and text encoders, we leverage
CLIP [39]. Specifically, we use the text encoder ψtext to
process text-based query contents qt and instructions qinst,
while the image encoder ψimage is used for image inputs qi.

To ensure strong alignment between queries and their
corresponding positive targets, we employ contrastive
learning. When both modalities are present in a query or
target, we combine their features using simple element-wise
addition [30, 52] to create a unified embedding: ϕ(q) =
ψimage(qi) + ψtext(qt, qinst) ∈ Rd for query, and ϕ(c) =
ψimage(ci) + ψtext(ct) ∈ Rd for targets, where d is the em-
bedding dimension. The contrastive loss between the query
and target embeddings is defined as:

Lpt = − log
exp (⟨ϕ(q), ϕ(c+)⟩ /τ)∑
c′∈C exp (⟨ϕ(q), ϕ(c′)⟩ /τ)

, (2)

where ϕ(c+) is the embedding of a target corresponding
to the query q, C is the set of all candidates, ⟨·, ·⟩ de-
notes cosine similarity, and τ is a temperature parameter.
This training follows the CLIP-based learning framework
of UniIR [52]. For implementation simplicity, we directly
utilize its pre-trained weights. After this phase, both the
image and text encoders are frozen.

4.2. Modality-Decoupled Semantic Quantization

In generative retrieval, targets are represented as discrete
IDs forming the output structure of the decoder model.
Quantizing targets into these IDs is crucial, directly impact-
ing retrieval performance. Unlike existing methods, GE-
NIUS retrieves target data across modalities, and thus, it is
essential to distinguish different modalities while accurately
capturing semantic content.

To this end, we propose a quantization method that rep-
resents modality and semantic information separately. Our
key idea is to provide an embedding space that captures both
modality and semantic information using contrastive learn-
ing with queries including instructions and to systemati-
cally separate these features through residual quantization
(RQ). Leveraging the unique property of residual quantiza-
tion allows us to produce structured code sequences, where
modality is explicitly encoded at the first level and semantic
details are progressively refined in subsequent levels.

4.2.1. Fusion Module for Quantization Input

To facilitate effective quantization that captures both modal-
ity and semantics, we construct unified multimodal embed-

dings as inputs to the quantization. For this purpose, we in-
troduce a lightweight, learnable module that combines im-
age and text features into a unified representation. Inspired
by previous work [3], the fusion module is defined as:

h(x, y) = λ · x+ (1− λ) · y + MLP([x; y]),

where MLP([x; y]) introduces additional bimodal informa-
tion through a multi-layer perceptron (MLP) applied to
the concatenation of x and y. The balance parameter
λ is dynamically determined via another MLP with a
sigmoid activation over the concatenated image-text fea-
tures. The fused query embedding is computed as zq =
h (ψimage(qi), ψtext(qt, qinst)) and the fused target embedding
as zc = h (ψimage(ci), ψtext(ct)). The fusion module is opti-
mized with the quantization module by the objectives of the
quantization process.

4.2.2. Contrastive Learning with Instruction

We construct an embedding space that integrates both
modality and semantic information to prepare input em-
beddings for the modality-decoupled quantization. Us-
ing queries including instructions that specify the desired
modality of the target, we apply a contrastive loss to align
between these queries and their corresponding targets. This
loss encourages data with the same semantics and modal-
ity to close together in the embedding space while pushing
apart data that differ in either aspect. The contrastive loss is
defined as:

Lcl = − log
exp (⟨zq, zc+⟩ /τ)∑
c′∈C exp (⟨zq, zc′⟩ /τ)

, (3)

where zq and zc+ is the query and the corresponding target
embedding, C is the set of all candidate targets. Through
this loss, clusters form in the embedding space, where
modality-based groups naturally form due to the larger sam-
ple size within each modality, while semantically similar
data are closely aligned within these clusters.

4.2.3. Residual Quantization

Residual quantization (RQ) is a recursive process that ap-
proximates an embedding by quantizing its residuals at each
level. This process enables a progressive information de-
composition, allowing distinct levels to capture modality-
specific and semantic elements separately. The RQ process
converts the embedding z into a sequence of discrete codes,
represented as:

T := RQ(z) = (t1, . . . , tM ), (4)

whereM is the number of quantization levels. Starting with
the initial residual vector r0 = z, we perform quantization
recursively. At each step i, we find the nearest neighbor
within the i-th codebookEi = {eki ∈ Rd | k = 1, . . . ,Ki},
whereKi is the size of the i-th codebook, selecting the clos-
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Figure 3. Examples of modality-decoupled semantic quantization. For simplicity, we use a quantization scheme with five levels of
codes, where each code (except the first) has a value of up to 256. The first code (top) indicates modality: 0 for image, 1 for text, and 2
for image-text pairs. If an instruction is provided, this code adapts to the modality specified by the instruction. The second code (middle)
represents primary objects or dominant semantics shared across modalities, while the third code (bottom) captures key attributes of the
main object, such as “two” or “red”, which are consistent across objects or data types. Beyond these levels, finer and additional information
is incorporated to enrich the representation. This visualization is based on examples from the COCO dataset [26].

est code embedding etii to the current residual vector:

ti = argmin
k∈Ki

||ri−1 − eki ||2, (5)

and then update the residual for the next level:

ri = ri−1 − etii , (6)

The original embedding is approximated by summing the
code embeddings up to levelM , and we define this approxi-
mation as the quantized vector, ẑ =

∑M
i=1 e

ti
i . Our key idea

is to exploit the inherent property of residual quantization,
where code embeddings at each level represent the residual
information specific to that level. This property enables the
progressive separation of information across levels. We uti-
lize this property to distinguish modality and semantic in-
formation at each level. The first code in each ID explicitly
represents modality, with a codebook of size K1 = 3 to in-
dicate images, text, and image-text pairs. Subsequent resid-
uals exclude modality information, allowing the remaining
levels to encode semantics solely in a coarse-to-fine manner.

4.2.4. Training Objectives

For training the codebooks and the fusion module h, we
adopt three losses as follows. To ensure alignment between
the assigned codes and the original residuals, we apply a
residual quantization loss:

Lrq =

M∑
i=1

||ri−1 − sg
(
etii

)
||2, (7)

where sg(·) denotes the stop-gradient operator, prevent-
ing gradients from directly updating codebook entries. In-
stead, they are updated via an exponential moving average
(EMA) [41] over training steps to ensure stable updates.
In addition, to further reinforce semantic similarity in the

quantized space, we introduce a mean squared error (MSE)
loss between the quantized vector of the query and target
as Lmse = ||ẑq − ẑc||2, where ẑq and ẑc are the quantized
query and target vectors, respectively. The training loss is a
linear combination of the three aforementioned losses:

Lcombined = Lcl + βLrq + γLmse, (8)

where β and γ are weighting parameters. Unlike
prior methods focused on reconstructing original embed-
dings [25], our optimization aims to encode contrastive rela-
tions into the codebook. As a result, the quantizer produces
the initial code representing modality, as shown in Fig. 3.
The second code captures dominant semantics, while later
codes add finer attributes, creating a structured represen-
tation that preserves rich, interpretable semantics and en-
hances retrieval performance across modalities.

4.3. Autoregressive Decoder for Retrieval

4.3.1. Decoder Training

The last step is to train an autoregressive decoder model
that produces an ID of the target given a query. We adopt
T5 decoder architecture [40], which generates the target ID
autoregressively. To condition the decoder on the query em-
bedding, we employ a lightweight network with an MLP
that maps the query embedding zq into N prefix embed-
dings, reshaping it as follows:

P(zq) = Reshape(MLP(zq)) ∈ RN×d′
, (9)

where d′ represents the hidden dimension of the decoder.
These prefix embeddings P(zq) are fed to the decoder
through cross-attention, enabling it to generate target IDs
based on the semantic information embedded in the query.
The training loss for this generative model is a cross-entropy



loss applied over the generated ID as follows:

LGR(P(zq), Tc) = −
M∑
k=1

log p (tck | P(zq), t
c
<k) . (10)

This encourages the model to generate a target code se-
quence conditioned on the query, which can be considered
mapping a query embedding to the target ID.

However, due to the inherently limited representation ca-
pacity in these discrete IDs compared to embeddings, the
model may struggle to generalize effectively, particularly in
scenarios with few query-target pairs for training. In text
document generative retrieval, this challenge arises but is
often addressed by generating diverse queries from docu-
ments using methods like Doc2Query [37, 38]; however,
such methods are not feasible in multimodal retrieval.

4.3.2. Query Augmentation via Interpolation

To address the above issue, we propose a Query Augmen-
tation based on query-target interpolation. This technique
enriches the training data by generating diverse augmented
queries that remain semantically aligned with their target.
The interpolated query embedding z′q is computed as:

z′q = µ · zq + (1− µ) · zc, (11)

where µ is randomly sampled from a Beta distribution,
Beta(α, α). The decoder is trained with the same cross-
entropy loss with the augmented query, LGR(P(z′q), Tc).
This strategy generates varied augmented queries, each
maintaining relevance to the target, helping the decoder to
learn a generalized mapping from query embeddings to tar-
get IDs. This makes the model more robust to variations in
the query, improving its generalization.

4.4. Inference

Constrained beam search. GENIUS retrieves relevant
targets for inference by generating IDs based on a given
query. To produce a ranked list of candidates, we use beam
search, which explores multiple ID sequences and ranks
them by the sum of the log probabilities for each level in
the sequence. However, to prevent the risk of generating in-
valid IDs, we use constrained beam search [8] with a Trie
structure [12] that restricts the model to only valid prefixes
matching actual test set IDs. The Trie is pre-constructed
from all candidate IDs, allowing the decoder to ensure that
generated IDs are valid. The time complexity for searching
using Trie is O(M), depending only on the length M of the
IDs, which can significantly enhance scalability.

Embedding-based re-ranking. Despite this efficiency,
generative retrieval with discrete IDs often lags behind
embedding-based retrieval in performance due to the lim-
itations of discrete representations, as observed in prior
work [25]. To address this, we present a re-ranking method:

after predicting B candidate IDs via beam search, we mea-
sure the similarity between the embeddings of these candi-
dates and the query embedding. Since the number of com-
parisons is small, this method incurs negligible computa-
tional cost while greatly improving retrieval accuracy.

5. Experiments

To evaluate the effectiveness of our generative universal
retrieval framework, we conducted comprehensive exper-
iments across various retrieval tasks and domains, com-
paring our model against state-of-the-art baselines in both
embedding-based and generative retrieval paradigms.

5.1. Dataset and metrics

Dataset. We use M-BEIR dataset [52], a combination of
multiple datasets. It includes datasets like MS-COCO [26]
for image-caption retrieval, Fashion200K [15] and Fash-
ionIQ [54] for fashion, VisualNews [27] for news im-
ages, and NIGHTS [13] for image similarity. Complex re-
trieval tasks are addressed by OVEN [16], EDIS [28], and
CIRR [29], with InfoSeek [7] and WebQA [5] for VQA-
based retrieval. These datasets cover 8 multimodal tasks
and have a total of 5.6 million candidates.
Evaluation metrics. Following prior work [52], we re-
port Recall@5 (R@5) as the main metric, using Recall@10
(R@10) for Fashion200K and FashionIQ.

5.2. Implementation Details

Network architectures. Following UniIR [52], we use the
pre-trained CLIP ViT-L/14 model [39] as the vision and text
encoder. For the decoder, we use T5-small [40], with hidden
dimension d′ = 512, which is initialized randomly.
Network optimization. Our model is optimized with
AdamW, using a learning rate of 1× 10−4 for both the RQ
and decoder training. Residual quantization is trained for
20 epochs, while the decoder is trained for 30 epochs with
cosine scheduling. We use a batch size of 256 for training.
Hyperparameters. The contrastive learning temperature τ
in Eq. 2 is set to 0.01. Parameters β and γ are both fixed
at 100 Eq. 8, and α parameter in Eq. 11 is set to 2. For the
prefix embeddings in Eq. 9, we use a fixed length of 30.
Codebook configurations of RQ. Our default setting uses
a codebook size of 4096 with 9 levels, except for the first
codebook, which has a fixed size of 3. The codebook is ini-
tialized using k-means clustering on the first training batch.
Inference. As described in Section 4.4, we evaluate GE-
NIUS in two ways: (i) constrained beam search and (ii) re-
ranking beam search candidates based on their embeddings
and that of query, both using a default beam size of 50 un-
less otherwise specified. The embedding-based methods are
evaluated using nearest neighbor search by Faiss [9].
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Embedding-based Retrieval

CLIP-SF [52] 81.1 42.6 18.0 84.7 59.4 78.7 92.3 43.1 18.3 32.0 45.5 27.9 24.4 44.6 67.6 48.9
BLIP-FF [52] 79.7 23.4 26.1 80.0 50.9 79.8 89.9 22.8 28.9 33.0 41.0 22.4 29.2 52.2 55.8 33.0

Generative Retrieval

IRGen [58] 50.7 – – – – – – – – – – – – – – –
GRACE [25] 39.5 – – – – – – – – – – – – – – –
GENIUS 68.1 18.5 13.7 32.5 37.0 49.7 83.2 18.7 12.8 8.2 36.6 11.2 13.2 20.7 36.4 14.6
GENIUSR 78.0 27.4 16.2 44.6 44.3 60.6 91.1 28.4 16.3 30.2 41.9 20.7 19.3 39.5 52.5 30.1

Table 1. Task-specific Information Retrieval. Performance of methods on the M-BEIR dataset, retrieved from a task-specific pool. R
denotes re-ranking using embedding vectors within the set of predicted candidates. Some datasets are denoted by abbreviations: VN–
VisualNews, F200K–Fashion200K, InfoS–InfoSeek, and FIQ–FashionIQ.

5.3. Baselines

Training strategies. We evaluate models under two dif-
ferent training strategies: (i) single-task fine-tuning, where
models are independently trained and evaluated on each
specific task, and (ii) unified instruction fine-tuning, where
models leverage multi-task learning with instructional guid-
ance on M-BEIR [52], enabling a single model to handle
retrieval tasks across multiple domains and modalities.
Embedding-based retrieval baselines. We compare GE-
NIUS with fine-tuned variants of CLIP [39] and BLIP [22]
proposed in UniIR [52]. These baselines employ two fusion
strategies: score-level fusion (SF), which fuses information
at the output embedding level, and feature-level fusion (FF),
which uses transformers to achieve feature fusion.
Generative retrieval baselines. We benchmark against
GRACE [25] and IRGen [58] which is originally for image-
to-image retrieval, adapted for text-to-image retrieval by re-
placing image inputs with text, reported in [24]. Note that
previous generative methods are designed for a single task.

5.4. Experimental Results

We evaluate multimodal retrieval models in three scenar-
ios: (i) task-specific information retrieval, using origi-
nal datasets to ensure a fair comparison with single-task
methods; (ii) universal information retrieval, leveraging
the full M-BEIR candidate pool of 5.6M items to as-
sess models’ capability in instruction-following and cross-
modal retrieval tasks, a setting unsupported by existing gen-
erative approaches; and (iii) text-to-image generative re-
trieval, evaluated on standard generative retrieval bench-
marks (Flickr30K and MS-COCO), with models trained and
evaluated separately on each dataset.
Task-specific information retrieval. In Table 1, GE-
NIUS is compared against embedding-based retrieval meth-
ods (CLIP-SF and BLIP-FF) and existing generative re-
trieval baselines (GRACE and IRGen) on various datasets
from M-BEIR. Generative retrieval methods show signif-
icantly lower performance compared to embedding-based

Embedding-based Generative

Task Dataset CLIPSF BLIPFF GENIUS GENIUSR

qt → ci

VisualNews 42.6 23.0 18.5 27.3
MSCOCO 77.9 75.6 55.1 68.0
Fashion200K 17.8 25.4 13.7 16.2

qt → ct WebQA 84.7 79.5 31.1 42.9

qt → (ci, ct)
EDIS 59.4 50.3 36.6 44.1
WebQA 78.8 79.7 49.0 59.7

qi → ct

VisualNews 42.8 21.1 18.4 26.8
MSCOCO 92.3 88.8 82.7 90.6
Fashion200K 17.9 27.6 12.8 16.2

qi → ci NIGHTS 33.4 33.0 8.1 30.2

(qi, qt) → ct
OVEN 39.2 34.7 34.6 38.0
InfoSeek 24.0 19.7 10.4 18.0

(qi, qt) → ci
FashionIQ 26.2 28.5 18.9 19.2
CIRR 43.0 51.4 20.1 38.3

(qi, qt) → (ci, ct)
OVEN 60.2 57.8 36.5 48.6
InfoSeek 44.6 27.7 14.2 28.6

Average 48.9 45.5 28.8 38.3

Table 2. Universal Information Retrieval. Recall@5 results of
methods except Fashion200K and FashionIQ, where Recall@10
is reported. Retrieval is performed from a global pool spanning
diverse modalities. R denotes re-ranking using embedding vectors
within the set of predicted candidates.

approaches, even on single-task retrieval. Notably, GE-
NIUS significantly outperforms previous generative meth-
ods on COCO text-to-image retrieval by 28.6 points in
R@5, substantially narrowing the gap with embedding-
based methods. GENIUS demonstrates competitive per-
formance across multiple datasets, with embedding-based
re-ranking further enhancing its effectiveness, enabling it
to surpass BLIP-FF in several tasks. However, GENIUS
underperforms on knowledge-intensive retrieval tasks (e.g.,
WebQA, InfoSeek) compared to embedding-based retrieval.
This limitation is likely due to the inherent capacity of dis-
crete IDs, which should be addressed in future research.
Universal information retrieval. Table 2 presents re-
sults for a range of retrieval tasks on entire candidates
in M-BEIR dataset. Unlike prior settings, this universal



Method
Flickr30K COCO

R@1 R@5 R@10 R@1 R@5 R@10

GRACE [25] 37.4 59.5 66.2 16.7 39.2 50.3
IRGen [58] 49.0 68.9 72.5 29.6 50.7 56.3
GENIUS 60.6 84.0 90.5 40.1 66.2 75.8
GENIUSR 74.1 92.0 94.8 46.1 74.0 82.7

Table 3. Text-to-image retrieval performance comparison on stan-
dard generative retrieval benchmark (Flickr30K and MS-COCO).
R denotes re-ranking. Note that all models, including GENIUS,
are trained and evaluated separately on each dataset.

COCO WebQA CIRR

Method T → I I → T T → T T → (I,T) (I,T) → I

GENIUS 55.4 82.7 28.3 47.1 20.5
w/o Modality-decoupled 20.2 73.2 25.9 34.3 18.3
w/o Query augmentation 47.8 67.7 19.6 38.8 11.7
w/o Lcl in Eq. 8 0.0 0.1 0.0 0.0 0.0
w/o Lmse in Eq. 8 45.5 83.1 27.1 35.2 21.6

Table 4. Ablation study for key components of GENIUS (universal
information retrieval, R@5) with 30 beams. I and T denote image
and text modalities, respectively, and (I,T) is image-text pair.

scenario requires models to identify target modalities pre-
cisely based solely on given instructions. GENIUS demon-
strates competitive performance and versatility across mul-
timodal tasks, though it typically achieves lower results than
embedding-based retrieval baselines.
Text-to-image generative retrieval. Table 3 compares
GENIUS against recent generative retrieval models on the
Flickr30K [55] and MS-COCO [26] datasets. GENIUS
significantly outperforms existing generative baselines such
as GRACE and IRGen, showing substantial improvements
across all metrics on both datasets. Further performance
gains are achieved through embedding-based re-ranking,
which yields state-of-the-art results in generative retrieval.

5.5. Analysis

Ablation study on key components. Table 4 presents
an ablation study of key components under retrieval from
a global pool. Removing modality-decoupling severely
harms modality discrimination, notably in COCO text-to-
image retrieval. Excluding query augmentation leads to
decreased accuracy, highlighting its contribution to robust-
ness. The contrastive loss (Lcl) is crucial for aligning
modality-decoupled representations; without it, query and
target features become misaligned, leading to near-zero per-
formance. Excluding MSE loss (Lmse) weakens alignment
in the codespace, reducing performance in certain datasets.
Analysis on efficiency. We compare retrieval efficiency
between embedding-based (CLIP) and generative methods
(GRACE, GENIUS) by measuring queries per second, as
shown in Fig. 4. For a fair comparison with GRACE, we
use text queries with image candidates. As the candidate
dataset size increases, the efficiency of CLIP declines due
to the growing cost of the nearest neighbor search, while
generative methods remain nearly constant. GENIUS is a
lightweight equipped with a T5-small decoder and CLIP en-
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Figure 4. Efficiency in processed queries per second across vary-
ing dataset sizes, measured with a single RTX3090 GPU.

COCO WebQA CIRR
K × M T → I I → T T → T T → (I,T) (I,T) → I

4096× 9 (Default) 65.3 83.4 28.8 47.4 21.0

4096× 7 65.2 82.9 25.3 40.8 23.1
4096× 5 62.4 81.5 17.3 33.1 20.4

1024× 9 66.4 82.0 24.7 39.4 24.5
256× 9 61.2 76.6 18.3 33.5 18.3

1024× 7 64.3 82.2 24.6 42.7 16.4
256× 5 53.4 72.4 9.7 22.8 13.0

Table 5. Ablation over codebook size K (except for the first level)
and code level M (task-specific information retrieval, R@5) with
30 beams. The default codebook size and level are underlined.

coder, and thus achieves roughly 4 times higher efficiency
than GRACE with Flamingo-3B model [1]. The efficiency
advantage becomes more significant as the dataset grows,
maintaining high retrieval speed at scale without the expen-
sive index building typical in embedding-based methods.
Codebook configuration. Table 5 shows that larger code-
book sizes and higher levels generally increase expres-
sive power, and thus improve performance, especially in
knowledge-intensive tasks such as WebQA. However, ex-
cessively large codebooks can disperse clusters, weakening
representations in some datasets. This highlights the need to
balance codebook size according to dataset characteristics.

6. Conclusion
We have introduced GENIUS, a universal generative re-
trieval framework that addresses the limitations of existing
generative models by handling diverse tasks across modali-
ties. Leveraging a novel modality-decoupled quantization
technique for ID generation, GENIUS ensures consistent
semantic information across modalities. Our query aug-
mentation enhances generalization through diverse query-
target mappings. Experiments show that GENIUS outper-
forms prior generative methods and narrows the perfor-
mance gap with embedding-based methods across bench-
marks. Moreover, GENIUS sustains high retrieval speed,
laying the groundwork for scalable multimodal search.
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