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Abstract

Interactive Text-to-Image Retrieval (I-TIR) aims to refine
image retrieval results through natural language dialogues,
which allows users to progressively supplement or correct
their search intention across multiple rounds, enabling a
more precise and user-aligned visual search experience.
However, existing methods perform cross-modal retrieval
within a fixed multimodal feature space, mapping all di-
alogue text and images onto the same static embedding
manifold. Such static formulation easily causes seman-
tic vagueness, making it difficult to capture subtle embed-
ding shifts in the user’s updated intention for fine-grained
retrieval. To address this limitation, we propose Context-
Aware Latent Space Transformation (CAST), a lightweight
framework that dynamically transforms the common latent
space of both textual and visual representations according
to the specific evolving user’s search intention, enabling
fine-grained and adaptive semantic alignment. The core
of CAST is the Context-Aware Space Regulator (CASR),
a crucial space transformation module composed of two
key components: (1) the Context-Aware Low-Rank Pro-
jector (CLP), which learns to predict the projection di-
rection of embedding space based on the intent’s context;
and (2) the Context-Guided Modulator (CGM), which adap-
tively determines appropriate projection strength. CASR is
highly lightweight, adding negligible parameters and com-
putational overhead, and can be seamlessly integrated into
diverse I-TIR frameworks. Extensive experiments demon-
strate the effectiveness of our proposed framework, indicat-
ing that it can serve as a general, plug-and-play solution
for efficient and scalable interactive text-to-image retrieval.
Our source code is available at https://github.
com/HuiGuanLab/CAST.

1 Corresponding authors: Daizong Liu and Jianfeng Dong.
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Figure 1. Illustration of our motivation. Different from the
previous works that typically perform cross-modal matching in
one static multimodal feature space throughout all search round,
we propose to adaptively utilize multiple dynamic feature spaces
based on progressively refined user’s search intention. Each space
is expected to be more discriminative with respect to a specific
“topic” that the user is focused on in corresponding search round.

1. Introduction

Traditional text-to-image retrieval [4, 5, 8, 21, 25, 31, 38,
44, 45] typically relies on a single-round text query, where
the user must provide a complete and precise description
in one attempt to search for the target image from a large
candidate pool. However, such one-shot retrieval often de-
mands an overly detailed and comprehensive description,
which is difficult for users to formulate in one go. As a
result, the retrieval performance is usually suboptimal com-
pared to the users’ ultimate goal. To address this limitation,
Interactive Text-to-Image Retrieval (I-TIR) [13, 19, 20] has
recently been introduced. It enables multi-round interac-
tions between the user and the system, allowing the user to
iteratively refine the query, clarify intentions, and progres-
sively guide the retrieval process toward the desired image.
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Existing research on this more challenging interactive
retrieval task primarily focuses on two key aspects. First,
some studies aim to enhance the retrieval model’s accurate
understanding of dialogue content. These approaches of-
ten exploit large language models (LLMs) to reconstruct the
dialogue history, transforming redundant or ambiguous ex-
pressions into clearer, more focused queries that improve
intent comprehension [19, 32, 33]. Second, other methods
emphasize the generation of higher-quality dialogue ques-
tions. These approaches leverage LLM:s to select more dis-
criminative questions, guiding user responses to better dis-
tinguish between candidate images [19]. Despite their great
progress, these methods remain fundamentally constrained
by traditional text-to-image retrieval methods, where cross-
modal matching is performed in one static embedding space
throughout all search rounds. As illustrated in Figure 1,
they implicitly assume that the geometric relationship be-
tween textual and visual features remains fixed throughout
the dialogue. In practice, each round of user feedback in-
troduces new semantic constraints that dynamically trans-
form the retrieval focus [16, 17] . For instance, if the user
emphasizes “the color of the dog” in a particular round, a
latent space should become more discriminative with re-
spect to the color. If the feature space is not dynamically
transformed according to the evolving semantics, the model
merely reformulates queries on a fixed representation man-
ifold. This static paradigm limits the effective utilization
of contextual information, preventing the model from accu-
rately adapting to semantic changes in the dialogue, thereby
affecting the accuracy of the retrieval results.

To address the above issues, we propose Context-Aware
Latent Space Transformation (CAST), a general and ef-
ficient framework that dynamically transforms the cross-
modal latent feature space according to the evolving dia-
logue context for fine-grained semantic mining. The core of
our framework is a lightweight space transformation mod-
ule that answers two fundamental questions essential for
dynamic feature space transformation: (1) In which user-
intent semantic direction should the model refine its search?
(2) To what extent should this semantic modulation oc-
cur? To address these, we propose a context-aware space
regulator that consists of two synergistic components: (1)
CLP, which provides context-guided transformation direc-
tions through low-rank projections; (2) CGM, which adap-
tively modulates the appropriate projection magnitude. To-
gether, these components enable the multimodal feature
space to dynamically transform according to user intention,
thereby directly improving retrieval performance in multi-
round interactions. A key advantage of this design lies in
its efficiency and plug-and-play compatibility. Thanks to
its lightweight design, it can dynamically evolve semantic
space with minimal computational overhead, while estab-
lishing a general and scalable paradigm for I-TIR.

In summary, our contributions are threefold:

* We identify the limitations of existing frameworks that
operate within a static multimodal embedding space, and
we are the first to propose the use of more fine-grained dy-
namic latent space in interactive text-to-image retrieval.

* We propose CAST, which directly modulates the ge-
ometry of the multimodal space through two synergis-
tic modules: CLP learns the transformation direction,
and CGM controls the magnitude, enabling stable and
context-aware transformation of multimodal embeddings.

* CAST can be seamlessly integrated into existing I-TIR ar-
chitectures with minimal computational overhead. Exper-
iments on the VisDial benchmark demonstrate that CAST
consistently outperforms state-of-the-art methods, partic-
ularly in later dialogue rounds.

2. Related Work

Text-to-Image Retrieval. Traditional text-to-image re-
trieval [5, 6, 9, 10, 21, 25, 27-31, 38, 44] follows a single-
round matching paradigm, where the goal is to embed visual
and textual inputs into a shared semantic space and measure
their similarity through contrastive learning. Large-scale
vision-language models [15, 23, 38, 48] such as CLIP [38]
and BLIP [23] have demonstrated strong alignment capabil-
ity, enabling efficient cross-modal retrieval by comparing
the cosine similarity between image and text embeddings.
Different from the above methods relying on a static feature
space, QuARI [47] attempts to alleviate this limitation by
dynamically transforming both textual and visual features
conditioned on the query. Nevertheless, these models oper-
ate under a single-round assumption, where each query is
treated independently without contextual history. This for-
mulation limits their ability to model evolving user intent or
cumulative reasoning across dialogue rounds. In contrast,
I-TIR requires the retrieval model to continuously integrate
new information from prior exchanges, refining its under-
standing of visual semantics as the conversation unfolds.

Interactive Text-to-Image Retrieval. Recent advances
have extended I-TIR from static single-round matching to
iterative dialogue-driven refinement. Early approaches such
as ChatIR [20] and PlugIR [19] leverage LLMs to generate
discriminative questions and reformulate user interactions
into more informative textual queries, effectively guiding
the model towards fine-grained intent understanding. This
line of work emphasizes dialogue generation and linguis-
tic reformulation. A second line of research focuses on
enhancing retrieval representation and reasoning. Meth-
ods like Diffusion-Augmented Retrieval (DAR) [32] and
ImageScope [33] introduce diffusion priors or LLMs rea-
soning to enrich semantic diversity and interpretability, yet
their underlying feature geometry remains static. In con-
trast, our framework dynamically reshapes both textual and
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Figure 2. (a) A traditional interactive text-to-image retrieval framework using a static multimodal latent space for cross-modal alignment.
(b) Hlustration of our proposed context-aware dynamic latent space transformation, which aims to dynamically transform the static multi-
modal latent space into a new space according to the user’s search intention. (c) The CASR consists of two key modules: The CLP module

provides the direction for the feature space transformation, while the CGM module controls the strength of the transformation.

visual representations according to dialogue context, en-
abling continuous adaptation of the retrieval space for fine-
grained semantic alignment multi-round interaction.

Multi-round Composed Image Retrieval. Multi-round
Composed Image Retrieval (CIR) [12, 13, 16, 46] is much
relevant to our target [-TIR task, where both address re-
trieval in an iterative and multi-round setting. Their key
difference lies in the query formulation: CIR uses both text
and image, while I-TIR relies solely on text. A representa-
tive CIR work, GeneCIS [43], argues that similarity is not
static but can vary under different conditions, which aligns
with our motivation. A key difference is that GeneCIS con-
ditions the representation primarily on the query side, while
our method performs a coupled transformation that updates
both the query and the image.

3. Method

3.1. Problem Formulation

Interactive text-to-image retrieval is formulated as a con-
versational retrieval task in which a model poses ques-
tions [36, 42] and a user provides answers to progressively
refine the retrieval target. At round ¢, the dialogue history
can be expressed as:

Ht:OO7(Q17A1)a(Q2aA2)7'"a(QtaAt)7 (1)

where @); denotes the model-generated question and A;
represents the user’s natural-language response. The most
common approach is to concatenate the dialogue context

‘H. into a single textual sequence as input, and compute

retrieval scores within a static embedding space [11, 18]
shared across all rounds:
sy = sim(fr (M), f1(1)), (2)

where fr(-) and f7(-) denote the text and image encoders,
respectively, and I represents a candidate image from the
corpus.

3.2. Motivation

Despite recent progress in interactive retrieval, most exist-
ing frameworks operate within a static multimodal feature
space, assuming that the relationship between text and im-
ages remains fixed across all dialogue rounds. However, in-
teractive retrieval is inherently dynamic: each user response
provides new semantic constraints that refine and reshape
the retrieval intent. When the feature space itself remains
unchanged, these evolving semantics are merely projected
into the same embedding geometry, causing the query to
drift without truly reflecting the updated intent. As a result,
subtle contextual cues such as newly mentioned attributes
or refined object relations are easily lost in static represen-
tations. This limitation motivates a new perspective: each
dialogue round should act as a contextual modulation step
that dynamically transforms the multimodal representation
space according to the current intent context. By allowing
both textual and visual embeddings to evolve in response
to dialogue context, the retrieval system can continuously
refocus on semantically relevant regions, achieving finer-
grained alignment and more faithful modeling of user in-
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tent. Details of our pipeline are illustrated in Figure 2.

3.3. Context-Aware Space Regulator

The proposed context-aware space regulator module is the
core module of our multimodal feature space transforma-
tion. It operates in three stages: dialogue context gen-
eration, context-aware low-rank projection, and context-
guided modulation. In the first stage, we generate the di-
alogue context u; from the dialogue history, which serves
as the conditioning signal for the subsequent feature space
transformation. Then, the direction of the transformation is
controlled based on this signal, and finally, the magnitude of
the transformation is modulated accordingly. These opera-
tions work together to enable the model to adaptively adjust
the feature space in alignment with user intent.

At a high level, CASR performs a dynamic transforma-
tion of the embedding space, where features are modulated
according to the semantic condition w;. Formally, given
a feature vector x; in the original space, the reshaped one
through space transformation at round ¢ can be expressed
as:

g((Et | Ut) = LN((Et +]:({L't | Ut)), (3)

where F represents a context-conditioned transformation
function. We adopt an additive residual formulation, which
preserves the original representation while allowing the
transformation term F(x¢, u;) to inject context-dependent
semantic shifts. This residual design stabilizes training and
ensures that contextual modulations act as smooth refine-
ments rather than full replacements for the base feature.
Through this formulation, CASR continuously transforms
the multimodal feature manifold according to evolving di-
alogue semantics, achieving context-aware refinement of
both modalities. We next detail how each component con-
tributes to realizing this dynamic transformation.

Dialogue Context Generation via LLM. To ensure that
the transformation direction accurately aligns with the
user’s intent, the model requires a semantic condition that
comprehensively reflects the entire dialogue context rather
than a single utterance. We therefore reference PlugIR [19]
and introduce a dialogue context generation mechanism that
leverages an LLM. [2, 3, 35] to integrate and refine prior
dialogue rounds. By resolving ambiguities, the LLM pro-
duces a concise contextual summary serving as the semantic
condition wu; for adaptive feature-space transformation:

Cy = LLM(Ht)a Ut = fT(Ct)7 4

where u; encodes all contextual semantics up to round ¢,
providing a reliable basis for dynamic transformation of the
multimodal feature space.

Context-Aware Low-Rank Projector. The most com-
mon approach to transform the feature space is to apply a

full d x d linear transformation to map features. However,
such an operation is computationally expensive and may
distort the geometry of the original embedding space. To
achieve efficient and interpretable transformation, inspired
by prior studies [1, 14, 40, 47], we instead adopt a low-
rank conditional projection. By introducing a low-rank con-
straint, our model transforms features only along the major
directions relevant to the semantic condition wu, achieving
lightweight, stable, and direction-aware semantic transfor-
mation. We then generate two feature space projection ma-
trices conditioned on u; as:

A; = MLPA(u;) € R™", B, = MLP(u;) € R¥*",
)

where » < d is the rank constraint. To maintain numeri-

cal stability, we apply column-wise /> normalization before

computing the conditional projection as:

At o At ~ Bt

R ©)
[ A2 "B

The conditional projection is then computed as:

P(.’L‘t ‘ Ut) = (.'IftBt)A:, P(.’I}t ‘ ut) (S Rle. (7)

This operation projects z; into a compact low-rank sub-
space via B, and reprojects it through /AltT , forming a
context-conditioned directional transformation that deforms
the semantic manifold along axes defined by u;.

Context-Guided Modulator. While CLP determines the
directional transformation, we further argue that the magni-
tude of this transformation is also crucial. Excessive mod-
ulation may lead to instability, while insufficient adjust-
ment can limit the model’s capability. To achieve balanced
and adaptive control, we introduce a lightweight context-
guided modulator that dynamically scales the magnitude of
feature-space modulation based on the semantic divergence
between the initial condition u( and the current context u;.
It predicts an adaptive coefficient o € [0, 1] as:

ap = o(MLP([ug; ut])), 8)

where o(+) denotes the sigmoid activation. We then define
the modulation function introduced earlier as:

F(we | up) = ap - Plae | we), )

This formulation allows F to adaptively modulate its trans-
formation strength according to semantic divergence, en-
suring that the transformation of the feature space across
dialogue rounds is appropriate.

3.4. Dynamic Latent Space Transformation

After obtaining the context-conditioned projection and
modulation operations guided by the dialogue context u,,
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given a textual feature 7 and an image feature !, their
corresponding transformed representations are computed
as:

o =Gt [w), # =Gl |u), (10)

After modulation, retrieval is performed by computing the
cosine similarity between context-guided textual embed-
ding 2} and each candidate image representation ztI ke

T Ik

T Ik): Zt .Zt N

k )
sg):snn(zt,zt —, ey
[EIE

(1)
All candidate images {Ij} are then ranked by their con-
textual similarity scores sgk), yielding the retrieval results
for round ¢. Through this process, CASR dynamically
aligns textual and visual representations according to evolv-
ing user intent, where the low-rank projection provides
direction-aware feature space transformation and the adap-
tive gating mechanism regulates modulation strength based
on contextual divergence. Together, these components en-
sure stable yet expressive evolution of the multimodal fea-
ture space across dialogue rounds.

3.5. Training Objective

In each training batch, dialogue samples are randomly trun-
cated to different lengths and each sample contains dis-
tinct dialogue content. Under these sample-specific con-
texts, both textual and visual features are modulated accord-
ingly. We define a context-guided contrastive loss to align
the modulated text embedding z;‘F * with its corresponding
context-conditioned image embedding z{ g

1 E exp (sim(thj, Z{f)/T)
Lege = B iz:;lOg ZB

. - I
=1 €Xp (&m(ztj} y 2] )/T)

, (12)

where sim(+, ) denotes cosine similarity and 7 is a temper-
ature parameter.

Unlike conventional contrastive objectives [22, 37, 38]
that assume a single static embedding space, our formu-
lation performs alignment within a set of context-adaptive
subspaces, each dynamically modulated by its own recon-
structed dialogue condition. We introduce a lightweight
regularization on «; to ensure stable modulation and
smooth feature evolution across dialogue rounds. Overall,
this unified contrastive objective drives the model to learn a
coherent, dialogue-aware representation space that evolves
smoothly with contextual dynamics.

4. Experiments

4.1. Experimental Setup

Dataset. Following previous works [19, 20, 32, 33], all
experiments are conducted on the VisDial [7] dataset, which
is built upon COCO [26] images and serves as a standard

benchmark for I-TIR. To evaluate the generalization ability
of our method, we further adopt four dialogue variants for
evaluation: (1) ChatGPT-BLIP2 [24], (2) Human-BLIP2,
(3) Flan_Alpaca XXL-BLIP2 [41] from ChatIR [20] and
(4) ChatGPT-BLIP2 from PlugIR [19]. These dialogues
are generated through the official construction pipelines of
their respective methods, covering diverse linguistic styles
and reasoning depths [39, 46]. Note that our model is only
trained on VisDial.

Evaluation Metrics. We report Recall@K (R@1, R@5,
R@10) as the main metrics, which measure whether the
ground-truth image appears in the top-K retrieved results.
For experiments evaluating overall performance, we use the
10-round averaged Recall as the evaluation metric. We also
provide Hits performance in the supplementary material.

Baselines. We compare our approach with the retrieval
strategies adopted in several representative frameworks:
BLIP (zero-shot) [23], ChatIR [20], PlugIR [19] and Im-
ageScope [33]. For fair comparison, all models adopt the
BLIP backbone for feature extraction and text—image align-
ment. Unlike ChatIR, which optimizes BLIP using a recall-
based objective [21, 37], our approach fine-tunes BLIP un-
der a standard contrastive learning paradigm [38].

4.2. Comparison to the state-of-the-art

Quantitative Results on VisDial. Table | summarizes
the performance on the VisDial dataset, our proposed CAST
consistently outperforms the existing methods across all
metrics and dialogue rounds with clear margins. At the first
dialogue round, our method achieves an R@1 of 43.60%,
surpassing ChatIR (42.78%) and BLIP (40.31%). As the
dialogue progresses, this advantage steadily expands by the
tenth round, CAST reaches 57.56% in R@1, outperforming
ChatIR (53.15%) and PlugIR (46.61%). Unlike previous
methods that used a static feature space cross-modal sim-
ilarity computation, our proposed CAST continuously re-
shapes textual and visual embeddings in response to evolv-
ing dialogue semantics, leading to progressively refined
alignment between textual intent and visual content. Over-
all, CAST achieves best performance and exhibits an in-
creasing performance margin with dialogue depth, confirm-
ing the effectiveness of dynamic feature transformation in
interactive retrieval.

Robustness across Various Dialogue Styles. To further
examine the robustness and generalization ability of CAST,
we evaluate its performance on multiple dialogue variants
generated from the ChatIR [20] and PlugIR [19] methods.
These dialogues differ in prompting strategies, linguistic
diversity, and reasoning depth, covering a broad range of
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Table 1. Performance comparison with the state-of-the-art methods on VisDial. Note that the compared methods all utilize a static multi-
modal latent space for retrieval, while our proposed method uses dynamic latent spaces according to the dialogue context. The results

demonstrate the effectiveness of our proposed context-aware dynamic latent space for interactive text-to-image retrieval.

Metric | Method 1 2 3 4 5 6 7 8 9 10 Avg.
BLIP 40.31 38.86 36.68 3459 3328 3222 3256 3091 3023 30.09 33.97
® ChatIR 4278 43.85 45.69 47.14 4850 49.22 5039 51.26 5237 53.15 48.44 (+14.47)
= PlugIR 40.21 42.10 43.02 43.85 45.78 4695 4690 47.53 46.22 46.61 44.92 (+10.95)
E ImageScope | 32.17 33.58 33.87 32.46 31.69 3435 31.20 33.24 29.26 30.04 32.19 (-1.78)
Ours 43.60 45.59 48.35 49.76 51.89 53.39 5543 56.10 56.78 57.56 51.85(+17.88)
BLIP 61.82 59.54 5795 57.03 5543 53.59 52.81 5233 51.41 50.39 55.23
8 ChatIR 65.41 66.86 67.64 69.53 71.27 7253 7292 7393 74.13 74.56 70.88 (+15.65)
= PlugIR 63.08 64.83 66.09 67.15 67.78 6851 68.07 68.60 67.88 68.12 67.01 (+11.78)
E ImageScope | 57.46 5824 57.03 58.14 5552 5721 56.59 5630 5528 56.35 56.81 (+1.58)
Ours 66.47 68.99 71.03 73.06 74.61 76.02 76.79 78.15 78.10 79.07 74.23 (+19.00)
- BLIP 70.64 68.75 66.62 65.12 6444 6323 61.58 61.09 60.47 59.40 64.13
é‘ ChatIR 74.81 76.79 78.00 79.60 80.77 81.15 81.59 82.07 81.98 82.22 79.90 (+15.77)
5 PlugIR 7224 7374 7452 7592 7534 7645 76.41 7548 76.02 76.50 75.26 (+11.13)
3 ImageScope | 68.36 67.97 67.30 69.09 67.64 67.78 67.93 68.51 66.09 67.88 67.86 (+3.73)
= Ours 75.19 77.66 79.51 81.93 82.56 83.43 84.35 84.98 84.84 86.00 82.05(+17.92)
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Figure 3. Performance comparison using different dialogue sources. Our proposed method consistently outperforms previous works,

demonstrating its strong adaptability to various dialogue styles.

dialogue generation styles from natural conversational re-
formulations to instruction-driven interactions. As sum-
marized in Figure 3, we report the average performance
across all dialogue rounds. CAST consistently achieves the
best performance on three different dialogue sources. This
demonstrates that our framework generalizes effectively to
diverse dialogue formulations and robustly adapts its fea-
ture modulation mechanism to different contextual distribu-
tions, further validating the semantic adaptability of CAST
in interactive retrieval.

4.3. Integration with Existing Frameworks

Recall that our proposed context-aware space regulator can
be used as a plug-and-play module for existing vision-
language models. In this experiment, we integrate it into
the classical vision-language model BLIP [23] and two
representative interactive retrieval models PlugIR [19] and
ChatIR [20]. For PluglR, the retrieved images at each round

directly influence the subsequent question generation, so
we regenerate the questions accordingly. As shown in Fig-
ure 4, the performance of BLIP is the worst, as it is not
specifically designed for I-TIR. Fortunately, with the help
of our context-aware space regulator, it achieves compa-
rable performance to the I-TIR model PlugIR. The results
demonstrate the potential of our proposed module for adapt-
ing the traditional vision-language model to interactive re-
trieval. Additionally, replacing the static latent spaces with
the dynamic spaces produced by our context-aware space
regulator, both PlugIR and ChatIR achieve further perfor-
mance gain. This not only demonstrates the effectiveness
of context-aware dynamic spaces for I-TIR, but also high-
lights the plug-and-play capability of our module.

4.4. Ablation Studies

Overall contribution of CLP and CGM. Table 2 sum-
marizes the overall impact of the proposed components.
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Figure 4. Performance of different methods without or with our proposed context-aware space regulator on the VisDial dataset. Using our
proposed module consistently improves performance, showing it can be served as a plug-and-play module for enhancing I-TIR.

Table 2. Ablation study on the VisDial dataset. All results report
the 10-round averaged Recall performance.

CLP CGM R@1 R@5

R@10

X X 48.44 71.71  79.89
v X 51.04 7345 80.90
v v 51.85 7423 82.05

Table 3. Performance comparison between our proposed context-
aware space regulator and the alternative projection structures.

Avg. R@10 A vs. Ours

Projection Design

Ours 82.05 —

Single context-aware W 80.57 -1.48
Single context-agnostic W 79.18 -2.87
Multiple context-agnostic W 75.52 -6.53

Introducing the CLP significantly improves retrieval accu-
racy across all metrics. CLP introduces context-conditioned
space transformation that transforms the embedding mani-
fold along meaningful semantic directions, enabling finer
adaptation to evolving dialogue semantics. Adding the
CGM brings further improvements by adaptively control-
ling the transformation strength according to contextual di-
vergence between dialogue rounds. This adaptive mech-
anism ensures smooth and stable feature evolution while
maintaining sensitivity to major semantic shifts. Together,
CLP and CGM facilitate a progressive and coherent evo-
lution of the feature space, validating the effectiveness of
lightweight, context-aware space transformation for multi-
round interactive retrieval.

Effect of projection structure in CLP. In order to fur-
ther verify the effectiveness of our designed context-aware
low-rank projector, we compare three space transformation
methods: (1) a context-aware projector using a matrix W
without matrix decomposition; (2) a context-agnostic pro-

Table 4. Performance comparison between our context-guided
modulator and the context-agnostic counterpart using a learnable
scalar for space transformation magnitude computation.

Gating Mechanism Avg. R@10 A vs. Ours

Context-Guided Modulator 82.05 —
Learnable scalar 81.51 -0.54

jector W shared for each dialogue round; and (3) multi-
ple context-agnostic projectors W; separately for each dia-
logue round. Illustrated in Table 3, replacing the context-
aware low-rank projection with a non-decomposed context-
aware matrix W leads to a significant performance drop,
confirming the advantages of matrix decomposition. Addi-
tionally, using a shared context-agnostic projector or multi-
ple independent projectors for each dialogue round results
in further performance degradation, highlighting the impor-
tance of context awareness in dynamic feature transforma-
tion. These results demonstrate that the low-rank, context-
dependent design of CLP offers a more effective and effi-
cient way to transform the feature space.

Effectiveness of the Context-Aware Modulator (CGM).
As shown in Table 4, our context-guided modulator is bet-
ter than the context-agnostic counterpart using a learnable
scalar for space transformation magnitude computation. It
is worth noting that the context-guided modulator adap-
tively learns the transformation magnitude based on the in-
put dialogue context, while the context-agnostic one uses a
fixed scalar regardless of input context. This result high-
lights the importance of considering the input context for
transformation magnitude computation.

5. Analysis

Visualization Analysis. Figure 5 illustrates how the
model dynamically transforms the latent feature space un-
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Figure 5. T-SNE visualization shows the 100 images about the topic of dog. The red bounding box marks a sample image, with its local
region zoomed-in to illustrate space transformation. When the input dialogue context is “a black dog”, the feature space seems to be
transformed into a new space of emphasizing color distinctions. As a result, images with the “black” attribute are brought closer together in
the transformed space. Similarly, when the dialogue context is “a dog on the grass”, the space adjusts to prioritize scene, bringing images
in grassy environments closer together. This demonstrates how the input context dynamically transforms the representation of the images,
highlighting the model’s ability to adapt its feature space according to context.

der different contextual conditions. We first select the top
100 images about “dog” and visualize their embeddings us-
ing T-SNE [34]. Then, we take the sample highlighted by
the red bounding box as an example and zoom into its lo-
cal neighborhood to observe the semantic transitions more
clearly. When the input context condition is “a black dog”,
the model emphasizes the color attribute in the new trans-
formed feature space, making black dogs more semanti-
cally related and clustered together. As the condition fur-
ther evolves to “a dog on the grass”, the model highlights
the scene attribute “on the grass” causing dogs with grassy
backgrounds to become more concentrated in the embed-
ding space. This demonstrates how the input context dy-
namically transforms the representation of the images, high-
lighting the model’s ability to adapt its feature space accord-
ing to context.

Efficiency Analysis. Despite incorporating dynamic
space transformation, CAST remains extremely efficient.
Its main computational cost lies in the feature transfor-
mation step. When using a rank of r=8, CAST can
transform the features of 50,000 images in approximately
0.002 seconds without any acceleration, demonstrating
its lightweight and scalable design. This efficiency stems
from the low-rank formulation, which decomposes the
transformation into two low-rank matrix operations that
can be executed in parallel across samples. Such speed
makes CAST not only suitable for interactive settings but
also practical for large-scale retrieval systems.

6. Conclusion

In this paper, we have introduced CAST, a lightweight
framework for dynamic latent-space transformation in I-
TIR. Unlike prior methods that operate in a static multi-
modal space, CAST enables the feature manifold to trans-
form adaptively with dialogue context, achieving finer se-
mantic alignment between text and image representations.
At its core lies the CASR, which combines the CLP for
context-conditioned projection and the CGM for adaptive
control of modulation strength. Together, these modules
balance semantic flexibility and feature stability through-
out multi-round interactions. Extensive experiments show
that CAST consistently outperforms state-of-the-art meth-
ods across diverse dialogue sources. With minimal compu-
tational overhead and plug-and-play compatibility, CAST
offers a scalable solution for interactive retrieval.
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