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Abstract

Vision-language models (VLMs) have shown strong performance on text-to-image
retrieval benchmarks. However, bridging this success to real-world applications
remains a challenge. In practice, human search behavior is rarely a one-shot action.
Instead, it is often a multi-round process guided by clues in mind. That is, a mental
image ranging from vague recollections to vivid mental representations of the
target image. Motivated by this gap, we study the task of Mental Image Retrieval
(MIR), which targets the realistic yet underexplored setting where users refine their
search for a mentally envisioned image through multi-round interactions with an
image search engine. Central to successful interactive retrieval is the capability
of machines to provide users with clear, actionable feedback; however, existing
methods rely on indirect or abstract verbal feedback, which can be ambiguous, mis-
leading, or ineffective for users to refine the query. To overcome this, we propose
GenlR, a generative multi-round retrieval paradigm leveraging diffusion-based
image generation to explicitly reify the Al system’s understanding at each round.
These synthetic visual representations provide clear, interpretable feedback, en-
abling users to refine their queries intuitively and effectively. We further introduce
a fully automated pipeline to generate a high-quality multi-round MIR dataset.
Experimental results demonstrate that GenIR significantly outperforms existing
interactive methods in the MIR scenario. This work establishes a new task with
a dataset and an effective generative retrieval method, providing a foundation for
future research in this direction '.

1 Introduction

Recent Vision-language models (VLMs) have achieved decent results on standard text-to-image
retrieval benchmarks [29, 13]. Despite this progress, transferring these capabilities into real-world
applications remains challenging. One key limitation is that real human search behavior is often not
one-shot or static; it unfolds through a sequence of actions, highlighting the necessity for interactive
information retrieval (IIR) systems [24, 32, 1, 35]. Another limitation is that users frequently initiate
a search to re-find the information they have seen before, which could be partial memory, vague
clues, or vivid recall of the target images [3, 38, 5]. To address this scenario, we define Mental Image
Retrieval (MIR) 2, where users iteratively refine their queries based on mental image (i.e., an image
in mind) to retrieve an intended image from an image database.

*Equal contribution.

'Code and data are available at https://github.com/mikelmh025/generative_ir.

’The term is inspired by the Mental Image Reconstruction task [9] and shares the definition of “mental
image”, though their study purely from Neuroscience side which is different problem from ours.
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Figure 1: Comparison of methods for Mental Image Retrieval task. Top: our generative method,
which reifies the intermediate query using an image generator model and applies image-to-image
search for retrieval. Bottom: Existing approach (ChatIR and PlugIR) which support multi-round
query improvements based on verbal feedback.

Although MIR has not been explicitly formulated as a distinct task previously, as a subset of long-
standing text-to-image IIR task [27, 5], some works have implicitly touched upon similar settings.
ChatIR [12] positions a VLM (or ideally a human) as the active searcher. Seeing the initial query from
the searcher, ChatIR uses Large Language Models (LLMs) to provide system feedback in question
format to the user solely based on the textual dialogue history. The question is then answered by
the searcher who has access to the ground-truth images (i.e., Mental Image). Next, the dialogue
history will be appended with the question-answer pair and then be used as the search query. This
implicitly positions ChatIR within the realm of MIR as a subset of interactive text-to-image retrieval
where the human searcher holds the target image in memory. However, as shown in the bottom
left of Figure 1, ChatIR has only verbal (text-based) feedback with no information from image
space, resulting in generated question-answer pairs that may be redundant or irrelevant to the query
refinement. PlugIR [11], as shown in the bottom right of Figure 1, advances this setup further
by incorporating retrieval context—text captions of retrieved images into the query generation for
subsequent rounds, aiming to produce more contextually relevant feedback and mitigate redundancy.
Nevertheless, the major challenge exists, both methods remain constrained by significant limitations
regarding feedback effectiveness. Even across multiple interaction rounds, these methods rely heavily
on indirect, verbal feedback derived solely from retrieval failures. Such feedback is often abstract and
interpretability-poor, providing users with little actionable insight or potentially misleading clues for
refining subsequent queries. In vision-language embedding spaces, such as CLIP [23], minor textual
edits can cause unpredictable changes in retrieval outcomes, making query refinement inherently
a trial-and-error process. Consequently, the feedback offered by existing conversational retrieval
approaches inadequately expresses the Al system’s current understanding and fails to directly benefit
users toward effective refinements. As ChatIR example shown in Figure 6, the verbal feedback for an
image depicting a person wearing a motorcycle helmet: “a human is not wearing a hat”. Although
literally true, such feedback fails to capture the visual salience of the helmet and may steer the user’s
refinement toward irrelevant details, ultimately misleading the search process for images containing
headwear.

Motivated by the need for more effective and interpretable system feedback, we propose GenlR,
a generative interactive retrieval paradigm designed explicitly to provide clear, interpretable, and
actionable visual feedback at each interaction turn. GenlIR employs a straightforward but powerful
iterative pipeline as shown in Figure 1: first, a text-to-image diffusion model generates a synthetic
image from the user’s current textual query; then, this synthetic image is used for retrieval from a
database through image-to-image similarity matching. Crucially, the generated synthetic image serves
as more than just a query, but acts as an explicit visualization of the system’s internal understanding



(i.e., the representation of the query in the vision-language latent space), enabling users to clearly
perceive discrepancies between their mental image and the system’s interpretation so that can refine
the query for the next round search.

Beyond its utility at inference time, GenlIR also supports dataset construction for studying MIR.
Following the common practice of using VLM to play as the human searcher [12, 11], we create an
automated pipeline based on the GenIR framework. We present a multi-round dataset with each round
consisting of a refined query, a generated synthetic image, and retrieved results with a correctness
label. Our experiments demonstrate that GenIR outperforms existing MIR baselines, highlighting
the significant advantage of using visual feedback over verbal feedback. Furthermore, our study
indicates that our GenIR annotated query can result in better retrieval performance than annotation
from ChatIR under the same retrieval setting. In summary, our contribution is as follows:

» Task: We formally define the Mental Image Retrieval (MIR) task, a subset of the multi-round
interactive text-to-image retrieval task where the searcher has the target image in mind.

* Method: We propose a novel framework, GenlR, using the generative approach to provide
intuitive, interpretable visual feedback revealing the optimization direction for user during
multi-round query refinement.

» Dataset: We release a dataset with visually grounded feedback annotation, together with a
curation pipeline which can support both MIR and general text-to-image retrieval tasks.

2 Related Works

2.1 Chat-based Image Retrieval

Conversational image retrieval, which use chat-like feedback to improve query for text-to-image
IIR has gained attention as a way to improve search performance [19]. A foundational work,
ChatlR [12], demonstrated improved retrieval accuracy through multi-round chats, where an LLM
poses questions answered by a human with target image access. ChatIR also contributed a multi-round
chat dataset and highlighted the utility of multi-round interaction for retrieval tasks. However, both
the performance of their method and the quality of the curated dataset were limited by feedback
efficiency issue (redundancy or misleading) as we discussed in Section 1. PlugIR [11] advanced this
idea by proposing a plug-and-play image captioning model to collect feedback from retrieved images.
This yielded context-aware and non-redundant verbal feedback [34]; however, both of these works
and their related subsequent works [36, 37] remain fundamentally limited in their capacity to share
nuanced visual representations with users.

In contrast, our work introduces a new modality into the loop: generated images that serve as visual
hypotheses showing the system’s understanding in the image space. Rather than relying on textual
queries alone, our method synthesizes what the system “thinks” the user wants to search, enabling
visual inspection and more precise system feedback.

2.2 Generative Image for Image Retrieval

Diffusion models have achieved great success in image reconstruction, that is, given a target image,
a text encoder is trained to output human-readable language or a latent representation as input to
the diffusion model, aiming to generate an image close to the target image [30, 31, 28]. However,
applying such models directly to MIR is non-trivial, as human users can hardly provide actual images
based on their mental images. A more feasible attempt is Imagine-and-Seek [15], which involves a
one-time process that uses an image captioning model to generate a text description from the target
image and then feeds it into a text-to-image diffusion model to generate a proxy image for retrieval.
Yet, as discussed in the section 1, this single-round approach has been proven by multiple interactive
retrieval works to be inferior in dealing with real-world applications [5, 27].

Apart from existing attempts, our approach uses image generation as a core step in the retrieval
loop itself, not merely to improve retrieval performance for the current round, but to provide visual
feedback to the user to potentially benefit the writing for the next round query. To our knowledge,
this is the first work to integrate text-to-image generation into an interactive retrieval setting, enabling
a closed-loop interaction that unifies generation, retrieval, and feedback within a single framework.



3 GenlR: Generative Retrieval with Visual Feedback

3.1 Task Formulation

We formally define the task of Mental Image Retrieval (MIR) as a subset of the text-to-image
Interactive Information Retrieval [27]. MIR inherits the nature of multi-round interaction from IIR,
while only focusing on the case where the user has an internal mental image that can not be directly
accessed by the retrieval system. From an Information Retrieval theory perspective, MIR does not
consider the Exploratory Search where a searcher has never seen the searching target [18, 32], but
focuses on Known-item Search where the searcher has seen and can recall or partially recall the target
information [33, 20, 2]. To define the task, we denote an image database N, and let '™ represent
the image that the user has in mind. The retrieval task proceeds over multiple interaction rounds
t = 1;2;:::; T. At each round, the user formulates a textual query ¢ intended to approximate the
mental representation of 1€, Based on the query G, the retrieval system returns a candidate image
If%rieve‘i 2 N. Additionally, the system provides feedback signals to the user, potentially benefiting

subsequent refinements of the query to bridge discrepancies between the retrieved candidate image
and the user’s mental image. The iterative process continues until the target image is successfully
identified or a predefined maximum number of interaction rounds is reached.

3.2 Generative Retrieval Framework
This section details the GenIR framework and the rationale behind the design as shown in Figure 1.

Query Formulation At the beginning of each interaction round t, the human user formulates a
textual query (¢ that represents their current visual intent. This query encapsulates the user’s mental
image description, which may evolve over subsequent rounds based on visual feedback provided.
Users are encouraged to include both high-level descriptions (e.g., scene type, overall composition)
and fine-grained attributes (e.g., color scheme, object details) to ensure comprehensive coverage of
their mental image.

Synthetic Image Generation Central to the GenlR framework is the image generation component,
which reifies textual queries into synthetic images. Specifically, given the user’s query (¢, an image

generator G produces a synthetic visual representation I(Si')" theti® — G(qy). This visual representation

explicitly captures the retrieval system’s interpretation of the query. Importantly, our framework is
flexible and model-agnostic, allowing the use of various generative models (e.g., diffusion models,
GAN:S, or any other generator). The key benefit of employing visual generation is that it significantly
reduces ambiguity inherent in textual communication, offering an intuitive interface for users to
identify discrepancies and refine their queries precisely.

Image-to-Image Retrieval With the synthetic image | E{)n thetic o enerated, GenIR employs image-

to-image retrieval as the core retrieval mechanism. Specifically, both synthetic and database images
are embedded into a shared visual feature space using a suitable encoder (such as the image encoder
from CLIP). Retrieval is then conducted by selecting the database image Izit)r‘eved 2 N that maxi-
mizes similarity to the synthetic image according to a visual similarity metric, commonly cosine
similarity. Formally, Iéigﬁe"ed = argmax, ¢, cosine ( @ (S,Z;] thetiey. (1 )) , where denotes the image
encoder. The use of image-to-image retrieval enhances retrieval quality by directly leveraging visual
information, thus effectively bypassing limitations associated with purely textual queries.

Feedback Loop Upon viewing the generated synthetic image I(%” thetic " the user gains valuable

insight into the system’s current interpretation of their query. This visualization allows the user to
identify discrepancies between the generated image and their mental target, such as missing elements,
incorrect attributes, or stylistic deviations. Based on this visual feedback, the user can then refine
their query, guiding the system towards a more accurate retrieval result in the subsequent round. This
iterative refinement loop continues until a stopping criterion is met, typically either a predefined
maximum number of interaction rounds or the target is retrieved. By explicitly incorporating
generative visualization as an intermediate step, GenIR makes the retrieval process interpretable,
intuitive, and highly user-centric, thereby improving overall retrieval effectiveness in interactive
retrieval setting.
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