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Abstract
Generative retrieval has demonstrated significant success by uni-
fying representation learning and search into a single sequence-
to-sequence generation task. However, extending this paradigm to
cross-modal retrieval reveals a critical challenge arising from the
inherent information asymmetry across different modalities, such
as the gap between concise text queries and dense visual candi-
dates. This structural mismatch causes the autoregressive decoder
to suffer from forced hallucination when generating identifiers via
standard trie-constrained beam search, where the model is severely
penalized for failing to guess fine-grained details absent from the
query, allowing irrelevant candidates to hijack top rankings. To
address this issue, we propose Wildcard Inference with Dynamic
Expansion (WIDE). WIDE employs Adaptive Entropy Thresholding
(AET) to calibrate layer-specific uncertainty boundaries offline. Dur-
ing the decoding generation phase, Asymmetry-aware Wildcard
Decoding (AWD) detects semantic blind spots and emits wildcards
instead of forced deterministic identifiers, dynamically expanding
the search space without incurring log-probability penalties. Finally,
Blind-Spot Re-ranking (BSR) evaluates the expanded candidate pool
using a hybrid scoring mechanism that combines discrete gener-
ation confidence with continuous semantic similarity. Extensive
experiments on the M-BEIR benchmark demonstrate that WIDE
outperforms state-of-the-art generative retrieval methods, effec-
tively suppressing forced hallucination while maintaining compact
index structures.
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Figure 1: Information asymmetry and methods comparison.
Standard beam search forces identifier generation when en-
countering semantic blind spots. The proposed method de-
tects predictive uncertainty and emits a wildcard identifier.
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1 Introduction
Generative retrieval introduces a paradigm shift in the architecture
of information retrieval systems [33]. Instead of maintaining a fixed
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dense embedding and performing nearest-neighbor search dur-
ing inference, this approach formulates retrieval as a sequence-to-
sequence generation task [2]. By training an autoregressive model
to map a query directly to a target identifier, it unifies represen-
tation learning and the retrieval process into a single step. This
framework has demonstrated significant empirical success in text
retrieval settings, where the query and the target share the same
modality [4, 33].

However, extending this generative paradigm to cross-modal
retrieval reveals a critical limitation rooted in the inherent infor-
mation asymmetry between queries and candidates [21]. Current
methods process continuous visual features by recursively com-
pressing image embeddings into hierarchical discrete codebook
sequences through residual quantization [15, 40]. As illustrated
in Fig. 1(a), a text query typically outlines only a sparse subset
of semantic attributes. In contrast, the candidate image contains
an exhaustive record of visual details encoded into these discrete
identifiers. This discrepancy reflects the fundamental difference be-
tween linguistic abstraction and visual density. Consequently, this
structural mismatch disrupts the standard autoregressive decoding
process. As illustrated in Fig. 1(b), standard trie-constrained beam
search [2] forces the decoder to emit a deterministic identifier code
at every step. When certain visual details encoded by codebook
layers are not specified in the text query, the model encounters se-
mantic blind spots and defaults to statistical co-occurrence patterns
learned during training. We define this phenomenon as forced hal-
lucination. It constitutes a systematic error driven by cross-modal
asymmetry rather than a failure of the underlying representation.

Forced hallucination creates an unfair scoring bias that unnec-
essarily penalizes correct retrieval paths. When encountering a
semantic blind spot, the predictive distribution of the decoder be-
comes less concentrated, spreading probability mass across multiple
identifier candidates [14]. Forcing a deterministic identifier selec-
tion under this high uncertainty incurs a severe penalty in the
accumulated decoding log-probability. Consequently, a candidate
that perfectly matches the query in early layers suffers continuous
log-probability drops in uncertain layers simply for failing to guess
unmentioned visual details. This flaw allows irrelevant candidates
to hijack the top rankings, not through semantic matching, but
because their unconstrained details coincidentally align with fre-
quent training priors, while trie constraints only guarantee valid
identifier generation rather than relevance.

We argue that this failure mode requires a fundamentally dif-
ferent solution. As illustrated in Fig. 1(b), the objective is not to
force the decoder to guess uninformed layers more accurately, as
no amount of training can recover information absent from the
user query. Instead, the goal is to prevent the decoder from being
penalized for inherent information asymmetry. To this end, we
proposeWildcard Inference with Dynamic Expansion for Cross-
Modal Generative Retrieval (WIDE). This framework addresses
forced hallucination through a cohesive pipeline comprising offline
calibration, online intervention, and adaptive candidate evaluation.

The framework operates by first deploying Adaptive Entropy
Thresholding (AET) as an offline calibrator to quantify the base-
line uncertainty of the model. By profiling the training data, AET
establishes layer-specific entropy thresholds that explicitly map
the boundaries where semantic blind spots naturally occur. These

data-driven boundaries provide a clear reference for the subsequent
generation phase. Guided by this reference, Asymmetry-aware
Wildcard Decoding (AWD) monitors the real-time autoregressive
process to intercept forced hallucinations. Rather than emitting
a deterministic token that risks a severe log-probability penalty,
AWD generates a wildcard. This specific intervention temporarily
suspends the rigid pruning of the prefix trie, dynamically expand-
ing the search space into a semantically coherent candidate set
that preserves the correct retrieval path. Finally, to resolve these
expanded clusters and prevent irrelevant candidates from hijacking
the top results, Blind-SpotRe-ranking (BSR) evaluates the retrieved
candidates. BSR ignores unreliable discrete signals from wildcarded
positions and combines reliable non-wildcard generation confi-
dence with continuous embedding similarity for final ranking.

Extensive experiments on the M-BEIR benchmark demonstrate
that WIDE achieves strong performance compared with existing
generative retrieval methods. Further analyses show that wild-
card inference with dynamic candidate expansion effectively allevi-
ates forced hallucination while keeping the expanded search space
highly constrained.

The main contributions of this paper are summarized as follows:

• We identify and formulate forced hallucination as a structural
failure mode in trie-constrained generative retrieval caused
by cross-modal information asymmetry.

• We introduce WIDE, a novel framework that addresses this
limitation through adaptive uncertainty handling, wildcard-
based decoding, and hybrid candidate re-ranking.

• We conduct extensive experiments across diverse cross-modal
retrieval benchmarks, showing that WIDE achieves state-
of-the-art generative retrieval performance and effectively
addresses cross-modal information asymmetry.

2 Related Work
2.1 Generative Retrieval
Generative Retrieval (GR) [33, 34] has emerged as an alternative
retrieval paradigm that replaces the conventional match-and-rank
pipeline with direct identifier generation.

Building upon success in text retrieval, GR has been extended
to cross-modal scenarios [6, 16, 19, 20, 28]. Unlike single-modal
retrieval [17], cross-modal retrieval must address the representa-
tional gap between heterogeneous modalities, which complicates
the design of identifiers. GENIUS [13] proposes a generalized mul-
timodal generative retrieval framework. The Modality-Decoupled
Semantic Quantization of this framework learns modality-invariant
semantic anchors to improve identifier generation across different
modalities. While this line of work emphasizes the semantic quality
and modality alignment of identifiers, existing methods largely
overlook the inherent information asymmetry between queries and
visual targets during the decoding process.

Furthermore, hybrid designs incorporating late fusion [31] have
recently been introduced to generative retrieval. Representative
approaches [38, 39] generate initial candidate identifiers and subse-
quently refine them using additional similarity signals. These de-
signs are highly practical, as they preserve the efficiency of discrete
generative retrieval while leveraging complementary continuous
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signals to correct the outputs of discrete generation. However, cur-
rent reranking strategies generally apply flat embedding similarity
metrics, failing to account for the specific semantic blind spots
caused by decoding uncertainty.

2.2 Constrained Decoding and Uncertainty
Estimation

Trie-constrained beam search [1, 2, 10] serves as the standard de-
coding strategy in GR. This mechanism organizes all valid target
sequences into a prefix tree, where each path from the root to a leaf
corresponds to a registered identifier. While this hard constraint
prevents the generation of out-of-vocabulary identifiers, it forces
the decoder to make a specific identifier decision even when the
query provides insufficient evidence.

Entropy-based uncertainty estimation has been extensively ex-
plored in generative modeling [37]. Prior research [27] demon-
strates that predictive entropy serves as an effective signal for
reliability estimation at both the token and sequence levels. Recent
studies [14, 41] propose semantic entropy to capture uncertainty
beyond variations in surface forms, while token-level uncertainty
enables fine-grained confidence assessment and factuality evalua-
tion.

These findings indicate that uncertainty signals derived from
the output distribution of the model provide critical guidance for
identifying unreliable generation. Our work leverages this met-
ric to dynamically calibrate decoding interventions, transforming
unguided forced guesses into structured candidate expansion.

3 Preliminary
3.1 Problem Formulation
We consider cross-modal generative retrieval over a heterogeneous
candidate database C = {𝑐 (1) , . . . , 𝑐 (𝑁 ) }, where each candidate 𝑐
represents a multimodal entity. A composite query q comprises
content signals, including text, images, and interleaved modalities,
alongside task-specific instructions that guide the desired target
retrieval [35].

Generative retrieval formulates this task as a constrained se-
quence generation process [33]. Each candidate 𝑐 ∈ C is uniquely
mapped to a discrete identifier sequence 𝑇𝑐 = (𝑐1, . . . , 𝑐𝑀 ). The
retrieval objective is to maximize the conditional generation proba-
bility of the identifier sequence given the query context according
to the following formulation.

𝑐 = arg max
𝑐∈C

𝑀∏
𝑘=1

𝑝𝜃 (𝑐𝑘 | q, 𝑐<𝑘 ) , (1)

where 𝑐<𝑘 denotes the generated sequence prefix and 𝜃 represents
the model parameters. To ensure validity, the generated sequence
must traverse a pre-constructed prefix trie containing all regis-
tered database identifiers [2]. This structural constraint enables the
system to bypass exhaustive similarity scoring across the entire
database.

The effectiveness of this paradigm relies on two interconnected
stages. It first requires learning compact and discriminative iden-
tifiers during quantization and then accurately generating these

identifiers during decoding, especially when queries provide in-
complete semantic coverage. Our work focuses on addressing the
decoding-stage challenge.

3.2 Residual Quantization
To map multimodal representations into the discrete space, Resid-
ual Quantization (RQ) compresses a dense candidate embedding
v𝑐 ∈ R𝐷 through an iterative residual approximation [15, 40]. Given
a sequence of𝑀 codebooks {B1, . . . ,B𝑀 }, where each B𝑘 = {b𝑘,𝑣 ∈
R𝐷 }𝑉𝑘

𝑣=1 contains 𝑉𝑘 code vectors, the quantization process initial-
izes the residual vector as ∆1 = v𝑐 . In our implementation, we use
𝑀 = 9 quantization levels, where the first level encodes modality in-
formation. At each quantization level 𝑘 ∈ {1, . . . , 𝑀}, RQ identifies
the nearest code vector to the current residual state:

𝑐𝑘 = arg min
𝑣∈[𝑉𝑘 ]



∆𝑘 − b𝑘,𝑣


2

2 , ∆𝑘+1 = ∆𝑘 − sg
(
b𝑘,𝑐𝑘

)
, (2)

where [𝑉𝑘 ] = {1, . . . ,𝑉𝑘 } and sg(·) denotes the stop-gradient oper-
ator. The resulting quantized approximation is v̂𝑐 =

∑𝑀
𝑘=1 b𝑘,𝑐𝑘 .

The codebooks are initialized using𝑘-means and updated through
exponential moving averages. The RQ objective encourages the
residual representation at each level to remain close to its selected
code vector:

LRQ =
1
𝑀𝐷

𝑀∑︁
𝑘=1



∆𝑘 − sg
(
b𝑘,𝑐𝑘

)

2
2 . (3)

By sequentially minimizing the residual error, Eq. (2) provides
an ordered refinement of the quantized representation. The shallow
levels capture dominant components of the candidate representa-
tion, while deeper levels encode the remaining residual information,
which often corresponds to finer-grained visual details.

This hierarchical residual structure introduces a challenge during
cross-modal retrieval. Textual queries are inherently selective and
sparse. They usually specify particular objects or attributes while
omitting visual details that are not explicitly mentioned. Conse-
quently, a query may provide strong semantic constraints for some
identifier levels while leaving other levels insufficiently grounded.
This varying degree of query coverage across quantization levels
can disrupt the subsequent identifier generation process.

3.3 Trie-Constrained Decoding and Forced
Hallucination

To perform retrieval, an autoregressive decoder generates the target
sequence 𝑇𝑐 conditioned on the query. The model is optimized via
token-level cross-entropy using the ground-truth sequence c∗:

LGR = −
𝑀∑︁
𝑘=1

log 𝑝𝜃
(
𝑐∗
𝑘
| q, 𝑐∗

<𝑘

)
. (4)

During inference, beam search is employed to explore the prefix
trie. To guarantee that the output corresponds to an existing candi-
date, the token space at step 𝑘 is restricted to T𝑘 , which represents
the admissible set of valid child nodes extending from the current
prefix 𝑐<𝑘 [2]. The beam search algorithm evaluates hypotheses
based on their cumulative log-probability:

Score(𝑇𝑐 ) =
𝑀∑︁
𝑘=1

log 𝑝𝜃 (𝑐𝑘 | q, 𝑐<𝑘 ) . (5)
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While the constraint space T𝑘 prevents the generation of out-
of-vocabulary identifiers, it requires the decoder to commit to a
specific identifier choice at every step. Under cross-modal infor-
mation asymmetry, when the decoder reaches a quantization level
where the query provides insufficient semantic evidence, the pre-
dictive distribution 𝑝𝜃 (𝑡 | q, 𝑐<𝑘 ) may become less concentrated
and dominated by prefix-dependent statistical priors rather than
query-specific evidence [14].

Despite this uncertainty, standard trie-constrained decoding
forces the model to select a specific token. This forced selection can
incur a log-probability penalty [32], approaching − log |T𝑘 | when
the distribution becomes nearly uniform. We define this behavior
as forced hallucination. A hypothesis beam that correctly captures
the query-informed attributes in early layers will accumulate mas-
sive numerical penalties in the unconstrained layers. Consequently,
the ground-truth candidate is frequently displaced by irrelevant
distractors whose deeper identifiers happen to statistically align
with the training priors of the decoder [11]. Addressing this struc-
tural failure necessitates a dynamic intervention mechanism that
quantifies query coverage boundaries, permits explicit expression
of uncertainty, and adaptively evaluates the resulting candidate
sets. We detail our proposed framework to achieve these objectives
in Section 4.

4 Methodology
4.1 Overview
Generative retrieval recasts the traditional dense matching para-
digm into an autoregressive sequence generation task. As illustrated
in Fig. 2, our pipeline processes multimodal inputs through specific
encoders. On the query side, the query text, task instructions and
the query image are encoded and subsequently integrated via a
fusion module (FUSE & MLP) to form a unified fusion embedding.
On the candidate side, database images and texts are mapped into a
shared semantic space, where RQ compresses them into hierarchi-
cal discrete identifiers. During training, an autoregressive decoder
learns to generate the target discrete identifier conditioned on the
unified fusion embeddings.

To resolve forced hallucination highlighted above, we propose
theWIDE framework. As depicted in the dashed box of Fig. 2, WIDE
integrates into the generative retrieval inference pipeline through
three sequential modules. First, AET (Sec. 4.2) computes layer-wise
entropy thresholds (𝐿1 . . . 𝐿𝑚) from the training data to serve as an
offline reference for predictive uncertainty. Next, AWD (Sec. 4.3)
utilizes these entropy thresholds to monitor the autoregressive de-
coding process. When predictive uncertainty surpasses the entropy
threshold, it bypasses forced generation by inserting a wildcard into
the search path, seamlessly producing discrete identifier sequences
without terminating the generation. Finally, BSR (Sec. 4.4) evalu-
ates the candidate pool expanded by AWD using a hybrid scoring
mechanism to yield the final retrieval results.

4.2 Adaptive Entropy Thresholding
The central premise of AWD is that predictive uncertainty of the
output distribution at level 𝑘 provides a useful signal for identifying
potential query semantic blind spots caused by cross-modal infor-
mation asymmetry. However, raw entropy values are not directly
comparable across levels because the trie-constrained admissible
set size |T𝑘 | varies across RQ levels and prefixes, which affects the
entropy scale. Therefore, evaluating uncertainty requires a level-
specific, data-driven reference. AET establishes this reference offline
to calibrate the online decoding process.

Given a generative retrieval model 𝑝𝜃 and the training data
{(q, c∗)}, as shown in the left panel of Fig. 3, we define the dynamic
entropy threshold 𝜏𝑘 as the expected predictive entropy at each
level 𝑘 under teacher forcing. By conditioning the decoder on the
true prefix 𝑐∗

<𝑘
, we estimate the predictive uncertainty at each level

under a consistent generation context:

𝜏𝑘 = 𝐻𝑘 = E(q, c∗ )

−
∑︁
𝑡 ∈T𝑘

𝑝𝜃
(
𝑡 | q, 𝑐∗

<𝑘

)
log 𝑝𝜃

(
𝑡 | q, 𝑐∗

<𝑘

) . (6)

This expected entropy 𝐻𝑘 captures the typical uncertainty associ-
ated with each RQ level. Shallow levels often exhibit lower uncer-
tainty because they encode dominant residual components, whereas
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deeper levels may exhibit higher uncertainty when the remaining
visual details are insufficiently specified by the query.

Using offline expected entropy𝐻𝑘 as a level-specific reference for
real-time entropy 𝐻𝑘 allows AWD to identify unusually uncertain
decoding states [9]. During inference, if a novel query yields a
real-time entropy 𝐻𝑘 > 𝜏𝑘 , it indicates that the decoder is more
uncertain than the historical baseline for that specific semantic
level. This parameter-free comparison enables adaptive wildcard
triggering while accounting for the intrinsic uncertainty differences
across RQ levels.

4.3 Asymmetry-aware Wildcard Decoding
Standard trie-constrained beam search maintains 𝐵 identifier pre-
fixes and selects the top-𝐵 valid extensions at each level according
to cumulative log-probability. When the decoder encounters a se-
mantic blind spot, it is still forced to select a specific identifier code
from the admissible set T𝑘 . Under high uncertainty, this forced
decision introduces a large negative log-probability contribution
that can suppress the entire retrieval path. AWD avoids this unnec-
essary penalty by replacing deterministic identifier generation at
uncertain levels with wildcards.

At each decoding level 𝑘 , AWD computes the entropy of the
decoder output distribution over T𝑘 .

𝐻𝑘 = −
∑︁
𝑡 ∈T𝑘

𝑝𝜃 (𝑡 | q, 𝑐<𝑘 ) log 𝑝𝜃 (𝑡 | q, 𝑐<𝑘 ) , (7)

As shown in the middle panel of Fig. 3, AWD applies a binary
decision for each active beam 𝑏. When 𝐻𝑘 ≤ 𝜏𝑘 , the query provides
sufficient constraint, and the log-probability of the selected token is
added to the beam score. When 𝐻𝑘 > 𝜏𝑘 , AWD registers level 𝑘 as a
blind spot, records it in the specific blind-spot set A𝑏 of the beam,
and emits a wildcard [∗]. Crucially, no log-probability penalty is
added to the beam score for this level.

log 𝑃 (𝐴𝑊𝐷 ) (𝑇𝑏 ) =
∑︁
𝑘∉A𝑏

log 𝑝𝜃 (𝑐𝑘 | q, 𝑐<𝑘 ) , (8)

This scoring rule ensures that each beam is evaluated only on the
levels where the identifier generation is supported by the query.

Instead of forcing an unreliable identifier code generation, the
prefix trie temporarily activates all valid child branches when a
wildcard is triggered. However, AWD does not terminate the au-
toregressive decoding at this first semantic blind spot. If the query
provides explicit semantic constraints at a subsequent deeper level
(𝑘 ∉ A𝑏 ), the decoder seamlessly resumes standard identifier code
generation to prune the expanded branches. Let 𝑐𝑘 denote the con-
fident identifier code generated at non-blind-spot levels. The final
candidate set retrieved by beam 𝑏 is defined by dynamic set con-
tainment.

S𝑏 = {c ∈ C | 𝑐𝑘 = 𝑐𝑘 ∀𝑘 ∉ A𝑏 } , (9)
The setS𝑏 contains every database candidate that perfectly matches
the confident discrete generations of the beam, while leaving the
wildcard levels unconstrained. Thus, intermediate blind spots are
explicitly bypassed rather than forcibly generated, allowing reliable
identifier constraints from different levels to be jointly preserved
without prematurely abandoning the search.

The dynamic expansion mechanism may introduce additional
candidates. Under a uniform identifier distribution assumption,
activating a wildcard after fixing the first 𝑚 − 1 identifier levels
reduces the expected candidate space by a factor of 𝑉𝑚−1, yield-
ing an expected candidate size of |S𝑏 | ≈ |C|/𝑉𝑚−1. This suggests
that wildcard expansion remains limited when reliable identifier
prefixes are preserved. Since real identifier distributions may be
non-uniform, we further analyze the actual expansion behavior
empirically.

At the end of the AWD process, all candidates satisfying the
wildcard constraints of the retained beams form a global candidate
pool S𝑔𝑙𝑜𝑏𝑎𝑙 , which is then forwarded to BSR.

4.4 Blind-Spot Re-ranking
Following the AWD process, the top-𝐵 beam paths yield a global
candidate pool S𝑔𝑙𝑜𝑏𝑎𝑙 . Candidates associated with the same beam
share the same reliable identifier constraints at non-wildcard levels,
while candidates from different beams correspond to different de-
coding paths. Relying solely on continuous similarity to rankS𝑔𝑙𝑜𝑏𝑎𝑙

is suboptimal because it ignores the discrete identifier constraints
preserved during generation and treats wildcard-induced variations
equally. To address this issue, BSR introduces a hybrid scoring func-
tion that combines reliable discrete generation confidence from
constrained levels with continuous embedding similarity.

As shown in the right panel of Fig. 3, for each candidate 𝑐 (𝑖 ) ∈
S𝑔𝑙𝑜𝑏𝑎𝑙 originating from a beam with a blind-spot set A𝑖 , the final
retrieval score 𝑠 (𝑖) is defined as a convex combination of the discrete
and continuous scores.

𝑠 (𝑖) = (1−𝛼𝑖 ) ·
1

𝑀 − |A𝑖 |
∑︁
𝑘∉A𝑖

𝑝𝜃

(
𝑐
(𝑖 )
𝑘

| q, 𝑐 (𝑖 )
<𝑘

)
+𝛼𝑖 ·

1 + cos
(
f𝑞, f𝑖

)
2

,

(10)
where f𝑞 and f𝑖 denote the query and candidate embeddings used
to compute continuous semantic similarity.

The first term computes the average autoregressive probability
over all levels that are not identified as blind spots (𝑘 ∉ A𝑖 ). Because
AWD skips unreliable levels while continuing generation at the
remaining levels, confident identifier generations are distributed
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across the sequence. Therefore, averaging over the valid sequence
length (𝑀 − |A𝑖 |) normalizes the discrete score to the [0, 1] range.
This normalization neutralizes the length bias caused by varying
blind-spot proportions across different beams. This mechanism
explicitly utilizes the identifier generation confidence of the model
to rank candidates based on query. The second term computes the
cosine similarity between the global embeddings, shifted to the
[0, 1] range to align with the scale of the discrete probabilities.

To regulate the contribution of each term without relying on
empirical hyperparameters, the interpolation weight 𝛼𝑖 is deter-
mined by the proportion of blind spots in the source beam of the
candidate.

𝛼𝑖 =
|A𝑖 |
𝑀

, (11)

where𝑀 is the maximum sequence length. When a query provides
detailed constraints (|A𝑖 | is small), 𝛼𝑖 approaches 0, and the rank-
ing primarily depends on the discrete generative confidence. When
the query lacks specific details and triggers multiple wildcards
(|A𝑖 | is large), 𝛼𝑖 increases. This shift assigns greater weight to the
continuous semantic similarity, utilizing the global cross-modal
embeddings to resolve visual ambiguities within the expanded clus-
ters. Finally, BSR sorts S𝑔𝑙𝑜𝑏𝑎𝑙 by 𝑠 (𝑖) to output the top-𝐾 retrieval
results.

5 Experiments
To validate the effectiveness of the proposed WIDE framework, we
conduct extensive experiments focusing on its ability to resolve
semantic blind spots under cross-modal asymmetry. We bench-
mark our method against state-of-the-art embedding-based and
generative retrieval paradigms.

5.1 Experimental Setup
Datasets and Evaluation Metrics. We evaluate our model on
the comprehensive M-BEIR benchmark [35], which aggregates 10
datasets and a pool of 5.6 million candidate items across eight
distinct multimodal retrieval tasks. Specifically, the benchmark
encompasses widely adopted datasets including MS-COCO [22], Vi-
sualNews [23], Fashion200K [8], NIGHTS [7], FashionIQ [36], CIRR
[25], WebQA [3], OVEN [12], InfoSeek [5], and EDIS [24]. Rather
than a monolithic collection, M-BEIR encompasses various complex
scenarios: standard cross-modal retrieval, fine-grained attribute ma-
nipulation, image-to-image similarity reasoning. Adhering strictly
to the established M-BEIR evaluation protocol, we report Recall@5
(R@5) as the primary evaluationmetric across most tasks, and adopt
Recall@10 (R@10) specifically for Fashion200K and FashionIQ to
ensure fair comparisons.

Baseline. We acknowledge the foundational contributions of
the GENIUS framework [13], as its multimodal general genera-
tive retrieval architecture serves as the direct starting point for
our approach. Consequently, we establish a primary baseline that
adopts a highly analogous two-stage architecture relying exclu-
sively on residual quantization and autoregressive decoding. Our
baseline utilizes the fine-tuned variants of CLIP with score-level
fusion (SF) [29], as the foundational dual-encoder to extract visual
and textual representations. For the generative component, we in-
stantiate the autoregressive decoder using a randomly initialized
T5-small model [30]. Due to computational limitations, we train

this baseline model using a constrained hardware configuration
consisting of two NVIDIA L20 GPUs.

Training Strategy. The network is optimized using the AdamW
optimizer [26] with a batch size of 256. We apply a peak learning
rate of 1 × 10−4 coupled with a cosine decay schedule. The RQ
module is trained for 20 epochs, and the autoregressive decoder is
subsequently trained for 30 epochs.

5.2 Overall Retrieval Performance
Table 1 presents the comprehensive evaluation of our WIDE frame-
work against both embedding-based and generative baselines across
the M-BEIR benchmark. The results yield several key observations
regarding the effectiveness of uncertainty-guided wildcard decod-
ing and hybrid re-ranking mechanisms.

WIDE achieves state-of-the-art performance across almost all
tasks within the generative retrieval track, demonstrating signifi-
cant margins over the strongest model, GENIUSR . Notably, in com-
plex reasoning scenarios that exhibit severe cross-modal asymme-
try, such as fine-grained visual manipulation (CIRR) and knowledge-
based visual question retrieval (WebQA 𝑞𝑡 → 𝑐𝑡 ), WIDE outper-
forms GENIUS by 2.0 and 1.6 percentage points, respectively. Sim-
ilar substantial gains are observed in image retrieval tasks like
VisualNews (+2.8 percentage points). By deploying the AWD mod-
ule to dynamically emit wildcards and the BSR module to re-rank
candidates affected by identifier hallucinations, WIDE successfully
avoids the premature pruning of relevant retrieval paths in standard
trie-constrained beam search.

Generative retrieval often underperforms embedding-based re-
trieval because continuous representations must be compressed
into discrete identifiers, inevitably introducing quantization loss
and reducing representational capacity. As shown in Table 1, WIDE
reduces this performance gap. Without relying on exhaustive simi-
larity computation over the entire database, our framework achieves
comparable performance to BLIP-FF and CLIP-SF [35] on specific
benchmarks, including NIGHTS and EDIS. This demonstrates that
adaptive uncertainty handling can improve the effectiveness of
generative retrieval while preserving the structural advantages of
a unified prefix trie.

We also include U-MARVEL (built upon the Qwen2-VL-7B back-
bone) [18] as a strong reference for multimodal retrieval. While
U-MARVEL achieves superior performance on the benchmark, it
relies on a large multimodal foundation model with billions of
parameters, introducing a much larger computational footprint
during inference. In contrast, WIDE is built upon a lightweight T5-
small decoder. The competitive performance of WIDE against such
a heavyweight model highlights the effectiveness of uncertainty-
aware decoding as an efficient alternative to simply scaling model
size.

5.3 Ablation Study
To validate the individual contributions of the proposed compo-
nents within the WIDE framework, we conduct a systematic ab-
lation study. Table 2 reports the performance variations on four
representative datasets covering diverse cross-modal retrieval set-
tings, including MS-COCO, VisualNews, WebQA, and FashionIQ.
The baseline follows the standard generative retrieval pipeline with
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Table 1: Comprehensive Performance on theM-BEIRBenchmark. Unlike previousworks, we group the diverse task formulations
by their target modality to demonstrate the robust generalization of our method. Metrics include Recall@5 and Recall@10.

Method
Target: Image Retrieval (𝑐𝑖 ) Target: Text Retrieval (𝑐𝑡 ) Target: Multimodal (𝑐𝑖 , 𝑐𝑡 )

Query: 𝑞𝑡 𝑞𝑖 (𝑞𝑖 , 𝑞𝑡 ) Query: 𝑞𝑡 𝑞𝑖 (𝑞𝑖 , 𝑞𝑡 ) Query: 𝑞𝑡 (𝑞𝑖 , 𝑞𝑡 )
COCO VN F200K NIGHTS FIQ CIRR WebQA COCO VN F200K OVEN InfoS EDIS WebQA OVEN InfoS

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

Embedding-based Retrieval

CLIP-SF 81.1 42.6 18.0 32.0 24.4 44.6 84.7 92.3 43.1 18.3 45.5 27.9 59.4 78.7 67.6 48.9
BLIP-FF 79.7 23.4 26.1 33.0 29.2 52.2 80.0 89.9 22.8 28.9 41.0 22.4 50.9 79.8 55.8 33.0
U-MARVEL 84.4 47.3 33.6 34.2 36.4 60.7 97.1 93.5 47.3 35.1 62.5 58.3 78.8 88.5 79.4 74.7

Generative Retrieval

IRGen 50.7 – – – – – – – – – – – – – – –
GRACE 39.5 – – – – – – – – – – – – – – –
Baseline 75.5 22.2 13.3 29.0 16.3 37.2 38.4 89.3 22.2 14.9 41.5 19.7 40.0 53.3 52.1 30.8
GENIUSR 78.0 27.4 16.2 30.2 19.3 39.5 44.6 91.1 28.4 16.3 41.9 20.7 44.3 60.6 52.5 30.1
WIDE (Ours) 79.8 30.2 17.6 31.5 21.7 41.5 46.2 89.8 30.2 18.1 42.7 21.4 44.8 63.1 53.2 32.4

Table 2: Ablation Study of the WIDE Framework. Perfor-
mance is evaluated by incrementally integrating wildcard
decoding, adaptive thresholding, and re-ranking modules.
The “Fixed” variant uses an empirically tuned static entropy
threshold.

Model Variants Components COCO VN WebQA FIQ

AWD AET BSR 𝑞𝑡 → 𝑐𝑖 𝑞𝑡 → 𝑐𝑖 𝑞𝑡 → 𝑐𝑡 (𝑞𝑖 , 𝑞𝑡 ) → 𝑐𝑖

Baseline 75.5 22.2 38.4 16.3

Row 1 (Fixed 𝜏) ✓ 76.9 24.8 41.0 18.1
Row 2 (Dynamic 𝜏) ✓ ✓ 77.2 26.7 43.0 18.9
WIDE (Full) ✓ ✓ ✓ 79.8 30.2 46.2 21.7

trie-constrained beam search and does not apply any uncertainty
intervention.

5.3.1 Effectiveness of Wildcard Decoding. Row 1 of Table 2 evalu-
ates the effect of wildcard decoding using a fixed entropy threshold.
Compared with the baseline, introducing wildcard decoding consis-
tently improves retrieval performance across all four datasets, with
gains ranging from 1.4 to 2.6 percentage points. These results show
that replacing uncertain intermediate identifier generations with
wildcards can retain relevant retrieval paths that would otherwise
be prematurely pruned during trie-constrained decoding.

5.3.2 Adaptive versus Fixed Thresholding. Row 2 replaces the fixed
entropy threshold with the proposed adaptive entropy threshold-
ing module. Compared with the fixed-threshold variant, adaptive
thresholding further improves performance on all four datasets,
with gains of 0.3, 1.9, 2.0, and 0.8 percentage points on MS-COCO,
VisualNews, WebQA, and FashionIQ, respectively. This consistent
improvement indicates that a level-specific entropy criterion ismore
effective than a single fixed threshold for determining when wild-
card decoding should be activated. By assigning different entropy
thresholds to different RQ levels, AET more accurately identifies
intermediate query semantic blind spots.

5.3.3 Effectiveness of BSR. The full WIDE framework further in-
troduces BSR to re-rank the candidate pool produced by AWD and

Figure 4: Layer-wise dynamics of the adaptive entropy thresh-
old and wildcard trigger ratio.

AET. Adding BSR improves performance by 2.6, 3.5, 3.2, and 2.8 per-
centage points on MS-COCO, VisualNews, WebQA, and FashionIQ,
respectively. After wildcard decoding, candidates associated with
the same beam satisfy the same reliable identifier constraints. BSR
therefore combines generation confidence from the constrained
levels with continuous embedding similarity to distinguish these
candidatesmore effectively. The consistent gains over Row 2 demon-
strate the importance of re-ranking the expanded candidate pool
after wildcard decoding.

5.4 Analysis
5.4.1 Precision of Adaptive Uncertainty Intervention. Figure 4 illus-
trates the distribution of the dynamic entropy threshold alongside
the corresponding wildcard trigger ratio across residual levels. A
significant discrepancy in entropy exists between the shallow and
deep quantization layers. Because the adaptive threshold derives
from historical entropy statistics, this distinct upward trajectory
demonstrates that the model inherently experiences greater uncer-
tainty when generating identifiers at deeper levels compared to
shallow ones. Shallow levels capture semantics that align well with
text queries, resulting in low historical uncertainty. Deeper levels
encode details typically absent from the text, which elevates the
expected entropy boundary.
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Table 3: Wildcard Expansion Statistics of the WIDE Frame-
work. The table reports the database size |C|, the average
number of wildcarded levels, and the candidate-set size in-
duced by wildcard decoding before cross-beam aggregation
and BSR re-ranking.

Dataset Database Size |C| Wildcarded Levels Wildcard Expansion Size

Avg. |A𝑖 | Average 𝑃95 Reduction (%)

MS-COCO 24,809 1.77 1.1 1.0 99.99%
Fashion200K 201,824 1.96 21.9 34.0 99.99%
WebQA 544,457 1.90 276.8 2.0 99.95%
CIRR 21,551 1.92 55.0 3.0 99.74%
VisualNews 542,246 1.93 1,654.2 57.0 99.69%
EDIS 1,047,067 2.06 2,357.7 224.0 99.77%

Query-weighted Avg. – 1.97 1,142.7 – 99.76%

Despite the substantial increase in the entropy threshold at
deeper levels, the wildcard trigger ratio exhibits a smooth and
steady rise. This observation aligns with our fundamental design
objective that wildcard activation should not concentrate dispro-
portionately within specific architectural layers. Instead, the inter-
vention relies entirely on the dynamic gap between the real-time
predictive entropy and AET threshold. The steady trajectory of the
trigger rate confirms that the AET module effectively regulates the
decoding process. It prevents the system from emitting wildcards
prematurely while successfully ensuring that no individual layer
undergoes excessive candidate expansion.

5.4.2 Candidate Expansion under Wildcard Decoding. Table 3 ana-
lyzes the candidate expansion induced by wildcard decoding rela-
tive to the full database size |C|. Rather than measuring the final
candidate pool after aggregating all source beams, the reported
statistics characterize the candidates matched by wildcard-based
expansion while preserving the remaining identifier constraints.
Across the evaluated datasets, this local expansion retains only a
small fraction of the database, with a query-weighted reduction of
99.76%.

On average, wildcard decoding is activated at 1.97 identifier lev-
els. This relatively small number indicates that AWD modifies only
a limited portion of the identifier sequence, while the remaining
levels continue to constrain candidate matching. Consequently, un-
certain intermediate generations can be relaxed without removing
the discrete constraints provided by the rest of the identifier.

The expansion size also exhibits a strongly skewed distribution
on several datasets. For example, WebQA has an average expansion
size of 276.8 but a 𝑃95 of only 2.0, indicating that most wildcard
activations correspond to very small candidate sets, while a small
number of wildcard patterns match substantially more candidates
and increase the average. Similar behavior can be observed on CIRR,
VisualNews, and EDIS.

5.4.3 Qualitative Analysis of Retrieval Results. To comprehensively
illustrate the advantages of the WIDE framework over the base-
line, we present qualitative retrieval results in Figure 5. Specifically,
Figure 5(a) demonstrates that the framework effectively resolves
cross-modal information asymmetry by utilizing the BSR module
to compute hybrid scores, which elevates the rank of true targets
containing rich visual details absent from concise text queries. Fur-
thermore, Figure 5(b) illustrates robust candidate pool recovery. By
substituting deterministic identifier generation at highly uncertain

A man standing on a board in a body of water.

[0, 2883, 2710, 2261, 3299, 3922, 2011, 3682, 3413] [0, 2883, 2920, 346, 2138, 1235, 2225, 3640, 3802][0, 1314, 2018, 4054, 3005, 3676, 2915, 4033, 507] [0, 615, 3155, 2261, 850, 1982, 3016, 1593, 3222] [0, 615, 2764, 872, 3248, 2956, 3016, 1834, 3921]

[0, 2883, 2920, 346, 2138, 1235, 2225, 3640, 3802]

[0, 2883, 2920, [*], 2138, 1235, 2225, 3640, 3802]

[0, 2883, 2710, 2261, 3299, 3922, 2011, 3682, 3413]

[0, 2883, 2710, [*], 3299, 3922, 2011, 3682, 3413]

[0, 615, 3155, 2261, 850, 1982, 3016, 1593, 3222]

[0, 615, 3155, [*], 850, 1982, 3016, 1593, 3222]

[0, 2883, 489, 3481, 786, 3383, 1432, 2826, 3413]

[0, 2883, 489, [*], 786, 3383, 1432, 2826, 3413]

[0, 615, 2461, 2754, 2138, 3065, 303, 142, 575]

[0, 615, 2461, [*], 2138, 3065, 303, 142, 575]

A gray cat laying on the floor next to a food dish.

[0, 1944, 2996, 2469, 3302, 11, 3645, 727, 3147] [0, 1944, 2309, 787, 469, 2799, 4037, 3095, 2806] [0, 1451, 2996, 2773, 2782, 2493, 1900, 3135, 1256] [0, 1451, 1936, 925, 2989, 1565, 2713, 2986, 772] [0, 350, 2140, 1528, 3534, 3331, 3575, 345, 3062]

[0, 1944, 2309, 787, 469, 2799, 4037, 3095, 2806] [0, 1944, 2996, 2469, 3302, 11, 3645, 727, 3147] [0, 1451, 2996, 2773, 2782, 2493, 1900, 3135, 1256]

[0, 1944, [*], 787, 469, 2799, 4037, 3095, 2806] [0, 1944, [*], 2469, 3302, 11, 3645, 727, 3147] [0, 1451, [*], 2773, 2782, 2493, 1900, 3135, 1256] [0, 1944, [*], 241, 3140, 2562, 882, 3322, 3196]

[0, 1944, 2692, 241, 3140, 2562, 882, 3322, 3196]

[0, 1944, 3860, 1106, 2097, 2106, 3485, 1656, 304]

[0, 1944, [*], 1106, 2097, 2106, 3485, 1656, 304]

A woman is holding a snow board as she prepares to use it.

[0, 2428, 312, 1980, 1948, 3345, 2519, 3478, 2338] [0, 3339, 1402, 957, 3782, 3786, 422, 3118, 283] [0, 3553, 3171, 2029, 307, 3786, 2670, 3181, 2130] [0, 3553, 1555, 417, 2726, 1135, 962, 1502, 214]

[0, 2428, [*], 1980, 1948, 3345, 2519, 3478, 2338]

[0, 2428, 312, 1980, 1948, 3345, 2519, 3478, 2338]

[0, 1708, [*], 1980, 719, 2402, 1320, 3625, 512]

[0, 1708, 2103, 1980, 719, 2402, 1320, 3625, 512]

[0, 3367, [*], 2466, 1243, 2562, 2363, 2297, 2199]

[0, 3367, 3792, 2466, 1243, 2562, 2363, 2297, 2199] [0, 3367, 290, 635, 598, 4067, 946, 2112, 3916]

[0, 3367, [*], 635, 598, 4067, 946, 2112, 3916]

Mom gives her daughter a lesson in using her baseball glove.

[0, 2831, 1715, 3041, 2482, 342, 1089, 397, 2160][0, 3553, 3873, 609, 1396, 795, 1455, 2167, 3211][0, 2831, 1808, 2883, 3250, 342, 2670, 3618, 1742] [0, 3023, 3873, 3317, 3768, 3252, 3590, 3039, 627][0, 2831, 1433, 2029, 2417, 4020, 3042, 3618, 762]

[0, 2831, 1715, 3041, 2482, 342, 1089, 397, 2160]

[0, [*], 1715, 3041, 2482, 342, 1089, 397, 2160]

[0, 2831, 1808, 2883, 3250, 342, 2670, 3618, 1742]

[0, [*], 1808, 2883, 3250, 342, 2670, 3618, 1742]

[0, 275, 2391, 2466, 4094, 2748, 1358, 1867, 2266]

[0, [*], 2391, 2466, 4094, 2748, 1358, 1867, 2266]

[0, 3553, 3873, 609, 1396, 795, 1455, 2167, 3211]

[0, [*], 3873, 609, 1396, 795, 1455, 2167, 3211]

(a) (b)

(c) (d)

Figure 5: Qualitative comparison of retrieval results. For each
query, the first and second rows show the top-5 results re-
trieved by the baseline andWIDE, respectively. The numbers
below each candidate denote its discrete identifier, and the
wildcarded identifier shown for WIDE marks the levels re-
placed by “*” during wildcard decoding.

levels with wildcards, WIDE successfully retrieves ground truths
that the baseline entirely misses or ranks exceptionally low. As evi-
denced in Figure 5(c), even when the baseline already positions the
target near the top of the retrieved list, the framework further re-
fines the ranking to achieve the highest possible placement. Finally,
Figure 5(d) highlights a strong capacity for distractor mitigation in
complex scenes, where WIDE consistently prioritizes the correct
target over visually similar but inaccurate candidates.

6 Limitations
WIDE improves retrieval accuracy by expanding candidate paths at
uncertain identifier levels, which inevitably introduces additional
decoding and re-ranking overhead compared with standard trie-
constrained beam search despite the restricted wildcard activation.
The expanded candidate pool is further re-ranked using continu-
ous embedding similarity, meaning that the final retrieval stage
still partially relies on the semantic discrimination provided by
embedding-based representations. Moreover, WIDE relies on en-
tropy deviations to identify query semantic blind spots, while high
uncertainty may also arise from noisy or ambiguous queries or
insufficient decoder confidence, potentially causing unnecessary
wildcard activation.

7 Conclusion
In this paper, we revisit cross-modal generative retrieval from the
perspective of information asymmetry and identify forced halluci-
nation as an important failure mode in discrete identifier generation.
To address this issue, we propose WIDE, which introduces wildcard
inference with dynamic expansion to relax unreliable decoding
decisions and preserve alternative retrieval paths. WIDE further
incorporates a hybrid re-ranking strategy that combines reliable
generative evidence with continuous semantic similarity to dis-
tinguish the expanded candidates. Experiments on the M-BEIR
benchmark show that WIDE provides clear improvements over
existing generative retrieval methods across diverse cross-modal
retrieval tasks. Overall, our results demonstrate the effectiveness of
explicitly handling uncertainty in cross-modal generative retrieval
while retaining its discrete retrieval formulation.
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