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ABSTRACT

Modern search systems offer multiple ways for expressing infor-
mation needs, including image, voice, and text. Consequently, an
increasing number of users seamlessly transition between these
modalities to convey their intents. This emerging trend presents
new opportunities for utilizing queries in different modalities to
help users complete their search journeys efficiently. In this pro-
posal, we introduce an approach to segmenting a multimodal query
stream into missions, demonstrate how these in-mission queries can
enhance search ranking, and outline key areas for future research.
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1 INTRODUCTION

Many search systems, from web search to commercial search, now
provide multiple ways for users to articulate their information
needs, including image, voice, and text queries. An increasing num-
ber of users interchangeably rely on these services, seamlessly
switching between them to complete their tasks. For example, in
commercial search, users might start with a broad keyword query
like “Calvin Klein dress size 10” and browse the results to find a
dress that suits their style. They can then use the image of that dress
as input for a visual search to find similar items. As more users
engage in interactive and multimodal searches, it becomes crucial
to leverage signals across text, image, and voice queries within the
same mission to help users complete their shopping journeys.

In this proposal, we first address the challenges of segmenting a
multimodal query stream at an industrial scale. Next, we introduce
a ranking approach that combines multimodal in-mission signals.
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Our experiments with Amazon Visual Search demonstrate that
incorporating these signals significantly enhances result quality.
Finally, we explore various future research directions on leveraging
in-mission signals to further enhance the search experience.

2 SEGMENT QUERIES ACROSS MODALITIES

There has been prior work on segmenting a user’s query stream into
sequences of related queries. For example, He et al. [4] utilized var-
ious timeouts and overlapping terms between consecutive queries
to segment query streams. Boldi et al. [2] proposed a method that
builds a query-flow graph and uses an ML approach to identify
query chains. However, these previous works primarily dealt with
keyword queries. Additionally, some of these methods may not meet
the scalability and latency requirements for real-time applications
due to their complexity. In this proposal, we focus on a specific use
case: given a visual query (an image) and a stream of text queries,
determine which text queries belong to the same mission as the vi-
sual query. However, the approach presented here can be extended
to accommodate other combinations of query modalities.

Inspired by He et al. [4], we also consider the similarity between
queries. However, since our queries span different modalities, we
leverage recent advances in large vision-language models (LVLM)
(6,7, 9]. Specifically, we train an LVLM using an architecture similar
to Align before Fuse [7], including a text encoder, an image encoder,
and a fused multimodal encoder. The positive training data consists
of tuples of visual query, text query, clicked product image, clicked
product text, where visual and text queries might be from different
sessions but lead to the same product. Using clicked product data
allows pairing numerous visual and text queries for LVLM training.
With the model, both text and visual queries are mapped into a
common embedding space to compute a cosine similarity.

We train a logistic regression model that combines time differ-
ence and semantic similarity. For high-precision ground truth, we
sample about 1,000 visual-text query pairs issued by the same users
within 30 minutes and manually label if they belong to the same
shopping mission. Using time difference alone yields acceptable
performance (Table 1). However, combining both features signifi-
cantly enhances performance, with Average Precision improving
from 0.61 to 0.81 (+33%) and ROC AUC increasing from 0.66 to
0.78 (+18%). Note that our approach enables parallel classification
of query pairs, avoiding scanning over the query stream as in the
clustering or graph-based methods, thus keeping latency low.
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Table 1: Multimodal query segmentation performances

Average Precision | ROC AUC
Baseline 0.61 0.66
Logistic Regression 0.81 0.78

Table 2: Relative improvements of multimodal rankers over
the baseline. All of the improvements are statistically signif-
icant by paired t-tests.

MAP | NDCG@3 | NDCG@7
Explicit in-mission signals 4.4% 6.4% 5.4%
Explicit and implicit signals | 5.4% 8.0% 6.5%

3 MULTI-MODAL SIGNALS FOR VISUAL
SEARCH RANKING

Given a visual search query, such as a dress image, previous text
queries from the same mission, like "Calvin Klein dress size 10,"
provide useful context on the searcher’s intent and preferences.
These text queries can be leveraged to generate additional ranking
features to improve visual search quality. While visual match fea-
tures between the query and a product strongly predict how well
a result captures the searcher’s desired style, lexical matches can
indicate if the result meets specific requirements, such as brand
name, size, or model number. Thus, lexical and visual matches often
complement each other. Additionally, we compute the similarity
between the fused multimodal embedding described earlier and the
product embedding.

For our ranking experiment, we collect visual queries from the
Amazon Lens service preceded by at least one text query within
30 minutes. Labels for the results (products) are inferred from user
actions, as in many industrial systems [3]. If the text queries are
classified as in-mission by the segmentation model, they would be
used to generate the ranking features. Additionally, many visual
queries also contain textual content, so we apply an OCR recognizer
to extract these implicit text signals. Because raw OCR content can
be noisy (e.g., "Directions” or "Copyright"), we filter it using a query
tagging model [8] to retain only relevant tags, such as brand names,
models, and colors. These filtered texts are then matched with the
text fields on the products.

The baseline ranker uses visual match features, product qual-
ity, and popularity features. As shown in Table 2, incorporating
features from previous in-mission queries significantly improves
ranking quality: +4.4% on MAP, +6.4% on NDCG@3, and +5.4% on
NDCG@7. Adding implicit text-match features further increases
these metrics to 5.4%, 8% and 6.5%, respectively. The strong empiri-
cal improvements confirm the benefits of using multimodal signals
in visual search ranking.

4 FUTURE DIRECTIONS

Interactive searching across multiple modalities is still in its early
stages and opens up numerous intriguing opportunities. Besides
ranking, multimodal in-mission signals can be leveraged through-
out various stages of an IR system. For example, previous text
queries have been vital for query auto-completion, particularly

when the typed prefix is short or ambiguous [5]. Extending this
approach from text-only to multimodal inputs would significantly
enrich the contextual information. Similarly, during the retrieval
phase, a fused multimodal embedding combining current and pre-
vious queries can be used to perform a kNN search.

Additionally, instead of using the queries, another direction is to
utilize user actions from previous in-mission queries. Leveraging
past clicks within the same query session, a form of relevance
feedback [10], has been shown to be effective [1]. By extending this
to actions across different query sessions and modalities, we can
increase signal density and enhance overall search effectiveness.

Besides previous in-mission queries, queries issued after the cur-
rent search can be leveraged to augment log-based training data.
Typically, abandoned queries lack positive results. However, actions
from subsequent in-mission queries can infer relevant results for
abandoned queries. Since query segmentation in this context runs
offline, we can utilize more sophisticated features not feasible in
real-time processing. One useful feature is the similarity of the
result sets: if two queries, even across different modalities, belong
to the same mission, their result sets will be similar.

Another promising research direction is to learn a fused embed-
ding from a multimodal in-mission query stream that performs well
both when queries complement each other and when the user’s
intent evolves over the course of their journey. Existing LVLMs
like CLIP [9], ALBEF [7], and BLIP [6] are effective for the for-
mer but not the latter, as they treat input pairs symmetrically. It’s
important to note that intent drift—such as transitioning from an
image of Adidas running shoes to a follow-up voice or text query
"Nike"—is different from the noise in image-text pairs used to train
current LVLMs. For interactive multimodal search, the model needs
to account for the temporal order of queries, distinguish between
complementary query aspects and evolving aspects, and recognize
which source to prioritize when the user’s intent changes.
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